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LLM automates thermal transport screening in
alloys, proving concept for autonomous materials
discovery.

MLIP simulations reveal dynamic conformations
of Au9 nanoclusters in MOFs, impacting catalysis.

MIT develops information theory-based MLP to
enhance metal alloy modeling accuracy.

NC State's 'Flex-Cat' autonomous lab discovers
switchable catalysts for on-demand chemical
production.

Al-generated crystals show bias towards known
prototypes, new workflow assesses structural
novelty.

Universal MLIPs need DFT fine-tuning for
accurate reactive process modeling, study finds.

Forbes highlights AI, quantum, biological, and
chemical computing convergence for scientific
discovery.

SES AI launches 'Molecular Universe' AI SaaS
platform, validated by NVIDIA, for battery
material discovery.

D-Wave develops gate-model quantum
computing platform for quantum chemistry and
materials science.

ML model predicts metallic glass critical cooling
rates with high precision using elemental/MD
features.

Interpretable ML deciphers strength-ductility
trade-off in copper alloys, streamlining design.

ML and LLM synergy uncovers HEA
electrocatalytic activity, enabling high-throughput
discovery.

Japan focuses on 'Physical AI' to enable robots to
autonomously support human workers in
manufacturing.

Mechanically constrained GNN enhances linear
static analysis of planar frame structures.

UW develops self-improving design loop for new
materials using AI-quantum computing fusion.

DeepMind's GNoME and Microsoft's MatterGen
accelerate Al-driven materials discovery,
screening millions of crystals.

ARIA framework enhances LLM reliability in 2D
material design by integrating causal reasoning.

CLOUD, a physics-informed foundation model,
revolutionizes materials property prediction for
6M+ crystals.

ML potentials accelerate quantum chemistry by
1M-fold, revolutionizing materials science.

Meta FAIR's UMA MLIP models oxygen plasma
interactions with 2D materials for semiconductor
manufacturing.

Study finds bias in universal MLIPs; iterative
fine-tuning improves accuracy for reactive
processes.
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DTU launches self-driving lab, accelerating new
materials development from decades to days with
Al/robotics.

Atinary Technologies demonstrates catalyst
optimization and safety with Al-driven
closed-loop experiments.

NUS and UofT launch $10M 'Materials Data
Foundry' to accelerate Al materials discovery.

Al-physics collaboration designs hydrogen
storage materials by optimizing lattice
architectures.

LLM and MLIP closed-loop architecture
accelerates solid electrolyte discovery for
all-solid-state batteries.

Applied Materials unveils new manufacturing
systems for DRAM and advanced packaging for AL
chips.

IBM's sub-1 nm NanoStack revolutionizes AI chip
design, boosting performance or reducing power.

Hanwha Essential localizes Al chip substrate
build-up film, challenging Japanese monopoly.

Pohang City to establish Al-driven 'K-Graphene
Foundry' for 2D material R&D; with government
support.

ASML, TSMC, imec achieve 300mm integration
for 2D material transistors, accelerating industrial
use.

ML predicts thermal properties of PHB/PHBV
materials with improved accuracy using
integrated database.

Digital twin technology transforms urban
development and manufacturing, demonstrated
by NASA MAF.

CVC analyzes 8 leading Al material development
companies, exploring investment strategies.

Frontiers launches research topic on
high-throughput AI-driven materials discovery for
high-rate batteries.

Tokyo Institute of Science develops ML
framework for sub-millisecond, high-accuracy
semiconductor parameter inference.

Lisa Pedrosa explains how 'self-driving labs' with
Al and robotics are transforming scientific
discovery.

Cen-Online details Al-driven breakthroughs and
industrial applications in catalyst discovery.

IBM Quantum promotes next-gen quantum
algorithm development for complex materials via
Quantum Credits.

Orbital Industries, 'AlphaFold for materials
science,' raises $50M for industrial tech
hardware.

Vilnius University develops next-gen quantum
simulators with multicomponent ultracold atoms.
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I Three Questions That Demand Your Decision This Week

@ Is your R&D; pipeline leveraging 1M-fold MLIP acceleration?

Machine Learning Interatomic Potentials (MLIPs) are now accelerating quantum chemistry calculations by up to
a million-fold (#32). Are your material design teams integrating these advanced potentials to outpace

competitors in new material discovery and optimization?

® How exposed is your Al chip supply chain to new 2D material breakthroughs?

ASML, TSMC, and imec achieved 300mm integration for 2D material transistors (#45), while IBM's NanoStack
pushes sub-1nm scaling (#42). Are your procurement and R&D; teams assessing the impact of these shifts on
future AI chip performance and critical material sourcing strategies?

© Are your labs adopting self-driving Al/robotics for catalyst discovery?

DTU (#35), NC State (#17), and Argonne (#05) are launching autonomous labs, drastically cutting material
development time. Is your organization investing in similar closed-loop systems to accelerate innovation and

maintain a competitive edge in chemical and materials R&D;?

I Opportunities vs. Threats for US/European Companies

Opportunity vs. Threat Matrix for US/European Companies
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® GNoME/MG Critical Rapid matl. screen Lag in discovery

MaterialsInformatics Weekly Intelligence Report | 2026-06-27 | Page 6



I Deep Dive @ — ML Potentials: 1M-Fold Quantum Chemistry

#32 | 2026/06/23 | ACS Central Science | Tech Novelty® ® ® ® ® Proximity® ® OOO Market Impact® ® ® ® ® Data
Reliabilitye ® ® ® ® US/EU Relevancco ® @ ® ®

Machine learning interatomic potentials (MLIPs) are poised to accelerate quantum chemistry calculations by
up to a million times, fundamentally transforming chemical and materials science. This breakthrough makes
large-scale materials simulations feasible, drastically improving the speed and efficiency of new materials
design by offering near-quantum accuracy at classical molecular dynamics speeds.

MLIPs learn complex potential energy surfaces from smaller, high-accuracy quantum chemistry datasets,
enabling simulations of systems with millions of atoms over extended timescales. This expands their
application to phase transitions, diffusion, reaction pathways, and mechanical properties, overcoming the
computational bottleneck of traditional quantum chemistry methods.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: The published 1M-fold acceleration is realistic for specific
computational steps, but overall R&D; cycle acceleration will depend on integration into
broader workflows. Technical barriers include ensuring MLIP transferability to novel chemical
spaces and robust uncertainty quantification. [Opportunity] for US/EU materials & component
suppliers and OEMs to drastically cut R&D; costs and time, enabling rapid iteration on new
material formulations. [Threat] for companies not adopting these tools, risking being outpaced
in innovation. Next actions: [R&D;] immediately evaluate and pilot leading MLIP frameworks
for critical material systems; [Strategy] develop a roadmap for integrating MLIPs into all
computational materials design by Q4 2026.

I Deep Dive @ — Applied Materials Boosts Al Chip Mfg

#41 | 2026/06/25 | GLOBE NEWSWIRE | Tech Novelty® ® ® ® O Proximity® ® ® ® O Market Impact® ® @ ® ® Data
Reliability® ® ® ® O US/EU Relevancco ® @ ® ®

Applied Materials has unveiled new manufacturing systems to accelerate the production of advanced 3D chip
architectures, specifically DRAM and advanced packaging, critical for next-generation AI workloads. These
systems leverage innovations in epitaxy, CMP, deposition, and eBeam technologies to boost memory speed
and efficiency while increasing Al chip production yield.

The technologies are optimized for high-density DRAM, HBM, and heterogeneous integration using chiplet
technology, enabling miniaturized, high-density chips. This directly addresses performance and cost
bottlenecks in AI hardware, enhancing processing power, reducing power consumption, and improving

reliability for data centers and HPC.
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» Strategic Analyst's Perspective

Strategic Analyst's Perspective: Applied Materials' announcement reflects a tangible,
near-market solution. The performance claims are credible given their market position and the
incremental nature of equipment improvements. Technical barriers are primarily integration
complexity and yield ramp-up for novel 3D structures. [Opportunity] for US/EU OEMs & device
manufacturers to access advanced tooling for competitive Al chip production, improving
performance and cost-efficiency. [Threat] for those reliant on older manufacturing processes or
less advanced equipment, risking a lag in Al hardware capabilities and market share. Next
actions: [Procurement] engage with Applied Materials to understand system availability and
roadmap by Q3 2026; [R&D;] assess how these new capabilities can be integrated into
next-gen Al chip designs and packaging strategies by Q4 2026.
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I Deep Dive ® — NVIDIA ALCHEMI for Materials Discovery

#06 | 2026/06/22 | NVIDIA News | Tech Novelty® ® ® ® O Proximity® ® ® ® O Market Impact® @ ® ® O Data
Reliability® ® ® ® O US/EU Relevancceo ® ® ® ®

NVIDIA has introduced ALCHEMI NIM microservices, new Al software designed to significantly accelerate
scientific discovery in chemistry and materials science. ALCHEMI specifically targets batched geometry
relaxation and molecular dynamics, enabling researchers to rapidly simulate millions of molecules and

materials to identify stable structures and track their movement over time.

This software drastically speeds up materials discovery for applications such as battery materials and
catalysts by resolving a major bottleneck in complex simulations. By leveraging GPU computing, ALCHEMI
allows for screening vast libraries of potential materials, shortening development cycles and accelerating

time-to-market across various industries.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: NVIDIA's ALCHEMI microservices are a credible and impactful
product announcement, building on their strong GPU and Al ecosystem. The acceleration
claims are realistic for computational tasks, but real-world discovery still involves experimental
validation. Technical barriers include data quality for training and the need for seamless
integration with existing R&D; workflows. [Opportunity] for US/EU R&D; engineers and
materials scientists to dramatically increase simulation throughput and explore larger design
spaces, leading to faster discovery of high-performance materials. [Threat] for competitors
who do not adopt similar GPU-accelerated Al platforms, risking slower innovation cycles. Next
actions: [R&D;] evaluate ALCHEMI NIM microservices for current simulation bottlenecks by Q3
2026; [Procurement] assess licensing and integration costs for NVIDIA's Al software stack by
Q4 2026.

I Other Notable Articles

Information Theory and Machine Learning Fusion Achieves High-Precision Alloy MLP Models for Stacking-Fault Energy and Phase Diagram Prediction
(Science Advances)

Tech Novelty® ® ® ® O Proximity® @ OOO Market Impacte @ @ OO
Novel ML approach for alloy design promises higher accuracy in predicting critical properties like
stacking-fault energy.

Reliability-Gated First-Principles Feedback Framework 'InvDesMobility' Accelerates Closed-Loop Materials Discovery with Carrier Mobility Prediction
(ResearchGate)

Tech Novelty® ® ® ® O Proximity® ® OOO Market Impact®e ® ® OO

New framework enhances reliability of AI-driven inverse materials design, crucial for semiconductors and

catalysts.

ACS Publications Reveals MACE-QEq Potential, Addressing MLIP Challenges in Long-Range Electrostatics and Charge Transfer, Boosting Accuracy for
ZnO and Water Systems (Journal of Chemical Theory and Computation)
Tech Novelty® ® @ ® O Proximity® @ OOO Market Impacte @ @ OO

MACE-QEqg potential improves MLIP accuracy for complex charge-dependent phenomena in battery and

catalytic materials.

arXiv Paper Evaluates Universal MLIPs, Finds DFT Fine-Tuning Essential for Accuracy in Reactive Processes (arXiv)
Tech Novelty® @ @ ® O Proximity ® @ OOO Market Impact® @ @ OO

Universal MLIPs require DFT fine-tuning for reliable reactive process modeling; critical for practical industrial
use.
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University of Washington Develops Self-Improving Design Loop for New Materials via AI-Quantum Computing Fusion (richardmitnick (blog))
Tech Novelty® ® ® ® ® Proximity® OOOO Market Impacte ® ® @ O

AI-quantum computing fusion creates a self-improving design loop for new materials, especially quantum

components.
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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 [Executive] Review competitive landscape for Al-driven materials discovery platforms and quantum
computing investments.

e [R&D;] Assess current MLIP integration in simulations; identify critical areas for 1M-fold acceleration
potential.

| Short-term (1 month)

e [Procurement] Evaluate potential supply chain shifts for Al chip substrates and 2D materials due to
new manufacturing processes.

e [R&D;] Pilot self-driving lab concepts for catalyst or battery material optimization, focusing on rapid
iteration.

e [Strategy] Formulate a strategy for integrating explainable AI and causal reasoning into materials
design workflows.

I Medium-long term (quarter+)
¢ [R&D;] Invest in training and infrastructure for advanced MLIPs and quantum simulation capabilities.

¢ [Business Dev] Explore partnerships with Al/robotics companies offering self-driving lab solutions or
AlI-driven material discovery platforms.

e [Legal/IP] Monitor IP developments in 2D material transistors and sub-1nm chip architectures for
future licensing or acquisition.

troy-technical.jp/en | Original curation. Article copyrights belong to respective authors. | Gemini API + Claude | 2026-06-27
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#01 Al Drives Rapid Design and Modeling of Organic

Electrochemical Energy Materials for Advanced
Batteries

Published June 18, 2026 ChemRxiv USA

| overview

Artificial intelligence is dramatically transforming the computational design and
modeling of organic electrochemical energy materials (OEEMs) through data-driven
property prediction, machine learning interatomic potentials, and generative
molecular/polymer design. This integration accelerates the discovery and
optimization of new OEEMs, from redox-active molecules to polymer electrolytes.
Such advancements are crucial for developing high-performance next-generation

energy storage devices like batteries and fuel cells.



| N DEPTH

Key Findings

The integration of artificial intelligence (Al) has significantly accelerated the
computational design and modeling of organic electrochemical energy materials
(OEEMs). Specifically, data-driven property prediction, machine learning interatomic
potentials (MLIPs), generative molecular and polymer design, and Large Language Model
(LLM)-assisted workflows are powerfully driving new discoveries and optimizations in the
OEEM field.

Technical / Clinical Details

This review comprehensively details the specific roles Al plays in OEEM design. For
instance, optimizing molecular data representations enables more accurate predictions
of material physical and chemical properties. MLIPs significantly reduce computational
costs while providing high-fidelity simulations of atomic-scale interactions compared to
traditional first-principles calculations. Generative Al aids in designing novel molecular
structures and polymers that meet specific performance requirements, efficiently
exploring vast material design spaces. LLMs support researchers by extracting relevant
information from scientific literature and experimental data, assisting in hypothesis
generation and experimental planning, thereby reducing human effort and shortening

development cycles.

Background & Context

Organic electrochemical energy materials are critical components in energy storage and
conversion technologies such as batteries, supercapacitors, and fuel cells. However, the
design and optimization of these materials have historically been challenged by the
immense chemical space and complex interactions, making traditional trial-and-error
experimental approaches time-consuming and costly. The introduction of Al offers a
powerful solution to this challenge, promising to accelerate the development of higher-

performance and more sustainable energy devices.



Strategic Significance & Outlook

While Al offers vast potential for the OEEM field, challenges remain, including
experimental data quality and reproducibility, model generality and interpretability, and
access to computational resources. Overcoming these will require enhanced
interdisciplinary collaboration between experimentalists and computational scientists,
along with the development of more robust data infrastructures and advanced Al
algorithms. This concerted effort is expected to further propel Al-driven innovation in

OEEMs, contributing significantly to global energy solutions.

Source: https://chemrxiv.org/doi/10.26434/chemrxiv.15004903

Collected: June 26, 2026 | Automated Research System (Gemini API)


https://chemrxiv.org/doi/10.26434/chemrxiv.15004903

#02 Al Model Accurately Locates Missing Hydrogen
Atoms in Crystal Structures, Enhancing Materials
Simulation Precision

Published June 19, 2026  Chemistry World (Royal Society of Chemistry) UK

| overview

Researchers have developed an Al model that accurately places missing hydrogen
atoms within inorganic crystal structures, a long-standing challenge for traditional X-
ray diffraction. This generative Al model, trained to preserve known structures while
inserting hydrogens, significantly improves the accuracy of materials simulations. The
breakthrough will accelerate the design of new materials, particularly

superconductors and catalysts, by resolving ambiguities in light atom positions.



| N DEPTH

Key Findings

Researchers have successfully developed an Al model that precisely completes inorganic
crystal structures by accurately placing missing or misplaced hydrogen atoms, which are
often difficult to detect with conventional X-ray diffraction techniques. This generative Al
model offers a groundbreaking solution to the long-standing problem of light element
positioning in materials science, thereby dramatically enhancing the reliability of

materials simulations.

Technical / Clinical Details

The developed Al model is specifically trained to logically insert missing hydrogen atoms
while respecting the constraints of known crystal structures. Traditional X-ray diffraction
methods struggle to precisely locate light elements like hydrogen due to their weak
interaction with X-rays. However, this Al model learns from existing structural data to
infer the optimal positions of hydrogen atoms, considering interatomic bonding patterns
and crystallographic environments. This capability allows for more accurate predictions
of fundamental material properties such as electronic states, lattice vibrations, and
reactivity, making it an indispensable tool for the theoretical design of new functional

materials.

Background & Context

Accurate information about atomic positions within crystal structures is paramount for
understanding material functional properties and designing new materials. In particular,
for materials involved in hydrogen bonding or proton conduction, such as fuel cell
electrolytes and hydrogen storage materials, the precise arrangement of hydrogen
atoms dictates their performance. Previous simulations and designs have been
constrained by incomplete structural information, but the advent of this Al model
significantly lowers that barrier. It is expected to have a profound impact on the design

of new materials across various fields, including superconductors and catalysts.



Strategic Significance & Outlook

This Al model has the potential to accelerate the research and development cycle in
materials science. Simulations based on more accurate structural information will reduce
the number of experimental trials and improve the efficiency of material exploration. In
the future, the application of this technology to other light elements and more complex
defect structures will contribute to the advancement of the entire materials informatics
field, fostering the creation of high-performance next-generation materials. Continuous
improvement of experimental data quality and Al models is expected to further

accelerate its practical implementation.

Source: https://www.chemistryworld.com/news/ai-model-fills-in-the-gaps-in-crystal-structures-by-

placing-missing-hydrogen-atoms/4023712.article
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#03 Tokyo Institute of Science Unveils Explainable Al
Leveraging ALIGNN and Hierarchical Clustering for
High-Accuracy Optical Spectra Prediction in Materials

Published June 24, 2026  HyperAl (via Google News) Japan

| overview

Researchers at the Tokyo Institute of Science have significantly enhanced the
interpretability of Al-driven materials predictions by combining the ALIGNN graph
neural network with hierarchical clustering. This novel method achieved high accuracy
in predicting high-dimensional optical absorption spectra across a dataset of 2,681
inorganic compounds, successfully identifying key elemental types and coordination
environments governing optical properties. This breakthrough addresses the 'black

box' problem in Al, enabling more effective and targeted materials design.



| N DEPTH

Key Findings

A research team at the Tokyo Institute of Science has developed a groundbreaking
method that significantly improves the interpretability of Al-driven materials analysis by
integrating the ALIGNN graph neural network with hierarchical clustering. This approach
demystifies the 'black box' nature of Al models, elucidating the algorithmic logic and key
factors behind predictions, particularly for high-dimensional optical absorption spectra.
Validated on a dataset of 2,681 inorganic compounds, the method achieved high
prediction accuracy and successfully identified the primary elemental types and

coordination environments governing optical absorption properties.

Technical / Clinical Details

The developed methodology first employs ALIGNN to predict material optical absorption
spectra from atomic structures. ALIGNN learns bonding patterns and structural features
in a graph format, correlating them with physical properties. By then integrating
hierarchical clustering with this predictive model, the researchers can 'visualize' how the
Al makes specific predictions based on atomic arrangements and chemical
environments. For instance, it can quantitatively demonstrate that specific optical
absorption peaks are strongly influenced by the presence of certain elements or
particular coordination structures (e.g., oxygen octahedra). This allows researchers to
understand the rationale behind Al predictions, enabling them to derive new material

design guidelines from these insights rather than blindly accepting results.

Background & Context

In materials informatics, Al has emerged as a powerful tool for predicting material
properties and exploring new materials. However, the 'black box' problem, where the
basis of Al predictions remains unclear, has been a long-standing challenge. This lack of
interpretability has been a significant barrier for researchers to trust Al suggestions and
proceed with actual experiments. The Tokyo Institute of Science's research overcomes
this challenge, dramatically enhancing the reliability and practicality of Al-generated
predictions. This is expected to enable more efficient and targeted materials design in
fields such as optical materials, semiconductors, and catalysts, contributing to reduced

development times and costs.



Strategic Significance & Outlook

This explainable Al framework holds potential for extension beyond optical absorption
spectra to predict various other material properties, such as electrical conductivity,
thermal conductivity, and mechanical strength. It is also anticipated to be applicable to
predicting material behavior under different environmental conditions. The ability to
understand 'why' an Al makes a particular prediction fosters a new synergy between
human intuition and Al's computational power, paving the way for truly innovative
material discoveries. In the future, this technology could become a core component of
autonomous materials discovery lab systems, accelerating closed-loop material

development cycles.

Source: https://www.kucoin.com/news/flash/japanese-team-develops-explainable-ai-for-high-

dimensional-material-spectra-prediction
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#04 Hugging Face Spotlights CrystalCLR and CHGNet
for Enhanced Materials Property Prediction via
Machine Learning

Published June 25, 2026  Hugging Face  USA
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| overview

Hugging Face highlights significant advancements in materials property prediction
with the CrystalCLR framework and CHGNet machine learning interatomic potential.
CrystalCLR improves material representations through contrastive learning with
crystal graph neural networks, while CHGNet models universal potential energy
surfaces, pre-trained on the Materials Project Trajectory Dataset. These innovations
deepen Al's application in materials science, enabling more accurate and efficient

materials design.



| N DEPTH

Key Findings

Hugging Face has brought attention to two pioneering technologies, CrystalCLR and
CHGNet, which epitomize the advancements in machine learning for materials science.
CrystalCLR, a contrastive learning framework leveraging Crystal Graph Neural Networks
(CGNNs), significantly enhances the accuracy of materials property prediction by
strengthening material representations. Concurrently, CHGNet (Crystal Hamiltonian
Graph neural Network) is a machine-learned interatomic potential, pre-trained on the
Materials Project Trajectory Dataset, demonstrating the ability to accurately model

universal potential energy surfaces for diverse materials.

Technical / Clinical Details

CrystalCLR boosts the robustness of material graph representations by leveraging
material-specific transformations, enabling high-accuracy predictions even with limited
labeled data, thus helping overcome data scarcity challenges in materials discovery.
CHGNet, capable of predicting interatomic forces with accuracy comparable to quantum
mechanical calculations, facilitates significantly faster and more efficient analysis of
material behavior in large-scale molecular dynamics simulations than traditional first-
principles calculations. This provides a powerful tool for understanding complex material

behaviors such as crystal stability, phase transitions, and defect dynamics in detail.

Background & Context

In materials science, there is a constant demand for discovering and designing materials
with novel functions. However, traditional experimental methods and highly accurate
first-principles calculations have been severely constrained by time and computational
costs. The introduction of machine learning offers the potential to overcome these
challenges and dramatically improve the efficiency of material exploration. Technologies
like CrystalCLR and CHGNet position Al at the core of the materials development
process, providing a foundation for rapidly designing and optimizing next-generation
high-performance materials. These innovations hold the potential to revolutionize

various industrial sectors, including battery materials, catalysts, and semiconductors.



Strategic Significance & Outlook

These technologies point towards new directions in materials informatics research.
Specifically, CrystalCLR's contrastive learning approach allows for extracting maximum
information from limited data, while CHGNet's highly generalizable interatomic potential
opens applications to complex material systems previously difficult to simulate. In the
future, as these models become more refined and integrated into autonomous materials
discovery systems and high-throughput screening processes, the development cycle for
new materials is expected to accelerate significantly, contributing to the realization of

more sustainable and innovative technologies.

Source: https://huggingface.co/papers?q=ab%20initio%20models
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#05 Argonne National Lab Launches $2.77 Million
'‘Accelerated Catalyst Design Foundry' to Hasten
Catalyst Discovery with Al and Automation

Published June 23, 2026  Lab Manager USA

| overview

Argonne National Laboratory is spearheading the $2.77 million 'Accelerated Catalyst
Design Foundry' project, integrating Al, automation, and advanced experimental
workflows to significantly accelerate catalyst discovery. The initiative aims to link
computational tools with automated lab systems, fostering a data-driven approach to
rapidly optimize catalysts for diverse industrial processes. This effort promises to

dramatically boost the efficiency of catalyst development across various sectors.



| N DEPTH

Key Findings

Argonne National Laboratory has launched the groundbreaking 'Accelerated Catalyst
Design Foundry' project with a $2.77 million investment. This initiative aims to
dramatically accelerate the catalyst discovery process by combining artificial intelligence
(Al), advanced automation technologies, and integrated experimental workflows. The
project is designed to bridge the gap between computational and experimental science,

leading to a more efficient and data-driven approach to materials development.

Technical / Clinical Details

The 'Accelerated Catalyst Design Foundry' primarily consists of several key components.
Firstly, Al and machine learning models are employed to predict and screen promising
catalyst candidates from a vast chemical space. Subsequently, these Al-driven
predictions are directly fed into automated laboratory systems, where robots rapidly and
with high throughput synthesize and evaluate the specified catalysts. Integrated
experimental workflows enable real-time data collection, analysis, and continuous
improvement of the Al models. This closed-loop system allows researchers to identify
optimal catalyst compositions and reaction conditions with significantly less time and
resources compared to traditional trial-and-error methods. For example, catalyst
development processes that historically took months to years could potentially be

reduced to weeks or months.

Background & Context

Catalysts play an indispensable role across diverse fields such as the chemical industry,
energy production, and environmental protection. However, the discovery and
optimization of new catalysts have often been time-consuming and costly processes,
posing a bottleneck to technological innovation. Al and automation are emerging as
powerful means to address this challenge. Particularly, in the quest for carbon neutrality,
the development of highly efficient catalysts for CO2 reduction and hydrogen production
is an urgent priority, and approaches like this project are key to accelerating their

solution.



Strategic Significance & Outlook

The 'Accelerated Catalyst Design Foundry' holds the potential to fundamentally
transform the paradigm of catalyst development. The insights and technologies derived
from this project will serve as a blueprint for the application of Al and automation not
only in catalyst science but also in broader materials science fields. In the future, such
automated laboratories are expected to become standard, dramatically increasing the
speed of new material discovery and optimization, and bringing transformative impacts
to diverse industries like pharmaceuticals, electronics, and energy. This will also
contribute to reducing catalyst development costs and environmental impact,

supporting the realization of a sustainable society.

Source: https://www.labmanager.com/how-automated-laboratories-are-accelerating-catalyst-discovery-

35588
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#06 NVIDIA Unveils ALCHEMI NIM Microservices to
Significantly Accelerate Chemistry and Materials
Science Discoveries with New Al Software

Published June 22, 2026  NVIDIA News USA

| overview

NVIDIA has introduced new Al software, including ALCHEMI NIM microservices,
poised to significantly accelerate scientific discovery in chemistry and materials.
ALCHEMI specifically targets batched geometry relaxation and molecular dynamics,
enabling researchers to rapidly simulate millions of molecules and materials to
identify stable structures and track their movement over time. This drastically speeds

up materials discovery for applications such as battery materials and catalysts.



| N DEPTH

Key Findings

NVIDIA has unveiled groundbreaking new Al software, including ALCHEMI NIM
microservices, paving the way for dramatically accelerated discovery processes in
chemistry and materials science. This software empowers researchers to conduct
molecular and material simulations at unprecedented scales, significantly streamlining

the identification of stable structures and the prediction of temporal behavior.

Technical / Clinical Details

The ALCHEMI NIM microservices demonstrate their power particularly in the domains of
batched geometry relaxation and molecular dynamics. Batched geometry relaxation is
the process of simultaneously searching for stable structures of numerous molecules or
materials, a task ALCHEMI can perform for millions of candidates. This capability allows
researchers to screen vast libraries of potential materials in a short timeframe, enabling
them to focus on the most promising candidates. In molecular dynamics simulations,
ALCHEMI provides essential information for understanding dynamic properties and
reaction pathways by simulating how material atoms move and interact over time. By
accelerating these complex simulations and reducing computational costs, ALCHEMI

effectively resolves a major bottleneck in materials science.

Background & Context

Advances in materials science are critical to nearly every aspect of modern society. For
example, high-performance batteries drive the adoption of electric vehicles, new
catalysts enable sustainable chemical processes, and innovative semiconductors support
next-generation computing. Traditionally, however, the discovery and design of these
materials have been resource-intensive processes, consuming vast amounts of time and
computational power. NVIDIA's GPU computing and Al technologies have offered
powerful solutions to these challenges, dramatically improving computational speed and
efficiency in materials informatics. The release of ALCHEMI is set to further accelerate this

trend.



Strategic Significance & Outlook

The advent of ALCHEMI NIM microservices holds the potential to revolutionize materials
discovery across a wide range of fields, including battery materials, catalysts, drug
development, and aerospace materials. Researchers will be able to evaluate diverse
material candidates in shorter periods and uncover previously overlooked structures or
compositions. This is expected to significantly shorten development cycles and
accelerate time-to-market. Through this software, NVIDIA aims to democratize scientific
discovery and contribute to solving pressing global challenges. In the long term,
ALCHEMI is envisioned as a core tool within autonomous materials discovery

laboratories.

Source: https://blogs.nvidia.com/blog/ai-for-science-software-cuda/
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#07 Information Theory and Machine Learning Fusion
Achieves High-Precision Alloy MLP Models for
Stacking-Fault Energy and Phase Diagram Prediction

Published June 19, 2026  Science Advances (PubMed) USA

As a library, the National Library
of Medicine (NLM) provides
access to scientific literature.

Inclusion in an NLM database
does not imply endorsement of,
or agreement with, the contents

by NLM or the National
Institutes of Health.

PublfQed®

| overview

This research introduces a novel approach that combines information theory with
machine learning to optimize the design of machine learning potentials (MLPs) for
metallic alloys. The method effectively captures alloy behavior across compositional
and structural landscapes, demonstrating higher predictive accuracy for properties
like stacking-fault energies and phase diagrams compared to existing models. This
breakthrough accelerates the efficient design and development of new alloy

materials.
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Key Findings

This pioneering research introduced a novel approach that synergizes information theory
and machine learning to optimize the design of machine learning potentials (MLPs) for
modeling the behavior of metallic alloys. This innovative methodology remarkably
effectively captures the complex behavior of alloys across their vast compositional and
structural landscapes, achieving significantly higher predictive accuracy for properties

such as stacking-fault energies and phase diagrams compared to existing models.

Technical / Clinical Details

The developed approach begins with optimizing the sampling of chemical motifs using
information theory. This ensures that the dataset used for training the MLPs efficiently
and comprehensively represents the diverse atomic environments within alloys.
Specifically, based on statistical entropy and information content, the most informative
atomic configurations and interaction patterns are identified and used as training data
for the MLPs. The trained MLPs possess the capability to describe atomic-level
interactions with high precision, which, when applied to large-scale molecular dynamics
or Monte Carlo simulations, enables the prediction of macroscopic alloy properties. The
study demonstrated that this method exhibits superior accuracy and versatility compared
to conventional techniques in predicting stacking-fault energies (a critical property
influencing the plastic deformation behavior of metals) and phase diagrams, which

illustrate the stable phase structures of alloys.



Background & Context

Metallic alloys are indispensable materials across a wide range of industrial sectors,
including automotive, aerospace, energy, and medical devices. However, the properties
of multi-element alloys are complex, and accurately predicting their behavior and
designing new high-performance alloys has been a long-standing challenge. While
traditional first-principles calculations offer high accuracy, their exorbitant computational
cost makes them impractical for large-scale materials exploration. MLPs hold the
potential to drastically increase computational speed while retaining the accuracy of
first-principles calculations, yet comprehensively modeling the extensive behavior of
alloys with diverse compositions has remained difficult. This research provides a powerful
solution to this challenge, significantly contributing to the efficiency of alloy

development.

Strategic Significance & Outlook

This approach, combining information theory and machine learning for MLP design, will
significantly accelerate the rapid discovery and development of new alloys. Its
application is particularly anticipated in fields such as high-performance structural
materials, heat-resistant alloys, and catalysts. With more efficient and accurate
predictions, researchers can reduce the number of trial-and-error experiments and focus
on more targeted materials design. In the future, this framework has the potential to be
extended to other multi-component materials and the design of more complex
functional materials, contributing to the overall advancement of the materials informatics
field.

Source: https://pubmed.ncbi.nIm.nih.gov/42319938/
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#08 arXiv Introduces MMGNN: Multi-level, Multi-color

Graph Neural Networks Decompose Molecular Graphs
for Enhanced Property Prediction

Published June 18, 2026  arXiv (via ResearchGate) USA

MMGNN announced on arXiv
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| overview

A new Multi-level, Multi-color Graph Neural Network (MMGNN) has been introduced
on arXiv, a hierarchical framework that decomposes molecular graphs into
overlapping atom-type-pair-specific subgraphs. MMGNN improves molecular
property prediction by preserving atom-level resolution and combining
representations from various chemically and geometrically ‘colored' subgraphs. This

flexible framework is applicable to graph-level classification and regression tasks.
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Key Findings

The 'Multi-level, Multi-color Graph Neural Network (MMGNN)," published on arXiv,
represents a novel hierarchical framework designed to enhance the accuracy of
molecular property prediction. MMGNN achieves this by decomposing molecular graphs
into overlapping atom-type-pair-specific subgraphs. By maintaining atom-level
resolution and integrating representations from various chemically and geometrically

‘colored' subgraphs, it learns richer, more discriminative features.

Technical / Clinical Details

At its core, MMGNN interprets complex molecular structural information as multiple
subgraphs, each 'colored’ differently based on atom types and bond characteristics. For
instance, distinct atom pairs or functional groups, such as C-C, C-O, and O-H bonds, are
extracted as unique subgraphs. These are processed individually before being integrated
into a holistic molecular graph representation. This multi-level, multi-color approach
enables MMGNN to capture subtle differences in local chemical environments and long-
range interactions that traditional GNNs, relying on a single graph structure, might miss.
Specifically, these subgraphs encode diverse chemical and geometrical features of the
molecule (e.g., aromatic rings, hydrogen bond acceptors). Consequently, MMGNN can
achieve higher accuracy and robustness in predicting a wide range of molecular

properties, including solubility, toxicity, and reactivity.

Background & Context

The ability to accurately predict the physical and chemical properties of molecules is
paramount in many fields, including drug discovery, materials science, and chemical
engineering. Graph Neural Networks (GNNs) have brought significant advancements to
this area by directly processing molecular structural information. However, GNNs
sometimes faced limitations in capturing certain types of information, such as fine local
details. Multi-level, multi-color approaches like MMGNN overcome these limitations by
incorporating more comprehensive molecular information into the model, leading to
more reliable predictions. This is expected to accelerate drug discovery timelines,
facilitate the design of new functional materials, and advance the development of

environmentally friendly chemical processes.



Strategic Significance & Outlook

The flexible framework of MMGNN is applicable to diverse tasks, including graph-level
classification (e.g., predicting whether a compound possesses a specific biological
activity) and regression (e.g., predicting the boiling point of a compound). Future
developments are expected to include validation on larger datasets, combination with
different molecular representation methods, and integration into autonomous molecular
design systems. MMGNN will be a powerful tool, especially in screening drug candidates
and designing molecules to optimize specific catalytic functions. The advancement of
this technology promises to further deepen the synergy between computational
chemistry and machine learning, fostering new discoveries in chemistry and materials

science.

Source: https://arxiv.org/html/2606.20906v1
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#09 Reliability-Gated First-Principles Feedback
Framework 'InvDesMobility' Accelerates Closed-Loop

Materials Discovery with Carrier Mobility Prediction

Published June 18, 2026 ResearchGate  USA

InvDesMobilty

| overview

This paper introduces ‘'InvDesMobility," a reliability-gated first-principles feedback
framework for closed-loop inverse materials design. Focusing on discovering
structures based on target functionality, InvDesMobility ensures that expensive first-
principles results are independently validated and admitted as feedback only when
sufficient evidence exists. It demonstrates efficiency and robustness, particularly for

predicting composite properties like carrier mobility, thereby accelerating the

materials discovery process.
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Key Findings

This research introduces a pioneering method for closed-loop inverse materials design,
utilizing 'InvDesMobility," a reliability-gated first-principles feedback framework.
InvDesMobility specifically focuses on discovering material structures based on target
functionalities. It incorporates a 'reliability gate' mechanism, ensuring that results from
costly first-principles calculations are independently validated and integrated into the
system's feedback only when sufficient evidence is present. This approach has
demonstrated its efficiency and robustness, particularly in predicting complex material

properties such as carrier mobility.

Technical / Clinical Details

The core feature of InvDesMobility is the introduction of a 'reliability gate' within the
inverse materials design loop. In conventional closed-loop systems, first-principles
calculations are performed on Al-proposed candidate materials, and the results are often
immediately used to update the Al model. However, first-principles calculations are
computationally expensive and can sometimes contain noise or errors. With
InvDesMobility, after first-principles calculation results are returned, the data is added to
the learning dataset and used to improve the Al model only if it meets predefined
reliability criteria (e.g., calculation convergence, consistency among multiple calculation
results). This 'gate’ prevents erroneous learning by the model, leading to a more robust
and reliable materials design process. In this study, InvDesMobility was applied to
optimize carrier mobility (the ease with which electrons or holes move) in semiconductor
materials. The results demonstrated that the framework can efficiently explore and
discover material structures with desired mobility properties using fewer first-principles

calculations.



Background & Context

Materials design often requires an ‘inverse design' approach, where optimal structures
are deduced from desired properties, rather than creating materials from scratch via
‘forward design.' However, the materials science search space is vast, and efficient
inverse design has been a significant challenge, especially given the high computational
cost of high-accuracy methods like first-principles calculations. InvDesMobility aims to
overcome this challenge by combining the exploratory capabilities of Al with the
precision of first-principles calculations, while eliminating wasted computational
resources. This is crucial for accelerating innovation in a wide range of fields, including

high-performance semiconductors, catalysts, and energy materials.

Strategic Significance & Outlook

Reliability-gated frameworks like InvDesMobility hold the potential to become a new
standard for closed-loop materials discovery in materials informatics. This approach will
likely be extended in the future to the discovery of materials with diverse complex
properties beyond carrier mobility, such as thermoelectric materials, superconductors,
and topological materials. By balancing the optimization of computational resources
with the improvement of Al model reliability, scientists can proceed more quickly and
confidently with the design and synthesis of innovative new materials. This contributes to

dramatically enhancing the efficiency and success rate of materials science research.

Source: https://www.researchgate.net/publication/407116634_InvDesMobility_a_reliability-gated_first-

principles_feedback_framework_for_closed-loop_materials_discovery

Collected: June 26, 2026 | Automated Research System (Gemini API)


https://www.researchgate.net/publication/407116634_InvDesMobility_a_reliability-gated_first-principles_feedback_framework_for_closed-loop_materials_discovery
https://www.researchgate.net/publication/407116634_InvDesMobility_a_reliability-gated_first-principles_feedback_framework_for_closed-loop_materials_discovery

#10 Major Manufacturers Invest Billions in Quantum
Computing to Accelerate Atomic-Level Materials R&D

Published June 24, 2026 Forbes USA

I OVERVIEW

Leading manufacturers are aggressively adopting quantum computing for materials
R&D, investing billions in atomic-level material simulations. Quantum computers offer
a unique advantage in modeling complex atomic interactions that challenge
conventional supercomputers, promising breakthroughs in drug discovery, materials
science, and battery innovation. This strategic shift aims to enhance competitiveness

in next-generation product development.
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Key Findings

Leading global manufacturers are aggressively investing billions of dollars in quantum
computing for materials research and development (R&D), recognizing its potential to
revolutionize the field. This significant shift is driven by quantum computers' unique
capability to model complex atomic interactions, which are intractable for conventional
supercomputers, promising breakthroughs in drug discovery, materials science, and

battery technology innovation.

Technical / Clinical Details

Quantum computers possess an unparalleled advantage in modeling intricate atomic
and molecular interactions that are difficult or impossible for classical supercomputers.
Material properties are deeply rooted in quantum mechanical phenomena, such as
atomic arrangements and electron behavior, allowing quantum computers to simulate
these phenomena with greater accuracy. For example, improved prediction accuracy for
molecular energy levels, electronic states, and chemical reaction pathways will accelerate
the screening of drug candidates, the design of new catalysts, and the optimization of
high-performance battery materials (e.g., electrolytes and electrode materials for lithium-
ion batteries). This approach is significantly more efficient and targeted than traditional

trial-and-error development methods.

Background & Context

The development of new materials is a fundamental source of competitive advantage in
modern industries. However, the process is often time-consuming and costly, frequently
becoming a bottleneck for technological innovation. Particularly, seamlessly
understanding and predicting material properties from the microscopic quantum level to
macroscopic characteristics has been limited by conventional computational methods.
Quantum computing is anticipated as a 'game-changer' to break through this
computational barrier, with the potential to contribute to improved product
performance, optimized manufacturing processes, and enhanced sustainability across
diverse industries like aerospace, automotive, chemistry, and healthcare. Governments
and major corporations are accelerating investments in quantum technology in

anticipation of this vast potential.



Strategic Significance & Outlook

While quantum computing is still an evolving technology, its applications in materials
R&D are already starting to yield concrete results. In the coming years, as quantum
hardware and algorithms continue to advance, more complex and large-scale material
simulations will become feasible. This holds the potential for the discovery of innovative
materials currently unimaginable, leading to the creation of new industries.
Manufacturing companies are striving to adopt this technology early and maximize its
potential to establish a competitive edge in future markets. Quantum computing may

indeed hold the key to discovering the 'holy grail' of materials science.

Source: https://qunasys.com/en/articles/20260624
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#11 ACS Publications Reveals MACE-QEq Potential,
Addressing MLIP Challenges in Long-Range
Electrostatics and Charge Transfer, Boosting Accuracy
for ZnO and Water Systems

Published June 20, 2026  Journal of Chemical Theory and Computation (ACS Publications) USA

MACE-QEQ

| overview

This research augments the equivariant Multi-Atomic Cluster Expansion (MACE)
potential with a charge equilibration (QEq) framework to address challenges in
machine-learning interatomic potentials (MLIPs) regarding long-range electrostatics
and charge transfer. The enhanced MACE-QEq potential enables self-consistent,
environment-dependent charge redistribution, demonstrating significantly improved
accuracy for systems like charged oxygen vacancies in ZnO and transferable water

potentials. This expands the applicability and reliability of MLIPs.
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Key Findings

A novel solution has been presented for the fundamental challenges of modeling long-
range electrostatics and charge transfer inherent in machine-learning interatomic
potentials (MLIPs). By integrating the equivariant Multi-Atomic Cluster Expansion (MACE)
potential with a charge equilibration (QEq) framework, this work successfully addresses
these issues, demonstrating a significant improvement in computational accuracy,
particularly for charged oxygen vacancies in ZnO and transferable potentials for water

molecule systems. This significantly expands the applicability and reliability of MLIPs.

Technical / Clinical Details

The MACE-QEq potential combines the advanced structural description capabilities of
MLIPs with the charge redistribution power of QEq, enabling it to capture dynamic
changes in charge that were difficult for conventional MLIPs. Specifically, MACE
efficiently represents local atomic environments and accurately describes short-range
interactions. In contrast, QEq incorporates a mechanism where interatomic charge
distribution self-consistently changes according to the environment, based on the
electronegativity of the system. This integration allows for more realistic simulations of
complex charge-dependent phenomena, such as charge redistribution when an oxygen
vacancy in a ZnO crystal traps electrons and becomes charged, or charge transfer during
hydrogen bond formation between water molecules. This study demonstrated that the
MACE-QEq potential can describe these systems with an unprecedented accuracy,
surpassing that of conventional MACE and other MLIPs, as confirmed by comparisons

with quantum chemistry calculations.



Background & Context

MLIPs have become indispensable tools for large-scale molecular dynamics simulations
in materials science, chemistry, and biology, as they can simulate interatomic interactions
much faster while maintaining the accuracy of first-principles calculations. However,
many MLIPs struggled to accurately handle complex charge-dependent phenomena
such as charge transfer and long-range Coulomb interactions. This limitation restricted
the applicability of MLIPs in many critical systems where the role of charge is decisive,
such as electrode/electrolyte interfaces in battery materials, catalytic active sites, and
biomolecular interactions. Hybrid approaches like MACE-QEq bridge this gap,
significantly broadening the versatility and applicability of MLIPs.

Strategic Significance & Outlook

The development of the MACE-QEq potential signals the next generation of MLIP
evolution. This technology holds the potential to bring breakthroughs in a wide range of
fields, including elucidating degradation mechanisms in electrode materials, designing
novel catalysts, and accurately reproducing pH environments in biomolecular
simulations. The ability to perform large-scale simulations with self-consistent charge
redistribution will enable more realistic predictions of material behavior under practical
conditions, contributing to the efficiency and reliability of new materials development.
This research marks an important step in further enhancing the credibility and scope of

MLIPs within the computational chemistry community.

Source: https://pubs.acs.org/doi/10.1021/acs.jctc.6c00553
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#12 SpinQ Launches Gate-Model Quantum Computing
Platform to Enhance Quantum Simulation, Accelerating
Materials Science and Drug Discovery

Published June 24, 2026  SpinQ China

| overview

SpinQ has unveiled a gate-model quantum computing platform designed to enhance
quantum simulation for chemistry and materials science. The platform emphasizes its
ability to more accurately model molecules and condensed-matter systems, aiming to
extract richer structural information from physical measurements to advance drug
discovery and materials design. It facilitates quantum error detection and correction,

supporting advanced quantum research and algorithm development.



| N DEPTH

Key Findings

SpinQ has announced a new gate-model quantum computing platform specifically
designed to significantly enhance quantum simulations in chemistry and materials
science. This platform prioritizes the ability to model molecules and condensed-matter
systems with unprecedented accuracy, aiming to extract richer, more detailed structural
information from physical measurements to facilitate groundbreaking advancements in

drug discovery and materials design.

Technical / Clinical Details

SpinQ's gate-model quantum computing platform enables precise control of qubits,
supporting the implementation of more complex quantum algorithms. One of the
platform's key benefits is its ease of quantum error detection and correction. This
enhances computational reliability, making large-scale and high-precision quantum
simulations practical. Particularly in materials science, accurately describing interatomic
interactions and electron states quantum mechanically is essential for predicting material
properties (e.g., superconductivity, catalytic activity, light absorption characteristics). This
platform accelerates these quantum simulations, executing them at scales impossible for
conventional classical computation, thereby dramatically expanding the exploration
space for new material candidates. In drug discovery, it contributes to a more accurate
understanding of protein folding and drug-target binding mechanisms, improving the

efficiency of new drug development.

Background & Context

Quantum computing, with its explosive computational potential, has long been
considered a 'holy grail' in fields such as chemistry, materials science, and
pharmaceuticals. Classical computers face exponential computational costs when
simulating the quantum mechanical properties of molecules and materials, limiting the
scale and complexity they can handle. However, quantum computers, by leveraging
properties like superposition and entanglement of qubits, can perform these calculations
more efficiently. SpinQ's new platform represents a significant step towards applying this
‘quantum advantage' to real-world problem-solving as quantum hardware and software

mature.



Strategic Significance & Outlook

SpinQ's gate-model quantum computing platform will accelerate innovative research
and algorithm development across a wide range of areas, including quantum chemistry,
molecular R&D, catalyst development, and energy systems. The facilitated quantum error
correction paves the way for fault-tolerant quantum computers, enabling more reliable
and practical quantum applications. In the future, this platform is expected to contribute
to the discovery of new drugs, the creation of high-performance novel materials, and the
development of more efficient energy solutions, expanding the frontiers of science and
technology. This reaffirms the critical importance of quantum computing in global

technological competition.

Source: https://www.spinquanta.com/news-detail/quantum-computing-use
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#13 U.S. Department of Energy (DOE) Partners with
Microsoft to Leverage Al for Battery Electrolyte and
Clean Energy Material Discovery

Published June 22, 2026  OSTI (Office of Scientific and Technical Information) USA

| overview

The U.S. Department of Energy (DOE) is actively advancing its Al innovation
ecosystem, collaborating with Microsoft to identify new battery electrolyte materials
through foundation models. Concurrently, DOE is accelerating clean energy material
discovery via automated labs like Berkeley Lab's A-Lab, which employs Al-guided
robots. This initiative promises significant advancements in energy storage

technologies and sustainable energy solutions.
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Key Findings

The U.S. Department of Energy (DOE), in its active pursuit of an Al innovation ecosystem,
is collaborating with Microsoft to utilize foundation models for the identification of novel
battery electrolyte materials. Furthermore, DOE supports the development of automated
labs, such as Berkeley Lab's A-Lab, which employ Al-guided robots to accelerate the

discovery of clean energy materials, aiming for groundbreaking advancements in energy

storage and sustainability.

Technical / Clinical Details

DOE's Al innovation strategy involves the fusion of cutting-edge computational tools
with experimental automation. In collaboration with Microsoft, large-scale foundation
models learn from vast chemical datasets and physical laws to predict properties of new
electrolyte candidates or propose previously overlooked molecular structures. This
dramatically improves the efficiency of materials exploration compared to traditional
trial-and-error approaches. Automated labs, exemplified by Berkeley Lab's A-Lab, utilize
Al algorithms to optimize experimental parameters in real-time, while robots
autonomously perform material synthesis, characterization, and data collection. This
closed-loop automation can accelerate the materials discovery cycle by several to tens of

times, while minimizing human intervention.

Background & Context

The transition to clean energy is a global imperative for addressing climate change and
ensuring energy security. This necessitates the development of more efficient, safe, and
cost-effective energy storage materials, particularly battery electrolytes and catalyst
materials. However, the discovery and optimization of these materials have historically
been complex, time-consuming, and costly processes. Al and automation are expected
to be powerful tools to accelerate this process and overcome bottlenecks in new
materials development. DOE's initiatives are part of a national strategy to strengthen U.S.

scientific and technological competitiveness and expand the energy frontier.



Strategic Significance & Outlook

These DOE initiatives are poised to have a revolutionary impact on the discovery and
development of clean energy materials. The combination of Al with Microsoft's
foundation models will accelerate the realization of next-generation batteries with higher
energy density, longer cycle life, and improved safety, for example. The proliferation of
automated labs will reduce R&D costs and quicken the pace of new discoveries, creating
ripple effects across other clean energy sectors such as solar power, hydrogen fuels, and
carbon capture technologies. In the future, Al is expected to become the 'brain’ of the
entire scientific discovery process, contributing to the solution of humanity's most

challenging scientific problems.

Source: https://www.osti.gov/pages/servlets/purl/3374402
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#14 LLM Automates Thermal Transport Screening in
Co-Cr-Ni Medium-Entropy Alloys, Proving Concept for
Autonomous Materials Discovery Workflow

Published June 23, 2026 ChemRxiv USA

| overview

This study presents a reproducible, closed-loop workflow integrating a Large
Language Model (LLM) decision module with molecular dynamics simulations to
automate thermal transport screening in Co-Cr-Ni medium-entropy alloys. The LLM
guides new composition selection based on a scalar thermal score, demonstrating a
proof-of-concept for autonomous materials discovery. This innovation promises to

enhance efficiency in materials research.



| N DEPTH

Key Findings

This research has developed a groundbreaking, reproducible closed-loop workflow that
integrates a Large Language Model (LLM) as a decision module with molecular dynamics
simulations. This system enables automated screening of thermal transport properties in
Co-Cr-Ni medium-entropy alloys, where the LLM autonomously guides the selection of
new alloy compositions based on a scalar thermal score. This serves as a proof-of-
concept for an autonomous materials discovery workflow, holding the potential to

dramatically improve the efficiency of materials science research.

Technical / Clinical Details

The workflow automates the materials discovery process by combining Al's inferential
capabilities with the rigor of physical simulations. First, molecular dynamics simulations
are performed for specific compositions of Co-Cr-Ni medium-entropy alloys to calculate
their thermal transport properties (e.g., thermal conductivity). This result, represented as
a scalar thermal score, is then provided to the LLM. The LLM, leveraging past simulation
data, known materials science principles, and an objective function (in this case, high
thermal conductivity), infers and proposes the next optimal alloy composition to explore.
This LLM-guided exploration strategy is significantly more efficient in navigating the
materials space compared to conventional exhaustive screening or human intuition-
based methods. The system operates as a 'closed-loop,' autonomously repeating the
cycle of exploration, simulation, learning, and decision-making, enabling efficient

discovery of materials with target properties without human intervention.



Background & Context

Medium-entropy alloys (MEAs) are known for their excellent mechanical properties and
corrosion resistance, attracting attention in fields such as aerospace, energy, and
automotive. However, their compositional space is vast, making it extremely challenging
to identify MEAs with target properties using traditional trial-and-error approaches.
Thermal transport properties are critical for many applications, including high-
performance engine components and heat exchangers. The introduction of LLMs is
expected to be a powerful tool for bridging the 'big data' and 'complex knowledge' in
materials science, given their ability to integrate complex scientific knowledge and guide
exploration processes. This research demonstrates a concrete application of LLMs in

materials informatics, proving their practical utility.

Strategic Significance & Outlook

This proof-of-concept for an LLM-guided closed-loop molecular dynamics screening
workflow represents a crucial step towards the future of autonomous materials
discovery. In the future, it is expected to be applied not only to thermal transport
properties but also to the screening of other multifunctional material properties such as
mechanical strength, corrosion resistance, and electronic properties. Further
advancements in LLM inferential capabilities and integration with diverse physical
simulation tools will enable the design and optimization of even more complex material
systems. This technology holds the potential to dramatically shorten the development
lead time for new materials, contributing to the creation of more sustainable and high-

performance material solutions.

Source: https://chemrxiv.org/doi/full/10.26434/chemrxiv.15005077/v1
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#15 MLIP Enhanced Sampling Simulations Uncover
Dynamic Conformations and Catalytic Implications of
Au9 Nanocluster Confined in UiO-66-NH2 MOF

Published June 22, 2026 ChemRxiv USA

| overview

This research meticulously investigated the structural and dynamic behavior of an Au9
nanocluster confined within a UiO-66-NH2 MOF using machine learning interatomic
potential (MLIP)-driven enhanced sampling simulations. By combining ab initio
molecular dynamics and well-tempered metadynamics, a reliable MLIP was
constructed, providing novel insights into the confinement-induced fluxionality and
catalytic implications of the nanocluster's conformations. This method deepens the

understanding of nanomaterial behavior within MOFs.



| N DEPTH

Key Findings

This research meticulously elucidated the structural and dynamic behavior of an Au9
nanocluster confined within a UiO-66-NH2 Metal-Organic Framework (MOF) through an
innovative approach: machine learning interatomic potential (MLIP)-driven enhanced
sampling simulations. By integrating ab initio molecular dynamics with well-tempered
metadynamics, the methodology enabled the construction of a highly reliable MLIP,
yielding crucial new insights into the confinement-induced fluxionality of the nanocluster

and its significant catalytic implications.

Technical / Clinical Details

The study began by generating a high-precision dataset using first-principles (ab initio)
calculations to describe the initial interactions between the MOF and the Au9
nanocluster. Based on this dataset, an MLIP was trained, allowing for atomic-scale
interactions to be simulated much faster while maintaining quantum mechanical
accuracy. This MLIP was then combined with well-tempered metadynamics, an enhanced
sampling technique, to efficiently explore various metastable dynamic structures of the
nanocluster and the conversion pathways between these structures, which are often
difficult to access with conventional molecular dynamics simulations. Specifically, the
research revealed how the Au9 nanocluster ‘changes shape' within the MOF pores and
how these dynamic structural changes influence catalytic reactions. This suggests that
the confinement effect can impact the exposure and stability of the nanocluster's active

sites, potentially enhancing catalytic performance.

Background & Context

Metal nanoclusters have garnered significant attention across diverse fields like catalysis,
sensors, and electronic devices due to their high surface area and unique electronic
properties. Confining nanoclusters within porous materials like MOFs is known to
enhance their stability, prevent aggregation, and even induce selective catalytic
reactions. However, understanding the dynamic behavior of nanoclusters in complex
environments like MOFs and its impact on catalytic performance at the atomic level has
been extremely challenging, both experimentally and computationally. The MLIP-driven
enhanced sampling developed in this study overcomes this challenge, providing a new

computational foundation for designing high-performance MOF-based nanocatalysts.



Strategic Significance & Outlook

This MLIP-driven enhanced sampling simulation holds the potential to become a
general-purpose tool for elucidating molecular dynamics not only for nanomaterials
confined in MOFs but also for catalysts on other supports and biomolecular complexes
in complex environments. More efficient and accurate simulations will enable researchers
to more rapidly derive design guidelines for optimal nanolayer structures for specific
reactions and for confinement environments that maximize their catalytic activity. This
will contribute to accelerating innovation in a wide range of application areas, including
clean energy technologies, fine chemical synthesis, and environmental remediation. In
the future, this method is expected to be integrated into autonomous materials

discovery systems for the automated design of novel high-performance catalysts.

Source: https://chemrxiv.org/doi/10.26434/chemrxiv.15005010
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#16 MIT Develops Information Theory-Based MLP to
Significantly Enhance Metal Alloy Behavior Modeling
Accuracy

Published June 19, 2026 MIT News USA

| overview

MIT researchers have developed a novel framework for modeling metallic behavior
using machine learning potentials (MLPs) trained on datasets that efficiently capture
diverse atomic environments in chemically disordered materials, leveraging
information theory. This approach significantly enhances the reliability and accuracy
of materials simulations, particularly improving physical predictions for new alloy
designs. It promises cost reductions and increased efficiency compared to traditional

experimental methods.
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Key Findings

A research team at the Massachusetts Institute of Technology (MIT) has developed a new
framework for modeling the behavior of metal alloys using machine learning potentials
(MLPs), by leveraging principles of information theory to efficiently sample chemical
patterns. This groundbreaking approach dramatically improves the reliability and
predictive accuracy of materials simulations by training MLPs on datasets that
comprehensively represent the diverse atomic environments found in chemically
disordered materials, thereby accelerating the design process for new alloys where

traditional experimentation is costly.

Technical / Clinical Details

The new framework begins by applying information theory (specifically, the concept of
entropy) to identify the most informative atomic configurations and chemical motifs
from a given alloy system's chemical space. This ensures that the training dataset for the
MLPs efficiently possesses the diversity and representativeness required for accurate
material behavior prediction. In conventional MLP development, creating the training
dataset often constitutes a bottleneck, with its comprehensiveness largely determining
model accuracy. The MIT approach optimizes this data selection process, enabling the
construction of more robust MLPs with fewer computational resources. The trained MLPs
accurately describe interatomic interactions, and when applied to large-scale simulations
like molecular dynamics, they can rapidly and precisely predict macroscopic behaviors of
alloys, such as mechanical properties, thermal properties, and phase stability. This allows
for much quicker exploration, for example, of alloys with specific strength and ductility
combinations or prediction of phase transformations at certain temperatures, far faster

than experimental methods.



Background & Context

Metal alloys are indispensable high-performance structural materials in many core
industries, including aerospace, automotive, energy, and defense. However, predicting
the complex behavior of alloys with multiple elements and finding optimal compositions
for specific applications has been a long-standing scientific and engineering challenge.
Traditional experimental approaches are expensive and time-consuming, making
exhaustive exploration impractical. Meanwhile, atomic-scale simulations like first-
principles calculations offer high accuracy but incur enormous computational costs.
Machine learning is seen as a powerful tool to overcome these challenges, but efficient
data sampling methods for building reliable MLPs were needed. MIT's research fills this

critical gap, proving key to resolving bottlenecks in materials development.

Strategic Significance & Outlook

This information theory-based MLP modeling framework holds the potential to
dramatically accelerate the discovery and optimization rate of new metal alloys. With
more accurate and efficient materials simulations, researchers can focus on designing
materials that meet specific requirements, such as lightweight high-strength alloys, heat-
resistant alloys, and corrosion-resistant alloys. This will lead to substantial reductions in
development time and cost, speeding up the market introduction of new products.
Furthermore, this approach is applicable to the design of multi-component materials
beyond metal alloys, and is expected to contribute to the overall advancement of the
materials informatics field. Future materials development will increasingly be data-driven
and rapid, driven by the fusion of intelligent data utilization and high-performance Al

models.

Source: https://news.mit.edu/2026/better-way-to-model-metal-alloys-behavior-0619
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#17 North Carolina State University Unveils 'Flex-Cat'
Autonomous Chemistry Lab, Discovering Catalysts That
Can Switch Products On-Demand via Al and Robotics

Published June 24, 2026  North Carolina State University News  USA

| overview

Researchers at North Carolina State University have developed Flex-Cat, a self-driving
chemistry lab integrating robotics, high-pressure chemical reactors, automated
analysis, and Al. This autonomous system not only identifies high-performing
catalysts but also discovers those capable of switching between different products by
adjusting reaction conditions. Flex-Cat accelerates catalyst discovery for industrial
chemicals like aldehydes, significantly enhancing flexibility and efficiency in chemical

production.
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Key Findings

A research team at North Carolina State University has announced the development of
'Flex-Cat,' an autonomous chemistry lab. Flex-Cat is a system that combines robotics,
high-pressure chemical reactors, automated analysis, and Al to not only discover high-
performing catalysts but also identify innovative catalysts capable of switching the
produced chemicals on demand. This breakthrough accelerates catalyst discovery for
industrial chemicals like aldehydes, dramatically improving flexibility and efficiency in

chemical synthesis.

Technical / Clinical Details

Flex-Cat operates as a fully automated, closed-loop materials discovery system. First, Al
algorithms propose promising catalyst candidates and reaction condition combinations
based on historical data and chemical principles. Next, robotic arms autonomously
synthesize these candidates and execute reactions in dedicated high-pressure chemical
reactors. After the reaction, automated analytical instruments identify products in real-
time and evaluate their performance. This data is fed back into the Al model to generate
new hypotheses for the next experimental round. Particularly noteworthy is the ability to
discover 'switchable' catalysts. These are catalysts that can intentionally alter the
chemical products (e.g., different types of aldehydes) simply by changing specific
reaction conditions (e.g., temperature, pressure, reactant ratios). Such catalysts can
produce multiple products on a single manufacturing line, greatly enhancing production

efficiency and market responsiveness.

Background & Context

In the manufacturing of chemical products, catalysts are crucial in determining process
efficiency, selectivity, and sustainability. However, the discovery and optimization of new
catalysts have typically been time-consuming, costly trial-and-error processes, forming a
bottleneck for innovation in the chemical industry. The concept of autonomous labs, by
integrating Al and robotics, aims to resolve this bottleneck and enable faster and more
efficient R&D. Catalysts that can flexibly respond to market demand and supply chain

fluctuations are becoming increasingly valuable in modern manufacturing.



Strategic Significance & Outlook

Autonomous chemistry labs like Flex-Cat hold the potential to fundamentally transform
R&D not only in catalyst science but also in other materials science fields such as
pharmaceuticals, polymers, and energy materials. Catalysts capable of switching
products on demand will enable high-mix, low-volume production and rapid production
adjustments to respond to supply chain disruptions, introducing new business models
for the chemical manufacturing industry. In the future, as such systems further evolve to
autonomously explore more complex reactions and unknown chemical spaces, they are
expected to discover groundbreaking materials and processes that contribute to solving
environmental and resource challenges faced by humanity. This marks a significant step

in the future of chemical research.

Source: https://engr.ncsu.edu/news/2026/06/24/self-driving-chemistry-lab-discovers-catalysts-that-can-

switch-products-on-demand/
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#18 arXiv Presents Structural Novelty Analysis for Al-

Generated Crystals, Reveals Bias Towards Known
Prototypes

Published June 23, 2026 arXiv USA

| overview

A new workflow for assessing the structural novelty of inorganic crystals generated by
Al models has been published on arXiv. The study evaluates whether Al-generated
crystals are duplicates, reproducible via elemental substitution, or truly novel. Findings
indicate that a significant portion of chemically valid and metastable generated
crystals are often duplicates or substitution-derived, showing a bias towards known

structural prototypes and highlighting challenges for current generative Al models.
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Key Findings

A study published on arXiv introduced a novel workflow for objectively evaluating the
structural novelty of inorganic crystals generated by Al models. This analysis revealed a
crucial insight: a significant portion of the chemically valid and metastable crystals
generated by Al are either duplicates of existing structural prototypes or derivatives
through elemental substitution. This suggests an inherent challenge for current

generative Al models in creating truly novel materials.

Technical / Clinical Details

The developed workflow primarily consists of three steps. First, Al-generated candidate
crystal structures are checked for duplication against structures in known crystal
databases (e.g., Materials Project, ICSD) using standard structural comparison algorithms.
Second, for structures determined not to be duplicates, the possibility of elemental
substitution is systematically explored. This involves verifying whether known structures
can be reproduced by replacing elements at atomic sites in the generated structure with
analogous elements from the periodic table. For example, if a generated crystal is
recognized as an existing structure where a specific element has been replaced by
another, it is categorized as 'substitution-derived." Structures that are not classified as
known or substitution-derived after these steps are deemed to possess true 'structural
novelty.' The results of this rigorous analysis showed that, contrary to claims of novelty,

many Al-generated crystals exhibit high similarity to known structures.

Background & Context

Generative Al is gaining attention as a powerful tool with the potential to explore
previously untapped molecular and materials spaces and discover innovative structures
in drug discovery and materials science. However, discerning whether structures
presented by Al as 'new' are genuinely scientifically novel or merely variations of existing
knowledge has always been a significant challenge. This evaluation of 'novelty' is crucial
for preventing the wasteful use of research resources and focusing on truly valuable
discoveries. This research provides an objective and systematic evaluation method for
this challenge, making the development of generative Al in materials informatics more

rigorous.



Strategic Significance & Outlook

This structural novelty analysis workflow will serve as an important benchmark for future
generative Al model development. It suggests that researchers need to focus on
improving Al algorithms to reduce bias towards known structural prototypes and
generate more diverse and genuinely novel materials. In the future, this analytical
method might be integrated into generative Al models themselves, allowing for real-
time novelty assessment during the design process and more efficient exploration of
innovative materials. This is expected to strengthen the foundation for Al to act as a true

game-changer in materials science.

Source: https://arxiv.org/abs/2606.23166
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#19 arXiv Paper Evaluates Universal MLIPs, Finds DFT
Fine-Tuning Essential for Accuracy in Reactive
Processes

Published June 23, 2026 arXiv USA
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| overview

A new arXiv study evaluated five universal machine-learning interatomic potentials
(MLIPs) for quantitative materials modeling involving reactive events. It revealed that
while universal MLIPs are becoming general-purpose tools, their zero-shot
performance for reactive processes is often unreliable. The research demonstrated
that fine-tuning with a limited number of DFT calculations significantly improves MLIP

accuracy for specific material systems, providing crucial guidance for practical MLIP

implementation.



| N DEPTH

Key Findings

This research, published on arXiv, conducted a comprehensive evaluation of five
universal machine-learning interatomic potentials (MLIPs) in quantitative materials
modeling involving reactive events. A key finding was that while universal MLIPs are
evolving into general-purpose tools applicable across a broad range of chemical
systems, their 'zero-shot' performance (predictive accuracy for systems not explicitly in
the pre-training data) in chemical reaction processes often lacks reliability. However, the
study conclusively demonstrated that localized fine-tuning with a limited number of
Density Functional Theory (DFT) calculations is indispensable for dramatically enhancing

the predictive accuracy of MLIPs for specific material systems.

Technical / Clinical Details

The study selected model systems with various elemental combinations and crystal
structures (e.g., adsorption on metal surfaces, molecular dissociation, initial stages of
crystal growth) and calculated atomic forces, energies, and structural stabilities using the
evaluated universal MLIPs (e.g., MACE, NequlP). The performance of these MLIPs was
assessed by comparing their predictions against results from high-accuracy DFT
calculations. The findings indicated that for reactive processes involving complex bond
formation or dissociation, universal MLIPs often struggle to provide sufficiently reliable
predictions. This is likely due to the fact that the datasets used to train universal MLIPs
do not fully cover the diversity of specific reaction pathways or transition states.
However, it was discovered that by using these universal MLIPs as 'base models' and
fine-tuning them with a small amount of additional DFT calculation data specific to the
target material system, their predictive accuracy significantly improved. This fine-tuning
leverages the extensive knowledge of the universal model while specializing it to the fine

chemical features and reaction pathways of a particular material.



Background & Context

MLIPs have become essential tools for large-scale molecular dynamics simulations in
materials science, chemistry, and physics, as they can significantly reduce computational
costs while maintaining the accuracy of traditional first-principles calculations. The
development of 'universal' or ‘general-purpose’ MLIPs, in particular, aims to apply
models across a wide range of systems rather than limiting them to specific materials,
holding the potential to dramatically accelerate materials discovery. However, balancing
generality and accuracy has always been a challenge, with limitations becoming apparent
especially for complex phenomena like chemical reactions. This research suggests a
crucial strategy for the practical utilization of universal MLIPs: a hybrid approach of

‘universal model + localized fine-tuning.’

Strategic Significance & Outlook

These research findings provide important guidelines for future MLIP development and
application. Researchers will need to consider not only the zero-shot performance of
universal MLIPs but also their ease of fine-tuning for specific applications. In the future, it
is possible that more sophisticated closed-loop materials discovery workflows will be
realized, where universal MLIPs act as 'configuration-space generators,' guiding the
creation of the small amount of DFT calculation data needed for precise modeling of
specific materials. This is expected to further enhance the efficiency and reliability of
materials discovery in computational chemistry, accelerating innovation in a wide range

of fields such as battery materials, catalysts, and pharmaceuticals.

Source: https://arxiv.org/abs/2606.23214
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#20 Forbes Highlights Emerging Computing Ecosystem:
Al, Quantum, Biological, and Chemical Convergence
Accelerates Scientific Discovery

Published June 24, 2026 Forbes USA

| overview

Forbes reports on an emerging computing ecosystem where Al, quantum, biological,
and chemical computing paradigms converge to accelerate scientific discovery. Al
acts as a strategic intelligence layer, optimizing algorithms, scaling simulations, and
driving progress in areas including molecular simulation, drug research, materials
science, and battery innovation. This convergence opens new avenues for tackling

previously intractable scientific challenges.
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Key Findings

A Forbes article highlighted the rapid convergence of diverse computing paradigms—
Artificial Intelligence (Al), quantum computing, biological computing, and chemical
computing—which have historically evolved independently. This convergence is now
forming a new 'computing ecosystem' poised to accelerate scientific discovery. The
article specifically emphasizes Al's central role as a strategic intelligence layer within this
ecosystem, optimizing algorithms, scaling simulations, and driving advancements across

broad scientific fields such as drug discovery, materials science, and battery innovation.

Technical / Clinical Details

In this emerging ecosystem, each computing technology complements the strengths of
the others. For example, quantum computers possess the ability to simulate complex
quantum mechanical behaviors of molecules and materials with high precision. However,
in their nascent stages, they are prone to noise, making optimization by classical
computers essential. Here, Al plays a crucial role in maximizing the efficiency of quantum
algorithms and mitigating quantum noise. Biological computing, which utilizes DNA and
proteins as computational media, excels at solving specific biological problems, but its
design and programming require Al assistance. Similarly, chemical computing, a new
paradigm that leverages intermolecular interactions for computation, benefits from Al's
contributions to predicting reaction pathways and designing materials. Al acts as a
‘command center,' orchestrating these heterogeneous computing resources, extracting

insights from vast data, and generating new scientific hypotheses.



Background & Context

The progress of science and technology has always been limited by computational
capabilities. As the power of classical computers approaches the limits of Moore's Law,
expectations for next-generation computing paradigms have grown. Quantum
computers hold the potential to surpass classical computers for certain types of
problems, while biological and chemical computing aim to mimic the computational
power of nature itself. The integration of these technologies, rather than their individual
development, through Al, will dramatically change the approach to scientific challenges
in fields such as medicine, materials, and energy that were previously intractable. This
signifies a new paradigm of innovation driven by the 'co-evolution' of multiple

technologies rather than the evolution of a single one.

Strategic Significance & Outlook

The emergence of this new computing ecosystem holds the potential to dramatically
enhance the speed and scale of scientific discovery. With Al functioning as a strategic
intelligence layer, it will be possible, for example, to identify innovative drug candidates
in shorter periods or design new materials with previously unpredictable functions.
Innovations in battery technology will accelerate the development of electric vehicles
and renewable energy storage. In the future, these fused technologies are expected to
generate groundbreaking solutions to humanity's most challenging problems, including
environmental issues, food security, and healthcare. This will undoubtedly be one of the

most important trends shaping the future of science.

Source: https://www.forbes.com/sites/chuckbrooks/2026/06/24/the-emerging-computing-ecosystem-ai-

quantum-biological-and-chemical/
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#21 SES Al Unveils ‘Molecular Universe' Al Science SaaS
Platform, Validated by NVIDIA to Accelerate Battery
Material Discovery

Published June 25, 2026  Stock Pursuit USA

| overview

SES Al has launched its ‘Molecular Universe' Al Science SaaS platform, mapping a
database of over 200 million small molecules to accelerate battery electrolyte material
discovery. Validated by NVIDIA, this platform leverages agentic Al to rapidly sift
through vast data, leading to the discovery of new solvent and electrolyte
formulations for diverse applications including EVs, drones, and energy storage. This

significantly speeds up high-performance battery development.
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Key Findings

SES Al has unveiled its innovative 'Molecular Universe' Al Science SaaS platform,
designed to accelerate the discovery of battery electrolyte materials by mapping a
database of over 200 million small molecules. Validated by NVIDIA for its effectiveness,
this platform utilizes the power of agentic Al to rapidly sift through vast amounts of data,
contributing to the discovery of new solvent and electrolyte formulations for a wide array
of applications, including electric vehicles (EVs), drones, and stationary energy storage

systems.

Technical / Clinical Details

The 'Molecular Universe' platform integrates advanced Al algorithms with structural and
predicted property data for over 200 million chemically diverse small molecules. Agentic
Al autonomously explores and narrows down this vast chemical space, identifying
molecules with the potential to meet specific performance requirements (e.g., high ionic
conductivity, broad electrochemical window, excellent thermal stability). The Al learns the
relationships between molecular structure and properties, not only predicting the
behavior of unknown molecules but also designing entirely new molecular structures not
present in existing databases. NVIDIA's validation ensures that this platform fully
leverages the high-speed processing capabilities of GPU computing, drastically
improving simulation and screening speeds. This can reduce material discovery
processes, which traditionally took years or even decades with conventional experimental

methods or manual computational chemistry, to mere weeks or months.

Background & Context

High-performance batteries are essential technologies for the proliferation of electric
vehicles, the integration of renewable energy, and the evolution of portable electronic
devices. Battery performance heavily depends on the properties of its components,
particularly electrolyte materials. However, finding optimal electrolytes has been a
formidable challenge due to the vastness and complexity of the chemical space. Al-
powered material discovery platforms are expected to be powerful solutions for
overcoming this challenge, shortening development lead times, and efficiently
discovering higher-performance, safer, and more sustainable battery materials. SES Al's

efforts accelerate innovation in this highly competitive field.



Strategic Significance & Outlook

The advent of the 'Molecular Universe' platform holds broad implications not only for
battery technology but also for other materials science fields such as catalysts, polymers,
and pharmaceuticals. The Al's ability to autonomously explore and design material
candidates and predict their performance will fundamentally change the paradigm of
research and development. In the future, this platform could further evolve to integrate
with automated experimental data feedback loops, leading to a fully autonomous
materials discovery system. This is expected to enable the market introduction of
innovative material solutions more rapidly and cost-effectively, contributing to the
realization of a sustainable future. SES Al's technology symbolizes a new era of Al-driven

scientific discovery.

Source: https://stockpursuit.substack.com/p/ses-ai-ses-ai-infrastructure-drones
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#22 D-Wave Develops Gate-Model Quantum
Computing Platform, Expanding R&D Scope in
Quantum Chemistry and Materials Science

Published June 23, 2026 D-Wave Canada

| overview

D-Wave is advancing its gate-model quantum computing platform to expand the
range of problems organizations can explore, including quantum chemistry,
molecular R&D, materials, catalysts, and energy systems. The platform aims to
facilitate quantum error detection and correction, supporting advanced quantum
research and algorithm development, thereby enabling applications to more complex

problems.
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Key Findings

D-Wave is actively developing a new gate-model quantum computing platform, aiming
to significantly broaden the scope of problems that organizations can explore across
diverse fields such as quantum chemistry, molecular R&D, materials science, catalysts,
and energy systems. This platform is designed to facilitate quantum error detection and
correction, enabling more robust and reliable quantum computations, and thereby
strengthening the foundation for advanced quantum research and algorithm

development.

Technical / Clinical Details

While D-Wave has been a pioneer in quantum annealing, its foray into the gate-model
platform represents a strategic move to expand its technological portfolio and address a
wider array of computational challenges. Gate-model quantum computing executes
computations by applying sequences of specific quantum gate operations, allowing for
the implementation of more general-purpose quantum algorithms. A particular
emphasis in this new platform is placed on quantum error correction techniques,
incorporating mechanisms to detect and correct errors caused by qubit decoherence or
imperfect gate operations. This significantly enhances the reliability of results in large-
scale and long-duration quantum computations. In materials science and quantum
chemistry, gate-model quantum computers offer revolutionary solutions for problems
where classical computers face prohibitively high computational loads, such as
calculating molecular electronic structures, simulating chemical reaction pathways, and

predicting properties of novel materials.



Background & Context

Quantum computing is gaining attention as a next-generation computational
technology with the potential to surpass the capabilities of classical computers in many
fields, including drug development, materials science, finance, and optimization
problems. Especially in materials science, accurately describing the quantum mechanical
behavior of atoms and molecules is essential for the discovery and design of new
materials. D-Wave's investment in gate-model quantum computing indicates that
quantum technology is transitioning from merely theoretical research to more practical
applications. This provides industries with new tools for complex scientific problems that

have previously been difficult to solve.

Strategic Significance & Outlook

The development of D-Wave's gate-model quantum computing platform is a crucial step
towards the commercialization and practical application of quantum computing. By
facilitating quantum error detection and correction, researchers and engineers will be
able to perform more reliable quantum simulations and apply their results to actual
material design and process optimization. In the future, this platform is expected to
contribute to breakthroughs in a wide range of fields, including higher-performance
battery materials, innovative catalysts, new superconductors, and efficient energy storage
systems. This reaffirms the potential of quantum computing to expand the frontiers of

science and technology and to have a significant impact on society.

Source: https://www.dwavequantum.com/solutions-and-products/systems/gate-model-quantum-

computing/
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#23 arXiv Paper Presents ML Model for High-Precision
Prediction of Metallic Glass Critical Cooling Rates Using
Elemental and Molecular Simulation Features

Published June 19, 2026 arXiv USA
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| overview

This study presents a machine learning model for predicting critical cooling rates of
metallic glasses using computationally derived properties, specifically elemental and
molecular dynamics simulation-based features. Demonstrating high accuracy in cross-
validation, the model is applicable to high-throughput studies of material properties
with diverse compositions. This innovation will streamline the exploration and

development of new metallic glass materials.
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Key Findings

This research introduces a high-precision machine learning model for predicting the
critical cooling rates of metallic glasses, leveraging computationally derived properties.
Specifically, the model incorporates features based on elemental properties and those
extracted from molecular dynamics simulations. Demonstrating high predictive accuracy
in cross-validation, this model significantly expands the applicability to high-throughput

studies of material properties for metallic glasses with diverse compositions.

Technical / Clinical Details

The developed machine learning model predicts the critical cooling rate (the minimum
cooling rate required to solidify from a liquid state into a glassy state) of metallic glasses,
a crucial property. The features used in this model fall into two main categories: firstly,
fundamental elemental properties such as atomic radius, electronegativity, and atomic
mass of the constituent elements. Secondly, dynamic features calculated by molecular
dynamics (MD) simulations, such as atomic packing efficiency, liquid viscosity, and the
tendency for short-range order formation. By combining and training the model with
these features, it learns a much more complex and accurate relationship between critical
cooling rate and composition/structure than traditional empirical rules or simple
theoretical models. Cross-validation results showed that the model maintains high
predictive accuracy even for unknown metallic glass compositions, confirming its
generality and robustness. This allows researchers to efficiently screen promising metallic
glass compositions before embarking on expensive and time-consuming experimental

trial-and-error.



Background & Context

Metallic glasses (amorphous metals) possess unique properties (e.g., high strength, high
hardness, excellent corrosion resistance, elasticity) not found in conventional crystalline
metals, making them promising for applications across a wide range of fields, including
sports equipment, medical devices, precision machine parts, and aerospace materials.
However, forming metallic glasses requires very rapid cooling rates, and accurately
predicting their critical cooling rate has been one of the most challenging tasks in
exploring new metallic glass compositions. Previous predictive models often suffered
from insufficient accuracy or limited applicability. The introduction of machine learning
holds the potential to break through this predictive barrier and dramatically improve the

efficiency of materials design.

Strategic Significance & Outlook

This machine learning model will significantly accelerate the exploration and
development of new metallic glass compositions. It will particularly contribute to the
discovery of metallic glasses that can be manufactured through low-cost, high-efficiency
processes, paving the way for industrial applications. Its application to high-throughput
screening will enable rapid identification of compositions with optimal critical cooling
rates from thousands or tens of thousands of candidates. In the future, this model is
expected to be integrated with predictions of other material properties (e.g., mechanical
strength and thermal stability) to aid in designing next-generation metallic glasses with
multifunctional capabilities. Furthermore, this approach is extensible to the design of
other amorphous materials and complex alloy systems beyond metallic glasses, holding

the potential to contribute to the overall advancement of the materials informatics field.

Source: https://arxiv.org/html/2606.21467v1
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#24 OAE Publishing Reveals Interpretable Machine
Learning Deciphers Strength-Ductility Trade-off in
(CuNiMn)-X Alloys, Streamlining High-Performance
Copper Alloy Design

Published June 25, 2026  OAE Publishing Inc.  China

| overview

OAE Publishing Inc. has presented an integrated strategy utilizing interpretable
machine learning to decipher the strength-ductility trade-off in (CuNiMn)-X alloys,
enabling efficient design of high-performance copper alloys with synergistic
properties. This approach achieved high prediction accuracies for microstructure,
compressive strength, and fracture strain, establishing a closed-loop design workflow
encompassing data collection, modeling, and experimental verification. This

accelerates R&D for copper alloys.
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Key Findings

Research published by OAE Publishing Inc. has elucidated the mechanism of the
strength-ductility trade-off in (CuNiMn)-X alloys through an integrated strategy
employing interpretable machine learning. This groundbreaking approach provides
guidelines for efficiently designing high-performance copper alloys that achieve both
high strength and excellent ductility. It successfully attained high accuracy in predicting
microstructure, compressive strength, and fracture strain, establishing a closed-loop

design workflow from data collection to modeling and experimental verification.

Technical / Clinical Details

This integrated strategy consists of the following key steps: First, comprehensive
experimental and computational data (e.g., first-principles calculations, CALPHAD) on
(CuNiMn)-X alloys of diverse compositions are collected. Through feature engineering,
potential features influencing mechanical properties are extracted from alloy
composition, crystal structure, heat treatment conditions, etc. Next, machine learning
models are trained using these features to predict critical properties such as
microstructure, compressive strength, and fracture strain of the alloys. Importantly, by
employing 'interpretable machine learning' techniques (e.g., SHAP values, LIME), the
study clarified which features the model relies on for its predictions, thereby identifying
the key metallurgical factors affecting the strength-ductility trade-off. For example, it
quantitatively reveals how the addition of specific elements influences the formation of
particular phases or grain boundary structures, and how this alters the balance between
strength and ductility. Finally, promising compositions proposed by Al are subjected to
experimental verification to confirm the validity of the predictions, establishing a closed-

loop materials design cycle.



Background & Context

Copper alloys are widely used across various industrial sectors—including electrical and
electronic components, automotive parts, and construction materials—due to their
excellent electrical conductivity, thermal conductivity, and formability. However, a
common challenge is the 'strength-ductility trade-off,' where increasing strength often
reduces ductility, and vice versa. Overcoming this trade-off to simultaneously improve
both properties has been a long-standing goal in developing high-performance copper
alloys. Machine learning is expected to be a powerful tool for learning the relationship
between complex material properties and composition/process conditions from data,
and for exploring new design spaces. This research addresses this challenge with an

interpretable approach, offering concrete solutions.

Strategic Significance & Outlook

This closed-loop design workflow, utilizing interpretable machine learning, is applicable
not only to (CuNiMn)-X alloys but also to the design of other multi-component alloys
and more complex functional materials. By overcoming the strength-ductility trade-off
bottleneck, higher-performance and more reliable copper alloys will be developed,
opening up new application areas such as lightweight EV components, high-current
density wiring materials, and structural materials for harsh environments. This research
demonstrates the potential of materials informatics to accelerate advancements in
materials science beyond traditional trial-and-error approaches, through data-driven and

understandable design.

Source: https://www.oaepublish.com/articles/jmi.2026.14
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#25 Oxford Academic: Machine Learning and LLM
Synergy Uncovers High-Entropy Alloy Electrocatalytic
Activity, Enabling High-Throughput Discovery

Published June 23, 2026  National Science Review (Oxford Academic) China

| overview

Research published in Oxford Academic combined machine learning (including GNNs)
with an LLM-driven collaborative framework to unveil correlations between high-
entropy alloy (HEA) element systems and electrocatalytic activity. This approach
demonstrates feasibility and practical value in efficiently identifying high-performance
HEA catalysts through high-throughput synthesis and characterization, thereby

accelerating catalyst discovery and optimization.
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Key Findings

A groundbreaking study published in National Science Review (Oxford Academic)
combined machine learning, specifically Graph Neural Networks (GNNs), with a Large
Language Model (LLM)-driven collaborative framework to elucidate the correlation
between high-entropy alloy (HEA) elemental systems and their electrocatalytic activity.
This innovative methodology clearly demonstrated its feasibility and practical value in
efficiently identifying high-performance HEA catalysts through high-throughput
synthesis and characterization, significantly accelerating the process of catalyst discovery

and optimization.

Technical / Clinical Details

In this study, data from existing HEA databases and first-principles calculations—
including HEA composition, crystal structure, and electronic states—were fed into a
GNN. The GNN then constructed a model to predict the potential electrocatalytic activity
of HEAs based on these features. Furthermore, an LLM-driven collaborative framework
was introduced, which integrates the GNN's predictions with historical literature data and
chemical knowledge to propose the most promising HEA compositions and experimental
conditions for subsequent exploration. Leveraging its natural language processing
capabilities, the LLM interprets complex scientific information and performs logical
reasoning to efficiently narrow down the exploration space. For instance, it can predict
how specific elemental combinations might exhibit activity in crucial electrocatalytic
reactions such as the Oxygen Evolution Reaction (OER) or Hydrogen Evolution Reaction
(HER), and explain the basis of these predictions. Candidates identified through this
computational screening are then subjected to high-throughput synthesis (e.g.,
sputtering or co-deposition) and automated characterization (e.g., electrochemical
measurements, X-ray diffraction) to validate their catalytic performance. This closed-loop
approach enables faster and more efficient discovery of high-performance HEA catalysts

compared to traditional trial-and-error research.



Background & Context

High-entropy alloys (HEAs), a new class of alloys composed of multiple principal
elements in nearly equal proportions, are attracting significant attention not only as
structural materials but also as catalysts due to their unique structures and properties.
Particularly, in clean energy technologies such as fuel cells, water electrolysis, and CO2
reduction, the development of highly efficient and stable electrocatalysts is an urgent
necessity. However, the compositional space of HEAs is vast, making it challenging to
find promising catalysts using experimental methods alone. The fusion of machine
learning and LLMs is expected to be a powerful tool for efficiently navigating this vast
exploration space and accelerating new catalyst discovery. China is one of the leading

countries in materials science research, and this study further strengthens its position.

Strategic Significance & Outlook

This machine learning and LLM-integrated framework holds the potential to
revolutionize the discovery and optimization of HEA electrocatalysts. With more efficient
exploration and high-precision predictions, R&D lead times will be significantly
shortened, contributing to cost reductions and performance improvements in fuel cells
and water electrolyzers. In the future, this approach is expected to be extended to other
types of catalysts (e.g., photocatalysts, heterogeneous catalysts) and the design of other
functional materials in materials science. This marks a significant step in how data-driven

science and Al will shape the future of materials discovery.

Source: https://academic.oup.com/nsr/article/13/11/nwag161/8524004
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#26 Japan Times Reports on 'Physical Al' Focus: Japan's
Manufacturing Data to Enable Robots to

Autonomously Support Human Workers with High
Precision

Published June 24, 2026  The Japan Times Japan

| overview

The Japan Times reported on Japan's focus to advance 'physical Al,' systems enabling
robots to autonomously support human workers with high precision, by leveraging its
manufacturing data. Driven by government research calls and industry focus, this

initiative aims to regain competitiveness in the global Al race, particularly in areas like

autonomous driving, through the fusion of software and hardware.
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Key Findings

The Japan Times highlighted Japan's national initiative to develop 'Physical Al,'
leveraging its strengths in manufacturing and vast datasets. This vision aims to create Al
systems where robots can autonomously assist human workers with high precision. This
endeavor is propelled by government research calls and strong industry focus, aiming to
regain Japan's competitiveness in the global Al race, particularly in fields like

autonomous driving, through the fusion of software and hardware.

Technical / Clinical Details

‘Physical Al' refers to Al systems that act, learn, and make decisions in the physical world,
not just computing in data centers. In manufacturing sites, robots collect sensor data
(vision, touch, force feedback) in real-time, which Al analyzes to support human tasks or
substitute for hazardous ones. For example, Al can learn complex manual tasks from
skilled workers, and robots can replicate them, leading to improved quality consistency
and productivity. The key to this system is utilizing large amounts of manufacturing data
(past production records, defect data, robot operation logs, etc.) for Al model training.
Integration with digital twin technology is also crucial, involving an approach where
physical factories are replicated in virtual space, and Al learns and optimizes optimal
robot movements and production processes through simulation. This allows Al to
acquire high-precision prediction and control capabilities, enabling it to address complex

challenges in the physical world.

Background & Context

Japan has long been known as a manufacturing powerhouse, but its position has been
challenged in recent global digitalization and Al competition. While Al development has
tended to be software-centric, Japan aims to leverage its strong hardware technology by
fusing it with Al, creating a unique advantage. With a severe labor shortage due to an
aging population and declining birthrate, improving productivity in manufacturing sites
and optimizing human-robot collaborative work are urgent challenges. Physical Al is
expected as a uniquely Japanese solution to this problem, positioned by the government

as a core technology for realizing 'Society 5.0."



Strategic Significance & Outlook

The advancement of Physical Al will bring significant transformation to Japan's
manufacturing sector. Applications are expected not only in factories but also across a
wide range of fields where robots and Al operate in the physical world, such as
agriculture, logistics, infrastructure inspection, and healthcare. Particularly, it has the
potential to establish Japan's technological superiority in areas requiring high-precision
physical interactions, such as autonomous driving technology, disaster response robots,
and precision surgical assistance systems. This initiative is a strategic investment for
Japan to overcome the challenges facing its manufacturing industry and achieve
sustainable growth, serving as a crucial step for Japan to regain its presence in the global
Al competition. In the future, the collaboration between humans and Al is expected to

contribute to the realization of a safer, more efficient, and richer society.

Source: https://www.japantimes.co.jp/commentary/2026/06/24/japan/japan-ai-manufacturing-sector/
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#27 MDPI Buildings Features Mechanically Constrained

GNN for Enhanced Linear Static Analysis of Planar
Frame Structures

Published June 25, 2026  MDPI Buildings  Switzerland

| overview

This study developed a mechanically constrained Graph Neural Network (GNN)
method for 2D linear elastic static analysis of planar truss and building frame
structures. The method represents structural systems as graphs, encoding various
structural features and boundary conditions to predict nodal displacements. It
demonstrated improved mechanical consistency and member force recovery
compared to baseline methods, enhancing simulation accuracy in architectural and

civil engineering design.
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Key Findings

This research, published in MDPI Buildings, represents a new breakthrough in the 2D
linear elastic static analysis of planar truss and building frame structures. The research
team developed a Graph Neural Network (GNN) method that represents structural
systems as graphs and incorporates mechanical constraints. This GNN efficiently encodes
various structural features and boundary conditions to predict nodal displacements. The
method demonstrated significantly improved accuracy in mechanical consistency and

member force recovery compared to conventional baseline methods.

Technical / Clinical Details

The developed mechanically constrained GNN method aims to merge the advantages of
classical analysis techniques, such as the Finite Element Method (FEM) in structural
engineering, with the learning capabilities of Al. Structural systems (beams, columns,
truss members, and their connections) are abstracted as graphs consisting of nodes
(joints) and edges (members). Information such as support conditions and external loads
is assigned to nodes as features, while material and cross-sectional properties of
members are assigned to edges. The GNN learns these structural inputs to predict the
displacement of each node under external loads. The incorporation of 'mechanical
constraints' is particularly important; this means directly embedding physical laws (e.g.,
force equilibrium, displacement continuity, material constitutive laws) into the GNN's loss
function or architecture. For instance, large penalties are imposed on non-physical
predictions such as discontinuous displacements or violations of force equilibrium. This
guides the GNN to generate physically plausible solutions, thereby improving the
accuracy of member forces (axial force, shear force, bending moment) derived from the

predicted nodal displacements.



Background & Context

Static analysis is indispensable for ensuring the safety and economic viability of
structures like buildings and bridges. However, for large and complex structures, analysis
using methods like FEM requires extensive computation time and specialized expertise.
GNNs hold the potential to accelerate and automate structural analysis, but ensuring
consistency with physical laws has been a challenge. This research addresses this
problem by incorporating mechanical constraints into GNNs, providing an effective
solution that balances Al's learning capabilities with physical validity. This significantly
contributes to improving the efficiency and reliability of design processes in the

architectural and civil engineering fields.

Strategic Significance & Outlook

This mechanically constrained GNN method is expected to be extended beyond 2D
planar frame structures to 3D space frames, shell structures, and even structures
exhibiting non-linear behavior. Fast and accurate structural analysis powered by Al will
enable rapid decision-making in the early stages of design, contributing to shorter
design cycles and cost reductions. Furthermore, various applications are conceivable,
such as parameter studies, optimal design, and real-time structural monitoring. In the
future, GNNs could function as part of generative design tools or digital twins, further
expanding Al's role in architectural and civil engineering design and contributing to the
realization of safer and more innovative infrastructure. This marks a new frontier for Al in

the field of structural engineering.

Source: https://www.mdpi.com/2075-5309/16/13/2530
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#28 University of Washington Develops Self-Improving
Design Loop for New Materials via Al-Quantum
Computing Fusion

Published June 24, 2026  richardmitnick (blog) USA

| overview

University of Washington research has developed a self-improving design loop for
new materials through the fusion of Al and quantum computing. Al simulates
complex quantum behaviors in stacked atomic sheets, while quantum computers
generate design loops for new materials that could become components of future
quantum computers. This synergy accelerates advancements in materials science and

quantum computing, contributing to next-generation technologies.
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Key Findings

Groundbreaking research at the University of Washington has led to the development of
a self-improving design loop for new materials, achieved through the synergistic fusion
of Artificial Intelligence (Al) and quantum computing. This innovative approach enables
Al to simulate the complex quantum behaviors of stacked atomic sheets, while quantum
computers generate learning loops for designing novel materials that could potentially
serve as components for future quantum computers. This dramatically accelerates the

process of material discovery and optimization.

Technical / Clinical Details

This self-improving design loop functions through the concerted action of multiple
technologies. First, Al models accurately simulate complex quantum behaviors, such as
electronic states and optical properties, in heterostructures formed by stacking two-
dimensional materials (e.g., graphene or transition metal dichalcogenides). The Al learns
patterns from vast simulation data, acquiring the ability to predict material structures
with specific properties. Next, quantum computers, based on promising material
structures proposed by the Al, more rigorously calculate and verify their quantum states.
Furthermore, quantum computers utilize the feedback obtained to form a 'self-
improvement loop' that generates new material design directions. This iterative cycle—
where Al formulates hypotheses, quantum computers verify them, and Al becomes
smarter from the results—efficiently explores and optimizes the material design space
without human intervention. Specifically, this research aims to discover new materials for
constructing qubits in quantum computers and materials that enhance quantum

information processing capabilities.



Background & Context

Materials science and quantum computing stand at the forefront of modern science and
technology. High-performance new materials form the foundation for advancements in
all fields, including electronics, energy, medicine, and aerospace. Quantum computers
themselves crucially depend on the development of new quantum materials that can
operate stably even in cryogenic environments. However, discovering and designing
these materials has been an extremely challenging task due to the vast exploration space
and complex quantum mechanical interactions. The fusion of Al and quantum
computing is expected to be a powerful means to overcome this challenge and

dramatically improve the efficiency of materials discovery.

Strategic Significance & Outlook

The University of Washington's research serves as a critical model case for how the
synergistic effect of Al and quantum computing will shape the future of materials
discovery. As this self-improving design loop becomes more refined and scalable, it
could lead to the discovery of a continuous stream of innovative quantum materials
previously unimaginable. This, in turn, will accelerate the performance improvement and
practical application of quantum computers, bringing closer the day when quantum
computing contributes to solving a broader range of societal challenges, such as drug
discovery, new energy, and artificial intelligence. This represents a significant step

towards the automation and acceleration of scientific discovery.

Source: https://sciencesprings.wordpress.com/2026/06/24/from-the-university-of-washington-ai-and-

quantum-computing-accelerate/
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#29 DeepMind's GNoME and Microsoft's MatterGen
Drastically Accelerate Al-Driven Materials Discovery,
Rapidly Screening Millions of Inorganic Crystals

Published June 23, 2026 Al CERTs News USA

| overview

Advanced Al pipelines like DeepMind's GNoME and Microsoft's MatterGen are
leveraging graphene neural networks and machine learning potentials to screen
millions of inorganic crystals at unprecedented speeds. These hybrid Al systems
integrate language models, physical simulations, and autonomous labs to not only
predict material structures but also propose optimal synthesis recipes. This innovation
fundamentally transforms the materials discovery paradigm, promising dramatic

reductions in development timelines across various industrial sectors.
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Key Findings

Leading Al pipelines, including DeepMind's GNoME and Microsoft's MatterGen, have
demonstrated a remarkable capability to screen millions of inorganic crystals at
unprecedented speeds. These systems, utilizing graphene neural networks and machine
learning (ML) potentials, are dramatically accelerating materials discovery. Beyond
merely predicting material structures, these hybrid Al approaches can suggest optimal

synthesis recipes, marking a significant paradigm shift in research and development.

Technical / Clinical Details

GNoME and MatterGen, while employing distinct strategies, both leverage the synergy
of Al and physics to push the boundaries of materials exploration. GNoME, for instance,
explores hundreds of millions of hypothetical materials to predict crystal stability, leading
to the identification of tens of thousands of novel stable structures. MatterGen applies
large language model (LLM) capabilities to materials science, generating new material
structures from text-based prompts. These integrated systems combine several key

technologies:

e Graphene Neural Networks: Efficiently model interatomic interactions and predict

the stability and properties of complex crystal structures.

¢ Machine Learning Potentials: Offer near-quantum accuracy at vastly accelerated

computational speeds, enabling large-scale atomic simulations.

e Large Language Models (LLMs): Contribute to understanding the relationship
between material properties and structures, and suggest synthetic pathways by

extracting information from scientific literature.

e Autonomous Labs: Robotic experimental setups that synthesize and characterize Al-

proposed materials, enabling a closed-loop material development cycle.

This integrated approach allows Al to link rapid virtual screening with physical synthesis

and characterization, effectively breaking bottlenecks in new material development.



Background & Context

The discovery and development of new materials are fundamental to advancements in
all modern technologies, including electronics, energy storage, catalysis, and medicine.
However, traditional material development processes are notoriously time-consuming
and expensive, often requiring extensive exploration of vast chemical composition and
structural permutations. A single new material can take an average of 10 to 20 years to
reach the market. The entry of major Al companies like DeepMind and Microsoft into
this field, bringing cutting-edge Al technologies, is expected to drastically shorten this
development cycle and accelerate the discovery of new materials that can address global

challenges, such as energy and environmental issues.

Strategic Significance & Outlook

The evolution of Al-driven materials discovery is set to continue, contributing to the
development of more complex functional materials and application-specific optimized
materials. In the future, a 'fully automated materials science ecosystem' is envisioned,
where Al proposes materials, autonomous labs synthesize them, and their performance
is automatically validated. This holds promise for revolutionary advancements across
diverse fields such, including drug discovery, battery technology, next-generation
semiconductors, and sustainable building materials. Al will empower materials scientists
to focus on more creative problem-solving, dramatically increasing the pace of scientific

discovery.

Source: https://www.aicerts.ai/news/materials-discovery-ai-transforms-inorganic-research/
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#30 Causal-Aware Framework "ARIA" Enhances LLM

Reliability in 2D Material Design by Integrating Causal
Reasoning

Published June 21, 2026 arXiv Unknown
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| overview

Addressing the challenge of generative models failing to satisfy physical causality in
materials discovery, the ARIA framework extends large language models (LLMs) with
causal reasoning. Utilizing knowledge graphs, ARIA demonstrates significant
performance improvements in both forward prediction and inverse design tasks for
2D materials, enabling physically grounded and trustworthy Al-assisted materials
exploration. This advancement is a crucial step towards increasing the reliability of Al-

proposed material designs and accelerating their practical application.
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Key Findings

A novel causal-aware framework, dubbed "ARIA," has been developed to address the
critical challenge of large language models (LLMs) failing to sufficiently adhere to
physical causality in materials discovery. By integrating knowledge graphs, ARIA has
demonstrated superior performance in both forward prediction and inverse design tasks
for 2D materials, significantly enhancing the physical reliability and practical applicability
of Al-assisted material exploration. This breakthrough enables more trustworthy Al-

driven material discovery processes.

Technical / Clinical Details

Traditional generative models and LLMs can propose new material candidates by
learning patterns from vast datasets, but their designs do not always comply with
physical laws or chemical causal relationships. The ARIA framework addresses this gap by

combining the following technical elements:

e Causal Reasoning Engine: Explicitly models the causal relationships between
material components, structures, process conditions, and properties. This allows the

LLM to understand not just correlations but actual cause-and-effect relationships.

¢ Knowledge Graphs: Store structured knowledge extracted from existing materials
science literature and databases, providing a foundation for the LLM to reason based
on physical and chemical constraints. For example, types of interatomic bonds,
stability, and the impact of specific processes on material properties are represented

as a graph.

¢ Specialization for 2D Materials: 2D materials like graphene and transition metal
dichalcogenides are gaining attention for their unique physical properties, and Al
assistance is particularly effective due to their vast design space. ARIA demonstrated
superior accuracy compared to conventional LLM-based methods in predicting
electronic, mechanical, and optical properties, as well as in the inverse design of

materials with desired properties.

Through this integration, ARIA can generate physically grounded predictions, such as
"given this composition and structure, these properties should be observed," and

perform the inverse task effectively.



Background & Context

While Al is increasingly adopted in materials discovery, its 'black box' nature and
proposals that disregard physical constraints have posed significant challenges in
gaining scientists' trust. Material development, in particular, is a field where safety and
reliability are paramount, making it essential for Al-proposed designs to be physically
feasible and their performance predictable. The emergence of causal-aware Al like ARIA
is crucial for bridging this reliability gap and accelerating the practical application of Al-
driven material development. 2D materials hold promise for a wide range of applications
in next-generation semiconductors, energy storage, and sensors, making the
establishment of efficient design methodologies directly linked to industrial

competitiveness.

Strategic Significance & Outlook

The ARIA framework represents a new direction for Al-assisted materials discovery.
Future expectations include its application to more complex 3D and polymer materials.
Furthermore, research will focus on refining causal models and incorporating uncertainty
quantification to further improve the reliability of Al proposals. As tools like ARIA
become more widespread, materials scientists will be able to leverage Al not only as a
‘proposing assistant' but also as a 'physically valid partner,' dramatically accelerating the
pace of innovative material discovery and commercialization. This will benefit diverse

industrial sectors such as pharmaceuticals, chemistry, and electronics.

Source: https://arxiv.org/abs/2606.22375
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#31 Physics-Informed Foundation Model "CLOUD,"
Pre-trained on Over 6 Million Crystals, Revolutionizes
Materials Property Prediction

Published Date unknown  springermedizin.de  Germany

| overview

The "CLOUD" model, a scalable, physics-informed, Transformer-based foundation
model for crystal representation learning, has been introduced. Pre-trained on over 6
million crystals, CLOUD encodes crystal symmetry, Wyckoff positions, and
composition into compact string representations, achieving high performance across
diverse materials property prediction tasks. Notably, it enables temperature-
dependent predictions without additional data, holding significant promise for

accelerating materials design and discovery.
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Key Findings

A new, scalable, and physics-informed Transformer-based foundation model for crystal
representation learning, named "CLOUD," has been unveiled, promising to dramatically
accelerate the prediction of material properties. This model, pre-trained on a massive
dataset of over 6 million crystal structures, effectively encodes critical structural
information such as crystal symmetry, Wyckoff positions, and elemental composition into
compact string representations. As a result, CLOUD achieves superior performance in
predicting diverse material properties compared to traditional models, particularly its
ability to forecast temperature-dependent properties without requiring additional data,

marking a significant breakthrough in materials science.

Technical / Clinical Details

The core innovation of the CLOUD model lies in its fusion of the Transformer architecture
with deep physical knowledge of materials science. Unlike many conventional machine
learning models that often require extensive labeled data for specific property
predictions, CLOUD learns universal features of crystal structures through large-scale

self-supervised learning. Key technical elements include:

e Massive Pre-training: The model is trained unsupervised on a database of over 6
million crystal structures, allowing it to autonomously understand interatomic
interactions and structural characteristics across various crystallographic

environments.

e Compact String Representations: Complex crystal structures are converted into
efficient string representations that encapsulate information about crystal space
groups, Wyckoff positions, and elemental compositions. This enables the Transformer
model to effectively process structural information and learn long-range

dependencies.

¢ Physics-Informed Constraints: Fundamental physical laws and chemical stability
constraints for crystal structures are integrated into the model's learning process,

enhancing the reliability and physical validity of its predictions.



e Versatility and Scalability: Once trained, the CLOUD model exhibits high
performance on various new material property prediction tasks with minimal fine-
tuning or additional data. Its ability to predict temperature-dependent behavior for
novel materials, especially those with limited experimental data, significantly reduces

time and cost in early-stage material development.

These capabilities allow CLOUD to contribute to predicting a wide range of properties,
including material stability, band gaps, elastic moduli, and thermal conductivity, thereby

addressing bottlenecks in new material design.

Background & Context

The development of new materials is a cornerstone of innovation across numerous
advanced industries, including semiconductors, energy storage, aerospace, and
medicine. However, traditional material development has historically been a time- and
resource-intensive process, involving the exploration of an immense number of chemical
compositions and structural permutations. Computational materials science and
materials informatics have evolved to address these challenges, but still often demand
extensive datasets and computational resources. The advent of foundation models like
CLOUD, often dubbed the 'GPT for materials science,' is expected to apply generalized
knowledge learned from broad datasets across various material development phases. Its
predictive power is particularly valuable for exploring new materials with limited

available data.

Strategic Significance & Outlook

The CLOUD model holds the potential to revolutionize the field of materials design and
discovery. Moving forward, this foundation model is expected to be extended to more
diverse material types and complex environmental conditions (e.g., high pressure,
corrosive environments). Furthermore, its integration into 'Al-driven closed-loop material
development' systems, which guide experimental data collection, will progress,
potentially leading to fully automated processes where Al proposes materials and robots
synthesize and evaluate them. This could reduce the lead time for new materials
development from years or decades to months or even weeks, accelerating
groundbreaking advancements in areas such as batteries, catalysts, high-performance
alloys, and more. Ultimately, this will enable materials scientists to focus on more

strategic and creative roles.



Source: https://www.springermedizin.de/cloud-a-scalable-and-physics-informed-foundation-model-for-
cryst/52739820
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#32 Machine Learning Potentials Accelerate Quantum
Chemistry by Up to 1 Million-Fold, Revolutionizing
Materials Science

Published June 23, 2026  ACS Central Science  USA

| overview

Rapid advancements in machine learning interatomic potentials (MLIPs) are poised to
accelerate quantum chemistry calculations by up to a million times, fundamentally
transforming chemical and materials science. This article discusses the broad
applications and current limitations of MLIPs, outlining key research challenges to
fully harness these powerful tools. MLIPs promise to make large-scale materials
simulations feasible, drastically improving the speed and efficiency of new materials

design.
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Key Findings

The remarkable progress in machine learning interatomic potentials (MLIPs) is set to
accelerate quantum chemistry calculations by up to a million times, fundamentally
transforming research methodologies in chemical and materials science. This article
comprehensively discusses the extensive applicability of MLIPs, their current technical
limitations, and critical research challenges that must be addressed to fully leverage
these powerful tools. This acceleration promises to make large-scale material simulations

a reality, drastically improving the speed and efficiency of novel material design.

Technical / Clinical Details

Quantum chemistry calculations, while powerful for predicting electronic structures and
interatomic interactions with high precision, are computationally expensive, scaling
exponentially with the number of atoms. This limitation has historically hindered their
application to large-scale systems or long-duration simulations. MLIPs address this
computational bottleneck by learning the potential energy surface for interatomic

interactions from a smaller number of high-accuracy quantum chemistry calculations.

¢ Replacing Quantum Chemistry: MLIPs achieve accuracy comparable to first-
principles calculations like Density Functional Theory (DFT) but operate at the speed
of classical molecular dynamics simulations. This makes simulations of systems with
thousands to millions of atoms and time scales from microseconds to milliseconds

practically feasible.

e High Accuracy and Efficiency: MLIPs, optimized for specific elements or bond types,
often exhibit surprising transferability to chemical environments outside their training
data. This allows for accurate predictions of behavior in complex material systems,

including alloys, interfaces, and defect structures.

e Expanded Application Scope: MLIPs are utilized across a wide range of phenomena,
including phase transitions, diffusion, reaction pathways, thermodynamic properties,
and mechanical properties. They are particularly indispensable for understanding
dynamic processes such as crystal growth, amorphous material formation, and

elucidating catalytic reaction mechanisms.



However, MLIPs also face challenges such as the comprehensiveness of training data,

limitations in extrapolation capabilities, and ensuring model reliability.

Background & Context

The development of new materials is a driving force behind technological innovation,
shaping the future of key industries like energy, electronics, medicine, and environmental
science. Traditionally, material design has been a time-consuming and expensive process,
involving the synthesis and evaluation of a vast number of candidate materials. While
computational science, particularly quantum chemistry, held the potential to streamline
this process, the sheer computational load impeded its practical application. The advent
of MLIPs is breaking through this computational barrier, dramatically reducing the 'trial
and error' component of material design and enabling faster, data-driven exploration.
This marks a burgeoning 'revolution," allowing researchers to tackle problems at scales
previously inaccessible and significantly expanding the frontiers of materials science

research.

Strategic Significance & Outlook

MLIPs are poised to play an increasingly critical role in materials science research and
industrial applications. Future research challenges include developing more generalized
‘universal MLIPs," optimizing training data selection, establishing methods for uncertainty
quantification in predictions, and assessing the synthesizability of Al-proposed material
designs. Ultimately, MLIPs are expected to become central to 'closed-loop material
development,' integrating with autonomous experimental systems where Al designs
materials and robots synthesize and evaluate them. This will dramatically shorten
material development lead times, accelerating breakthroughs in high-performance
batteries, innovative catalysts, next-generation semiconductors, and a multitude of other
fields.

Source: https://pubs.acs.org/doi/10.1021/acscentsci.6c00615
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#33 Meta FAIR's Universal MLIP 'UMA' Precisely

Models Oxygen Plasma Interactions with 2D Materials,
Advancing Semiconductor Manufacturing

Published June 19, 2026 arXiv Unknown
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| overview

Meta FAIR's universal machine-learned interatomic potential (MLIP) model, UMA, has
demonstrated highly accurate modeling of oxygen plasma interactions with tungsten
disulfide (WS2), a 2D material, with performance further enhanced through fine-
tuning. This research shows that a pre-trained general-purpose model can reproduce
key plasma-surface interaction phenomena, significantly reducing mean absolute
errors in energy and forces. This achievement contributes to precise control of
material behavior in the manufacturing processes for next-generation 2D material-

based semiconductor devices.
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Key Findings

The Universal Machine-Learned Interatomic Potential (MLIP) model, UMA, developed by
Meta FAIR, has been demonstrated to accurately model the interactions between
tungsten disulfide (WS2) — a two-dimensional (2D) material — and oxygen plasma.
Crucially, the study showed that further fine-tuning of this pre-trained general-purpose
model significantly improved its predictive performance. This research validates that such
models can reproduce key observables in complex physicochemical processes like
plasma-surface interactions, successfully reducing the mean absolute errors for both
energy and forces. This technology is vital for optimizing plasma etching processes in the

precision fabrication and device manufacturing of 2D materials.

Technical / Clinical Details

Plasma-surface interactions are central to various semiconductor manufacturing
processes, including thin-film deposition, etching, and surface modification. For 2D
materials, whose atomic-scale thinness means surface reactivity directly impacts device
performance, a precise understanding of these interactions is indispensable. The UMA
model is a universal MLIP built on a massive dataset trained across diverse atomic
environments, enabling high predictive performance for a wide range of material

systems. Key aspects highlighted in this research include:

¢ Versatility of the UMA Model: During its pre-training phase, UMA incorporated data
from numerous systems containing oxygen and tungsten atoms, endowing it with the
fundamental physical and chemical knowledge required to describe WS2-oxygen
plasma interactions. This allowed it to reproduce the major plasma-surface interaction

behaviors at an initial stage.

e Accuracy Improvement via Fine-Tuning: The UMA model was fine-tuned using a
small amount of ab initio calculation data (first-principles calculation data) specific to
WS2-oxygen plasma interactions. This process allowed the model to learn detailed
interaction patterns specific to this chemical system, successfully reducing the mean
absolute error for energy and forces (specific numerical reduction not provided in
summary, thus omitted). This enhancement in accuracy dramatically increases the

reliability of simulations.



¢ Implications for Plasma Etching: High-precision MLIPs provide invaluable
information for elucidating plasma etching mechanisms at the atomic level,
optimizing process parameters such as etch rates, selectivity, and surface damage.
This enables more precise process control in the manufacturing of next-generation

2D material-based transistors and sensors.

Background & Context

The semiconductor industry is facing the limits of Moore's Law and is actively seeking
new materials and architectures. 2D materials are considered highly promising
candidates for next-generation devices due to their exceptional electrical and mechanical
properties. However, establishing precise fabrication techniques, including plasma
processes, is crucial for industrial-scale manufacturing of 2D materials. Plasma processes
are notoriously complex, and experimental optimization is time-consuming and costly.
Computational tools like MLIPs offer an efficient means to explore and optimize process
conditions in a virtual environment, addressing this challenge. The involvement of
leading Al companies like Meta FAIR underscores the significant technological

importance of this field.

Strategic Significance & Outlook

The high-precision modeling of 2D material-plasma interactions achieved by fine-tuning
the UMA model will significantly contribute to innovations in semiconductor device
manufacturing processes. Future applications are expected to extend to other 2D
materials and different plasma species (e.g., fluorine, chlorine). Furthermore, the
development of multi-scale simulations incorporating MLIPs will enable predictions from
atomic-level interactions to the macroscopic behavior of entire devices. This will facilitate
Al-driven plasma process optimization, accelerating the commercialization of new 2D
material-based Al chips and sensors, and ultimately shaping the future of the electronics

industry.

Source: https://arxiv.org/abs/2606.21632
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#34 Bias Identified in Universal Machine-Learned

Interatomic Potentials; Iterative Fine-Tuning Improves
Accuracy

Published June 20, 2026  Journal of Chemical Theory and Computation (ACS Publications) USA
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| overview

This study thoroughly investigated intrinsic biases in universal machine-learned
interatomic potentials (UMLIPs), such as MACE, and their impact on fine-tuning
quality. It revealed that uMLIPs exhibit systematic biases in molecular dynamics (MD)
trajectories when encountering chemical systems outside their training data, limiting
accuracy gains from fine-tuning. However, the research suggests that applying an
iterative fine-tuning process can effectively mitigate these biases and improve

predictive accuracy, offering a promising solution.
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Key Findings

Intrinsic biases within universal machine-learned interatomic potentials (UMLIPs), such as
MACE, have been identified as a major factor limiting the effectiveness of their fine-
tuning. This study demonstrated that systematic predictive biases emerge in molecular
dynamics (MD) simulation trajectories when uMLIPs are applied to chemical systems not
covered by their training data. While a single step of fine-tuning struggles to fully
eliminate these biases, applying multiple, iterative fine-tuning processes is suggested as
a promising solution to effectively mitigate them and enhance the model's predictive

accuracy.

Technical / Clinical Details

Universal machine-learned interatomic potentials (uMLIPs) are pre-trained on vast
datasets to describe interatomic interactions across diverse chemical environments. This
provides excellent initial predictive performance for a wide range of material systems,
but fine-tuning is often necessary when applying them to specific new systems or

extreme conditions. The study revealed the following methodology and results:

¢ Bias Identification: Through detailed simulations and analysis, the research team
showed that when uMLIPs were applied to chemical systems outside their training
data range (e.g., specific inter-element interactions or extreme temperature/pressure
conditions), systematic errors (biases) occurred in energy, forces, and molecular
dynamics trajectories. This bias arises because the 'averaged' interactions learned by
the uMLIP fail to capture the subtle chemical and physical characteristics of specific

systems.

¢ Limitations of Fine-Tuning: It was found that conventional single-step fine-tuning,
while improving predictive accuracy with a small amount of added high-precision
data, did not completely remove the intrinsic biases. This is because the 'prior
knowledge' embedded in the uMLIP's initial training partially hinders learning from

new data.



o Effectiveness of Iterative Fine-Tuning: As a solution, the study proposes an iterative
fine-tuning process. This method involves repeatedly generating new simulation data
from a fine-tuned model and then using that data for further fine-tuning. This
iterative process was shown to gradually adapt the model to the specific
characteristics of the chemical system, steadily reducing bias and improving both

predictive accuracy and the reliability of MD simulations.

This finding has significant implications for establishing MLIPs as reliable computational

tools.

Background & Context

Machine learning potentials are gaining significant attention as powerful tools that
enable large-scale simulations in materials science by combining the accuracy of
quantum chemistry calculations with the computational efficiency of classical molecular
dynamics. However, their reliability and generalizability limitations have been major
concerns, particularly in practical applications like new material design and process
optimization. Understanding bias in uMLIPs and developing strategies to overcome it
through fine-tuning are key to wider adoption of computational materials science in
industry. Progress in this area impacts a broad range of industries, including drug design,

battery materials, and catalyst development.

Strategic Significance & Outlook

The findings of this study are essential for establishing best practices in uMLIP
applications and enhancing their reliability. Future research will focus on further
automating iterative fine-tuning processes and establishing optimal criteria for selecting
fine-tuning data. Additionally, it is anticipated that efforts will be made to design uMLIP
architectures and pre-training strategies that can proactively identify and minimize bias.
These advancements are expected to enable MLIPs to predict material behavior in more
complex chemical systems and extreme environments with high confidence, contributing

to the further acceleration of Al-driven materials development.

Source: https://pubs.acs.org/doi/10.1021/acs.jctc.6c00425
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#35 DTU Launches Self-Driving Lab, Accelerating New

Materials Development from Decades to Days with Al
and Robotics

Published Published June 19, 2026 Mirage News T>~Y¥—7

| overview

The Technical University of Denmark (DTU) has unveiled an innovative 'self-driving
lab* where Al and robotic arms autonomously conduct chemical experiments,
promising to compress new materials development from decades to mere days. This
groundbreaking system demonstrated its potential by optimizing and completing
complex gold nanomaterial synthesis in just two days, marking a significant leap in

materials R&D efficiency and speed.
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Background

The development of novel materials is paramount for addressing numerous global
challenges, from sustainable energy and advanced medicine to high-performance
electronics. However, conventional materials science research has long been constrained
by the combinatorial explosion of chemical compositions and process parameters,
rendering it a time-consuming and expensive endeavor. This has often led to promising
new materials languishing in laboratories for extended periods before reaching practical
application. Al and robotics-integrated approaches, exemplified by DTU's self-driving lab,
promise to dismantle this 'materials development bottleneck,' drastically accelerating the
journey from scientific discovery to industrial deployment. Furthermore, Denmark's
proactive embrace of such cutting-edge research bolsters Europe's overall scientific and

technological competitiveness.

Key Findings

Researchers at the Technical University of Denmark (DTU) have successfully launched an
autonomous 'self-driving lab' that integrates artificial intelligence and robotic arms to
independently conduct chemical experiments. This groundbreaking system
demonstrates the potential to dramatically compress the new materials development
lifecycle—traditionally spanning decades—into a matter of days. A key reported
demonstration involved the optimization and successful synthesis of complex gold
nanomaterials within an unprecedented two-day timeframe, signaling a significant
paradigm shift in the efficiency and speed of materials science research and

development.

Technical Details

DTU's self-driving lab autonomously executes the entire closed-loop cycle of materials
discovery, synthesis, characterization, and data analysis with minimal human

intervention. Key technical features enabling this autonomous workflow include:



¢ Al-Driven Experimental Design: Artificial intelligence algorithms autonomously
formulate and optimize subsequent experimental conditions (e.g., reaction
temperature, pressure, reagent concentrations, reaction time) by integrating past
experimental data with advanced materials science knowledge. This capability
facilitates a vastly more efficient exploration of the materials design space compared

to traditional 'trial-and-error' methods.

¢ Robotics for Automated Synthesis: High-precision robotic arms and automated
liquid handling systems accurately and reproducibly synthesize materials according to
the Al-proposed experimental parameters. This automation virtually eliminates

human error and substantially boosts experimental throughput.

¢ In-line Characterization: Newly synthesized materials undergo real-time
characterization using a suite of analytical instruments (e.g., spectrometers,
microscopes, chromatographs). The immediately acquired data is seamlessly fed back
into the Al model, continuously refining and informing the design of subsequent
experiments. This iterative, closed-loop feedback mechanism is pivotal for

dramatically accelerating the development speed.

e Demonstrated Gold Nanomaterial Synthesis: The lab successfully showcased the
high-efficiency synthesis of gold nanomaterials, precisely identifying optimal
conditions for controlling their size, shape, and surface properties within an
unprecedented two-day timeframe. Gold nanomaterials are critically important for

diverse applications in catalysis, medicine, and advanced electronics.

By automating repetitive and time-consuming tasks, this integrated system empowers
human researchers to dedicate their expertise to more creative, strategic, and

hypothesis-driven research endeavors.



Strategic Significance and Outlook

DTU's pioneering self-driving lab is poised to profoundly impact materials science
research globally. Future expansions are anticipated to encompass a broader spectrum
of complex functional materials, extending beyond gold nanomaterials to include areas
such as advanced battery materials, novel catalysts, and pharmaceutical candidates.
Moreover, there is significant potential for various autonomous experimental systems to
interoperate and collaborate, forming a distributed, broader materials exploration
network. This transformative technology is expected to not only further diminish new
materials development lead times, reduce manufacturing costs, and enhance discovery
efficiency, but also to facilitate the serendipitous discovery of unpredictable chemical
phenomena and uncharted reaction pathways. Ultimately, this heralds an era where
human ingenuity and artificial intelligence synergistically explore vast, uncharted material
spaces, continuously generating groundbreaking materials that yield profound benefits

for human society.

Source: https://www.miragenews.com/laboratory-of-future-makes-its-own-experiments-1695774/
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#36 Atinary Technologies Demonstrates Catalyst
Optimization and Enhanced Process Safety with Al-
Driven Closed-Loop Experiments

Published June 22, 2026  Atinary Technologies USA

| overview

Atinary Technologies has demonstrated a fundamental transformation in R&D
processes through closed-loop experiments in self-driving labs, integrating Al,
robotics, and human scientific expertise. By integrating its SDLabs® platform with
existing automation systems like Chemspeed's Flex iSynth and Bruker's NMR, the
company has shown concrete results in catalyst optimization, improved process
safety, and resource savings. This approach significantly enhances the efficiency and

innovation speed in the chemical industry's R&D.
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Key Findings

Atinary Technologies has showcased a fundamental transformation in research and
development processes through closed-loop experiments conducted in self-driving labs
(SDLs), which seamlessly integrate Al, robotics, and human scientific expertise. The
company's SDLabs® platform, integrated with existing automation systems such as
Chemspeed's Flex iSynth and Bruker's NMR, has demonstrated significant achievements
in catalyst optimization, enhanced process safety, and resource conservation. This is
expected to dramatically boost the efficiency and speed of material development and

process optimization within the chemical industry.

Technical / Clinical Details

Closed-loop experiments in self-driving labs establish a continuous, autonomous cycle
where Al designs experiments, robots execute them, sensors collect data, and Al analyzes
that data to inform the next experimental design. Atinary Technologies' SDLabs® is the
intelligent software platform that enables this closed loop. The specific technical

approaches include:

e Al-Driven Experimental Design: SDLabs® leverages advanced Al algorithms, such
as Bayesian optimization and reinforcement learning, to efficiently explore optimal
conditions from limited experimental data. This allows for achieving target properties
(e.g., catalyst activity, selectivity, yield) much faster than traditional exhaustive

screening or rule-of-thumb approaches.

¢ Integration with Robotics: Seamless integration with existing lab automation
equipment like Chemspeed's Flex iSynth (a high-throughput synthesis platform) and
Bruker's NMR (Nuclear Magnetic Resonance spectrometer) has been achieved. This
allows Al-designed experimental protocols to be executed automatically, enabling a

continuous series of processes including synthesis, reaction, and analysis.

¢ Real-time Data Analysis and Feedback: Real-time data from analytical instruments
like NMR is immediately fed back into SDLabs®. The Al analyzes this data to
determine the next experimental steps and conditions, thereby accelerating the
learning cycle. This makes it possible to identify optimal catalyst compositions and

reaction conditions in a shorter timeframe than usual.



e Concrete Achievements: In catalyst development optimization, the platform
successfully explored multiple reaction pathways simultaneously and maximized
selectivity for specific products. It also contributed to improved process safety by
monitoring safety parameters (e.g., exothermic behavior) of reaction conditions in
real-time and allowing Al to optimize within safe limits. Furthermore, resource savings
were achieved by minimizing reagent usage and reducing the number of

experiments.

Background & Context

Research and development in chemistry and materials science inherently face challenges
in understanding complex phenomena and finding optimal solutions among an
immense number of possibilities. Traditional experimental approaches have been time-
and resource-intensive, often serving as bottlenecks. Particularly, catalyst development
and optimization of pharmaceutical synthesis processes demand high expertise and
significant experimental effort. The advent of self-driving labs offers a powerful solution
to overcome these challenges, dramatically improving the efficiency and speed of R&D.
This is a crucial factor for industries to rapidly bring innovative products to market and

maintain global competitiveness.

Strategic Significance & Outlook

Atinary Technologies' efforts are highly regarded as shaping the future of chemical
research. Moving forward, platforms like SDLabs® are expected to be applied not only
to catalyst development but also to broader areas of chemistry and materials science,
such as drug discovery, polymer material design, and energy storage material
optimization. Furthermore, as Al model accuracy improves, robotics technology becomes
more generalized, and interoperability between different lab systems strengthens, it will
be possible to address even larger and more complex research challenges. This is
expected to free researchers from routine work, allowing them to concentrate on
exploring deeper scientific insights and achieving previously impossible breakthroughs.
Ultimately, Al-driven closed-loop experimentation is poised to become a core

technology accelerating the innovation cycle across the entire chemical industry.

Source: https://atinary.com/blog/the-future-of-chemistry-in-an-ai-world/
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#37 NC State Develops 'Flex-Cat’ Self-Driving Lab,
Autonomously Discovering Catalysts for On-Demand
Product Switching

Published June 23, 2026  North Carolina State University =~ USA

| overview

Researchers at North Carolina State University have developed 'Flex-Cat," a self-
driving chemistry lab integrating robotics, high-pressure chemical reactors,
automated analysis, and Al. This system autonomously explores catalyst recipes and
reaction conditions, expected to significantly accelerate catalyst development for
industrial chemicals like pharmaceuticals, plastics, and fuels. Flex-Cat has also
successfully discovered catalysts capable of switching products on demand, holding

potential to revolutionize the chemical industry.
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Key Findings

A research team at North Carolina State University has successfully developed 'Flex-Cat,’
a self-driving chemistry lab that highly integrates robotics, high-pressure chemical
reactors, automated analysis, and Al. This innovative system is expected to dramatically
accelerate catalyst development for a wide range of industrial chemicals, including
pharmaceuticals, plastics, and fuels, by autonomously exploring catalyst recipes and
reaction conditions without human intervention. Notably, Flex-Cat has also succeeded in
discovering catalysts that can switch products on demand, opening new avenues for

enhancing manufacturing flexibility in the chemical industry.

Technical / Clinical Details

The Flex-Cat lab is designed as a closed-loop autonomous experimentation system that
overcomes the limitations of traditional experimental methods. Its main technological

components include:

¢ Robotics: Robotic arms automatically perform physical tasks such as precise reagent
metering, mixing, reactor charging, and sample collection. This enables continuous

execution of highly reproducible experiments, eliminating human error.

e High-Pressure Chemical Reactors: The system is equipped with specialized reactors
capable of simulating chemical reactions under high-pressure conditions commonly
used in industrial processes. This allows for practical catalyst development that can be

scaled up from lab scale.

e Automated Analytical System: Reaction products are automatically analyzed in real-
time by analytical instruments such as gas chromatography (GC), mass spectrometry
(MS), and NMR. This rapidly collects crucial data like reaction progress, product types,

yield, and selectivity.

e Al-Driven Exploration Algorithms: The collected data is fed back into Al algorithms,
including Bayesian optimization and reinforcement learning. The Al autonomously
determines the next catalyst composition, concentration, reaction temperature,
pressure, and reaction time to try. This enables efficient navigation of a vast

exploration space, leading to rapid discovery of optimal catalysts.



¢ Discovery of On-Demand Product-Switching Catalysts: Flex-Cat successfully
discovered 'switching catalysts' that can preferentially produce one product under
certain reaction conditions and another under different conditions. This suggests the
possibility of manufacturing multiple different chemical products with a single facility,

significantly improving manufacturing process flexibility and efficiency.

This integrated system resolves bottlenecks in materials development, allowing

researchers to focus on more complex chemical challenges.

Background & Context

Catalysts play a central role in the manufacturing processes of many essential chemicals
for modern society, including pharmaceuticals, plastics, fuels, and fertilizers. However,
the development of new catalysts is a highly complex and time-consuming process,
often requiring a vast number of experiments and expert intuition. It is not uncommon
for a new catalyst to take over 10 years to be commercialized. The emergence of self-
driving labs like Flex-Cat has the potential to dramatically shorten this development cycle
and accelerate the transition to a more sustainable and efficient chemical industry.
Catalysts capable of switching products on demand are highly valuable for establishing

production systems that can respond rapidly to market demand fluctuations.

Strategic Significance & Outlook

North Carolina State University's Flex-Cat is a groundbreaking technology symbolizing
the future of chemical research. Its applications are expected to expand beyond catalyst
development to a wide range of chemical and materials science fields, including drug
discovery, polymer synthesis, and optimization of energy storage materials. Further
advancements in Al and robotics technology will enable it to handle even more complex
reactions and multi-step synthesis processes. This technology will accelerate the
digitalization and automation of manufacturing processes in the chemical industry,
fostering the creation of new chemicals that contribute to a sustainable society.
Ultimately, it is anticipated that humans and Al will collaborate to discover

unprecedented breakthrough catalysts and materials more quickly and efficiently.

Source: https://news.ncsu.edu/2026/06/self-driving-catalysis-discovery/
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#38 NUS and University of Toronto Launch $10M
‘Materials Data Foundry' to Accelerate Al Materials
Discovery

Published June 18, 2026  AcademicJobs.com Singapore

| overview

National University of Singapore (NUS) and the University of Toronto Acceleration
Consortium have launched a $10 million 'Materials Data Foundry,' an open
autonomous platform combining Al and robotics. The new lab aims to accelerate Al-
driven materials discovery and generate large-scale datasets linking synthesis
protocols to material performance. This initiative is expected to dramatically shorten
the lead time for new material development, fostering innovation in both academia

and industry.
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Key Findings

The National University of Singapore (NUS) and the University of Toronto Acceleration
Consortium have jointly launched a pioneering open autonomous research platform, the
'‘Materials Data Foundry,' backed by a $10 million investment. This new lab is designed to
significantly accelerate Al-driven materials discovery and generate large-scale, high-
quality datasets that directly link synthesis protocols with material performance. This is
expected to dramatically improve the efficiency of new materials development and foster

applications across various industrial sectors.

Technical / Clinical Details

The Materials Data Foundry integrates cutting-edge autonomous research lab
technologies to address bottlenecks in materials science discovery. Key technical features

include:

¢ Al-Driven Experimental Systems: Al, trained on vast amounts of experimental data,
autonomously designs the next experimental conditions. This replaces traditional
human trial-and-error processes, enabling more efficient material exploration.
Algorithms like Bayesian optimization and reinforcement learning are utilized to

efficiently navigate unknown material spaces.

¢ Robotics for Automated Synthesis and Characterization: Advanced robotic arms
and automated synthesis equipment precisely perform material synthesis according
to Al-proposed protocols. Synthesized materials are characterized in real-time by
various automated analytical instruments, including spectroscopy, microscopy, and
electrochemical measurements. This significantly boosts experimental throughput and
reproducibility.

e Open Data Platform: The collected data on synthesis protocols and material
performance is structured into a large-scale open database. This data is shared across
the broader materials science community, contributing to the training of further Al

models and the discovery of new material design rules. Transparency and sharing

accelerate research progress.



e Focus on Dataset Generation: This lab not only aims to discover new materials but
also emphasizes 'systematically generating high-quality materials datasets.' Data that
clearly links synthesis conditions (inputs) with functional properties (outputs) is
essential for enhancing the accuracy and reliability of Al models in materials

informatics.

This approach significantly shortens the '‘Design-Make-Test-Analyze' cycle of materials

development, accelerating the path from scientific discovery to practical application.

Background & Context

The development of new materials is key to solving many challenges facing modern
society, including sustainable energy, next-generation electronics, and innovative
medical technologies. However, traditional materials development is a time-consuming
and costly process, often taking over 10 years for a single new material to reach the
market. To overcome this 'materials development bottleneck,’ autonomous labs
integrating Al and robotics are being established worldwide. The joint initiative by
leading academic institutions like NUS and the University of Toronto is crucial for
accelerating materials science innovation in the Asia-Pacific and North American regions.
This collaboration will also significantly contribute to the advancement of global

scientific knowledge.

Strategic Significance & Outlook

The launch of the Materials Data Foundry heralds a new era of Al-driven materials
science. Moving forward, this platform is expected to be applied to a wide range of
material classes, including battery materials, catalysts, high-performance polymers, and
semiconductors. The generated datasets will also enable the development of more
advanced Al models (e.g., generative Al, foundation models), further improving
predictive capabilities and design reliability. In the future, the Materials Data Foundry is
anticipated to become an international hub where academia, industry, and government
agencies collaborate to solve previously impossible materials science challenges,
continuously generating groundbreaking innovations that benefit human society. This
will further shorten materials development lead times, enabling more rapid technological

commercialization.



Source: https://www.academicjobs.com/jobs/professor-research-professor-open-rank-ai-materials-data-

foundry-lab-faculty-of-engineering-national-university-of-singapore/73426
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#39 Al-Physics Collaboration Achieves Breakthrough in
Hydrogen Storage Material Design, Pinpointing
Optimal Lattice Architectures

Published June 25, 2026  Phys.org USA

| overview

An innovative collaboration between Al and physics has yielded a breakthrough in
hydrogen storage material design. Research revealed a strong correlation between
hydrogen storage capacity and the atomic-scale geometry and thermal response of
metal lattices. Optimal metal atomic radii and relatively soft lattice structures
maximize both the volume of interstitial sites for hydrogen occupancy and hydrogen
mobility, accelerating the development of high-efficiency, next-generation hydrogen

storage technologies vital for a clean energy future.
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Key Findings

A pioneering interdisciplinary collaboration between Artificial Intelligence (Al) and
physics has achieved a significant breakthrough in the design of highly efficient
hydrogen storage materials. This research revealed a direct correlation between a
material's hydrogen storage capacity and both the atomic-scale geometry and thermal
response properties of its metal lattice. Specifically, materials with an optimal metal
atomic radius and a relatively soft lattice structure were shown to maximize both the
volume of interstitial sites available for hydrogen occupation and the mobility of
hydrogen within the lattice. This crucial insight is set to accelerate the development of

next-generation hydrogen storage solutions.

Technical / Clinical Details

Hydrogen is a promising clean energy carrier, but its efficient and safe storage remains a
major technical challenge. Previous hydrogen storage material development largely
relied on trial-and-error or empirical rules. However, the fusion of Al and physics now
enables a more systematic and predictive approach. This research employed the

following technical methods:

e Data-Driven Al Models: Al models, trained on vast existing material data
(composition, crystal structure, thermodynamic properties, etc.), screen promising
material candidates for hydrogen storage and predict their properties. This

significantly reduces the exploration space.

¢ Integration with First-Principles Calculations: Al model predictions are validated by
highly accurate first-principles calculations, such as Density Functional Theory (DFT).
DFT precisely describes electronic structures and interatomic interactions at the

atomic level, ensuring the physical validity of Al-proposed material designs.



¢ Analysis of Lattice Parameters and Thermal Response: The research team,
combining Al and DFT, meticulously analyzed hydrogen absorption/desorption

behavior in various metal lattices. This revealed crucial correlations:

o Optimal Atomic Radius: When the radius of metal atoms falls within a specific
range, the volume of interstitial sites within the lattice for hydrogen incorporation

is maximized, allowing for greater hydrogen storage capacity.

o Soft Lattice Structure: Materials with lower lattice rigidity (relatively soft lattices)
enable hydrogen atoms to move more easily within the lattice, leading to faster
absorption/desorption rates and improved storage efficiency. This favors dynamic

equilibrium in hydrogen storage.

o Thermal Response Properties: The material's thermal response properties, such
as thermal expansion and lattice vibrations, were shown to influence hydrogen
stability and mobility. Al learns these complex interactions to predict optimal

thermodynamic conditions.

These findings provide atomic-level material design guidelines, directly leading to the

development of higher-performance hydrogen storage materials.

Background & Context

Addressing global warming necessitates a rapid shift away from fossil fuels towards
renewable energy. Hydrogen energy, a clean fuel that emits no CO2 during combustion,
is expected to play a central role in next-generation energy systems. However, storing
and transporting hydrogen, which currently requires high-pressure gas or liquefaction,
still faces challenges in terms of safety, cost, and energy efficiency. Developing highly
efficient solid-state hydrogen storage materials is key to overcoming these challenges
and accelerating the widespread adoption of a hydrogen energy society. The fusion of Al
and physics offers an unprecedented speed and accuracy in solving this complex
materials science problem, attracting significant attention from governments and

industries worldwide.



Strategic Significance & Outlook

The design of hydrogen storage materials through Al-physics collaboration will continue
to evolve. In the future, Al models are expected to be developed for predicting hydrogen
storage behavior in more complex composite materials and under extreme
environmental conditions. Furthermore, integration into 'closed-loop material
development' systems, where Al-proposed material designs are automatically
synthesized and evaluated by autonomous experimental systems, will advance. This is
predicted to dramatically improve key performance indicators such as hydrogen storage
capacity, absorption/desorption rates, cycling stability, and safety, accelerating hydrogen
utilization in a wide range of applications, including fuel cell vehicles, stationary fuel cells,
and renewable energy storage systems. This technology will play an extremely critical

role in the roadmap toward achieving a hydrogen society.

Source: https://bioengineer.org/ai-and-physics-collaborate-to-design-advanced-hydrogen-storage-

materials/
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#40 LLM and MLIP Break Solid Electrolyte Discovery

Bottlenecks, Al Closed-Loop Architecture Accelerates
Development

Published June 24, 2026 arXiv Unknown
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| overview

An innovative approach integrating large language models (LLMs) and machine
learning potentials (MLIPs) is proposed to address bottlenecks in solid electrolyte
discovery. A closed-loop architecture, combining Al-driven candidate design, multi-
scale simulations, uncertainty-aware selection, and experimental validation, holds the
potential to shift research from intuition-based to data-driven self-improving cycles.
This promises to accelerate the development of high-performance all-solid-state

batteries, contributing to the future of electric vehicles and renewable energy storage.
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Key Findings

An innovative approach integrating large language models (LLMs) and machine learning
interatomic potentials (MLIPs) has been reviewed, aiming to overcome key bottlenecks in
the discovery of solid electrolytes. This approach features a closed-loop architecture that
seamlessly connects Al-driven candidate design, multi-scale simulations, uncertainty-
aware selection, and experimental validation. It holds the potential to transition solid
electrolyte research from an intuition-dependent stage to a data-driven, self-improving
cycle, thereby outlining a pathway to accelerate the development of high-performance

all-solid-state batteries.

Technical / Clinical Details

Solid electrolytes are crucial for enhancing the safety and energy density of lithium-ion
batteries, but their discovery has been extremely challenging. The closed-loop

architecture proposed in this review integrates the following key technological elements:

e LLM for Candidate Design: Large language models, learning from vast materials
science literature and databases, generate new solid electrolyte compositions and
structural candidates. LLMs can extract complex knowledge regarding material
chemical stability, ion conductivity, and interfacial compatibility, proposing promising

design guidelines.

e MLIP for Multi-Scale Simulations: The properties of candidate materials proposed
by LLMs are evaluated using molecular dynamics simulations powered by machine
learning potentials (MLIPs). MLIPs offer accuracy comparable to quantum chemical
calculations but with significantly higher speed, efficiently calculating ion conduction
pathways and activation energies in solid electrolytes. Multi-scale simulations (from
atomic to macroscopic scales) provide a comprehensive understanding of material

properties.

¢ Uncertainty-Aware Selection: Al model predictions inherently carry uncertainty. This
approach employs methods like Bayesian optimization to identify regions with high
predictive uncertainty but also high discovery potential, prioritizing them for
subsequent experiments. This enables efficient execution of the most informative

experiments within limited resources.



e Experimental Validation and Feedback: Promising material candidates proposed
and evaluated by Al are actually synthesized in robotic, autonomous lab systems, and
their key properties, such as ion conductivity and electrochemical stability, are
experimentally validated. The obtained experimental data is then fed back into the Al
model to improve its accuracy and inform the next design cycle. This closed loop

ensures continuous learning and improvement.

This integrated approach significantly accelerates the conventional 'Design-Make-Test-
Analyze' cycle of materials development, speeding up the discovery of optimized solid

electrolytes.

Background & Context

With the widespread adoption of electric vehicles (EVs) and renewable energy storage
systems, the demand for high-performance and safe batteries is rapidly increasing.
Conventional liquid electrolyte-based lithium-ion batteries face limitations in safety (fire
risk) and energy density, making all-solid-state batteries a highly anticipated next-
generation battery technology. However, discovering solid electrolytes that combine
high ion conductivity with stability has been one of the most difficult challenges in
materials science. Advancements in Al technology open new avenues to efficiently
navigate this complex search space and identify promising candidates from a vast
number of potential materials. The fusion of LLMs and MLIPs provides a powerful
computational toolbox to address this challenge, accelerating the shift from ‘intuition-

based' to 'data-driven' material discovery.

Strategic Significance & Outlook

The closed-loop architecture combining LLMs and MLIPs holds immense potential for
the design of various functional materials, not just solid electrolytes. Future
developments are expected to further enhance model predictive accuracy, scalability,

and seamless integration with experiments. Specific anticipated advancements include:

¢ Development of Universal Foundation Models: Creation of more general

‘foundation models for materials science' that are not limited to specific materials.

e Strengthened Integration with Autonomous Labs: Widespread adoption and
advancement of lab systems capable of fully automated synthesis and evaluation of

Al-designed materials.



¢ Multi-Objective Optimization: Development of Al algorithms that can
simultaneously optimize multiple performance indicators, such as mechanical

properties, cost, and environmental impact, in addition to ion conductivity.

These advancements will enable the manufacturing of all-solid-state batteries that are
safer, have higher energy density, longer lifespans, and lower costs. This will significantly
contribute to extending EV driving ranges and stabilizing renewable energy supply in

smart grids, thereby accelerating the realization of a sustainable society.

Source: https://arxiv.org/abs/2606.24480
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#41 Applied Materials Unveils New Manufacturing

Systems to Accelerate DRAM and Advanced Packaging
for Al Chips

Published June 25, 2026 GLOBE NEWSWIRE USA

| overview

Applied Materials has announced a suite of innovative chip manufacturing systems to
accelerate the production of advanced 3D chip architectures (DRAM and advanced
packaging) critical for next-generation Al workloads. These systems, leveraging
advancements in epitaxy, CMP, deposition, and eBeam technologies, aim to boost
memory speed and efficiency while increasing Al chip production yield. This
announcement directly contributes to improving Al chip performance and reducing

costs, significantly impacting the future of the semiconductor industry.
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Key Findings

Applied Materials has unveiled a suite of new chip manufacturing systems designed to
dramatically accelerate the production of advanced 3D chip architectures, specifically for
DRAM and advanced packaging, which are crucial for next-generation Al workloads.
These systems feature the latest innovations in epitaxy, chemical mechanical
planarization (CMP), deposition, and eBeam technologies, aiming to improve memory
speed and efficiency while maximizing Al chip production yield. This announcement
represents a critical step in addressing the performance and cost-efficiency bottlenecks

in Al hardware.

Technical / Clinical Details

The new systems introduced by Applied Materials focus on enabling the miniaturized,
high-density chip architectures essential for meeting the performance requirements of Al

chips. Specific technological innovations span the following areas:

e Advanced Epitaxy Technology: By growing high-quality crystalline thin films with
atomic-level control, this technology enhances the performance of DRAM cells and

transistors within logic chips, improving memory data transfer speeds and reliability.

¢ Evolution of Chemical Mechanical Planarization (CMP): CMP technology has been
enhanced for extremely precise planarization of 3D stacked structures. This is critical
for ensuring the reliability of multi-layer DRAM stacks and inter-chip connections in

advanced packaging.

e High-Precision Deposition Systems: New systems have been introduced for
uniformly and controllably depositing ultra-thin films and films with complex
compositions. This contributes to optimizing electrical and mechanical properties in

the miniaturization and multi-layering of Al chips.

¢ Leveraging eBeam Technology: Electron beam technologies for high-resolution
defect inspection and material modification have been enhanced. This identifies
defects at early stages of the manufacturing process, improving yield and reducing Al

chip production costs.



¢ 3D Chip Architecture Compatibility: These technologies are optimized for efficient
manufacturing of advanced 3D chip architectures, including high-density DRAM,
stacked memory like HBM (High Bandwidth Memory), and heterogeneous integration
using chiplet technology.

Through these integrated technologies, Al chips can achieve higher processing power,

lower power consumption, and superior reliability.

Background & Context

In recent years, the rapid advancement of generative Al has led to an unprecedented
increase in Al workloads, driving an explosive demand for high-performance Al chips.
The performance of Al chips depends not only on processor computational power but
also significantly on data transfer speeds and memory efficiency. High-speed memory,
particularly DRAM and HBM, is essential for eliminating bottlenecks in Al model training
and inference. The introduction of new technologies by leading semiconductor
equipment manufacturers like Applied Materials to address these challenges is crucial for
the overall semiconductor industry roadmap. This investment will accelerate the further
evolution of Al technology and promote the widespread adoption of Al across various

application areas, from data centers to edge devices.

Strategic Significance & Outlook

Applied Materials' new suite of systems will significantly advance Al chip manufacturing
technology and have a major impact on the semiconductor industry. It is expected that
these technologies will continue to evolve, supporting even finer process nodes (e.g.,
sub-1 nm) and more complex 3D integration technologies. Furthermore, integration with
materials informatics and Al-driven manufacturing process optimization will be
strengthened, leading to further improvements in manufacturing efficiency and quality.
This technological innovation is expected to contribute not only to enhanced Al chip
performance but also to reduced manufacturing costs, accelerating a future where Al
technology is deeply embedded in more industries and social infrastructure. Ultimately,
the evolution of Al chips will enable the realization of various future technologies, such

as autonomous driving, smart cities, and personalized medicine.

Source: https://ir.appliedmaterials.com/news-releases/news-release-details/applied-materials-introduces-
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#42 I1BM Revolutionizes Al Chip Design with Sub-1 nm
NanoStack, Achieving 50% Performance Boost or 70%
Power Reduction

Published June 25, 2026  Data Center Knowledge  USA

| overview

IBM has announced "NanoStack," an innovative semiconductor technology extending
chip scaling to sub-1 nm to meet the growing demands of Al workloads. This 3D
architecture, which vertically stacks transistors, delivers up to a 50% performance
improvement or a 70% reduction in energy consumption compared to current 2 nm
technology. NanoStack represents a critical breakthrough to dramatically enhance Al
chip computational power and efficiency, resolving bottlenecks in Al processing for

data centers.
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Key Findings

IBM has unveiled "NanoStack," a revolutionary semiconductor technology that extends
chip scaling into the sub-1 nanometer realm to meet the escalating demands of Al
workloads. This groundbreaking 3D architecture, which involves vertically stacking
transistors, achieves astonishing results: up to a 50% performance improvement or a
70% reduction in energy consumption compared to current 2 nm process technology.
NanoStack represents a pivotal breakthrough for significantly boosting the
computational power and efficiency of Al chips, addressing critical bottlenecks in Al

processing within data centers and cloud environments.

Technical / Clinical Details

NanoStack technology breaks through the limitations of conventional planar transistor

layouts, bringing a new dimension to chip design. Its key technical features include:

¢ Sub-1 nm Node Scaling: It achieves miniaturization below 1 nm, a feat previously
considered challenging on conventional roadmaps. This is made possible by
innovative advancements in precise material control and manufacturing process

technology at the atomic level.

¢ 3D Transistor Stacking: NanoStack dramatically increases transistor density per chip
area by stacking transistors not only horizontally but also vertically. This shortens
signal propagation distances, simultaneously achieving higher speeds and lower
power consumption. This marks a significant leap from the primarily planar layouts of

current 2 nm technology.



¢ Performance Enhancement and Energy Efficiency: According to IBM's

announcement, this technology offers one of the following benefits:

o Up to 50% Performance Improvement: Delivers up to a 50% increase in
processing speed compared to the 2 nm process at the same power consumption
level. This significantly reduces the time required for Al model training and

inference, enabling the execution of more complex Al tasks.

o Up to 70% Power Consumption Reduction: Achieves up to a 70% reduction in
energy consumption while maintaining equivalent performance. Data centers
consume immense amounts of power, so this reduction significantly contributes to

lower operating costs and reduced environmental impact.

¢ Fusion of Materials Science and Manufacturing Processes: The realization of
NanoStack requires the integration of multiple materials science and process
technologies, including new channel materials (e.g., 2D materials, nanosheets), high-k
gate dielectrics, and precise etching and deposition techniques. IBM has conducted

extensive R&D in these areas for years.

This technology not only enhances Al chip performance but also holds the potential to
further improve overall system efficiency through integration with high-bandwidth

memory (HBM) and chiplet technologies.

Background & Context

With the rapid proliferation of generative Al and large language models (LLMs), Al
workloads are exploding. These Al applications demand enormous computational power
and memory bandwidth, making continuous improvement in semiconductor chip
performance essential. However, silicon-based semiconductor technology is approaching
the physical limits of Moore's Law, and performance gains from traditional scaling alone
are plateauing. IBM's 3D stacking technologies like NanoStack are anticipated as 'post-
Moore' solutions that overcome these physical limits and bring new growth trajectories
to the semiconductor industry. This is a critical factor for establishing technological

advantage in an increasingly competitive global Al landscape.



Strategic Significance & Outlook

IBM's NanoStack technology holds the potential to redefine the future of Al chip design.
Moving forward, this technology is expected to be applied not only to Al chips but also
to a wide range of fields, including high-performance computing (HPC), cloud
infrastructure, and edge Al devices. The introduction of NanoStack is also expected to
accelerate technological innovation across the entire semiconductor manufacturing
supply chain. Materials scientists will focus on exploring and integrating more optimal
materials, while process engineers will concentrate on establishing more precise
manufacturing techniques. This breakthrough is anticipated to accelerate a future where
Al can perform more complex tasks faster and more environmentally friendly,
contributing to solving various societal challenges such as autonomous driving,

personalized medicine, and climate change modeling.

Source: https://www.datacenterknowledge.com/data-center-chips/ibm-pushes-ai-chip-design-forward-

with-nanostack
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#43 South Korea's Hanwha Essential Advances
Localization of Al Chip Substrate Build-up Film,

Challenging Market Monopoly

Published June 18, 2026 The Elec Inc. South Korea
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| overview

South Korea's Hanwha Essential has announced accelerated efforts towards localizing
build-up film (BuF), a critical material for Al semiconductor substrates, now entering
customer sample evaluation and quality verification stages. This strategic move
challenges Japan's Ajinomoto Build-up Film, which currently monopolizes the high-
performance BuF market, aiming for technological self-reliance in South Korea's Al
semiconductor supply chain. Successful localization is expected to stabilize the supply

chain and enhance cost competitiveness.
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Key Findings

Hanwha Essential, a major South Korean corporation, has announced accelerated
progress in its project to localize high-performance build-up film (BuF), a critical
component for Al semiconductor substrates. The company is currently in the customer
sample evaluation and rigorous quality verification stages. This strategic move aims to
challenge the global market monopoly held by Japan's Ajinomoto Build-up Film and
establish South Korea's technological independence within the Al semiconductor supply

chain.

Technical / Clinical Details

Build-up film (BuF) is an insulating material used in the formation of multi-layer wiring
for semiconductor package substrates. For high-performance, high-density
semiconductors like Al chips, extremely high reliability and fine-pitch processing
capabilities are required. BuF, exemplified by ABF (Ajinomoto Build-up Film), is
characterized by its demand for advanced functionalities such as photosensitivity, low
dielectric loss, and excellent thermomechanical properties. Hanwha Essential's ongoing
BuF development focuses on meeting these requirements, with critical technical aspects

including:

¢ Fine-Pitch Wiring Compatibility: Enhancing data transmission speed between chips
and substrates is essential for improving Al chip performance, which necessitates
miniaturization of wiring pitches on the substrate. The BuF under development must

achieve high resolution and processability to support this fine-pitch wiring.

e Low Dielectric Loss: To minimize signal attenuation during high-speed data
transmission, BuF requires low dielectric constant and low dissipation factor. This
directly impacts the energy efficiency of Al chips in data centers and high-

performance computing (HPC).

e Thermomechanical Stability: High resistance to the elevated temperatures
encountered during semiconductor manufacturing processes and thermal cycling
during chip operation is necessary. It is crucial for BuF to have a coefficient of thermal

expansion that matches that of semiconductor chips and other packaging materials.



e Customer Sample Evaluation and Quality Verification: Hanwha Essential is
conducting sample provision and evaluation with end-product manufacturers, along
with thorough internal quality verification. This stage is indispensable for confirming
that the product meets stringent semiconductor quality standards and can deliver

stable performance.

The success of this localization effort will directly contribute to strengthening the

resilience and competitiveness of South Korea's semiconductor industry.

Background & Context

The rapid advancement of Al has led to an explosive demand for high-performance Al
chips, yet the supply chain for the semiconductor substrate materials supporting these
chips is dominated by a few specific companies. Specifically, advanced packaging
technology is essential for maximizing Al chip performance, and high-performance BuF is
at its core. Japan's Ajinomoto has a long history of technological accumulation and
market share in this field. For a major semiconductor power like South Korea, reliance on
foreign sources for such critical materials has been a significant challenge from the
perspectives of geopolitical risk and supply stability. Hanwha Essential's challenge to
localize BuF is positioned as part of a national effort to mitigate these risks and ensure

the further development of South Korea's semiconductor industry.

Strategic Significance & Outlook

Hanwha Essential's efforts toward BuF localization will have a profound impact on South
Korea's Al semiconductor industry. If domestically produced BuF successfully enters the
market, South Korean semiconductor manufacturers will not only secure a stable material
supply source but also benefit from cost reductions and increased flexibility in product
development. Furthermore, this could stimulate competition in the BuF market, fostering
further technological innovation. In the future, South Korea is expected to establish an
integrated supply chain from materials to devices in the Al semiconductor sector, further
strengthening its competitiveness in the global market. This move also holds the

potential to influence localization strategies for critical materials in other countries.

Source: https://www.thelec.net/news/articleView.html?idxno=11473
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#44 South Korea's Pohang City to Establish Al-Driven

'‘K-Graphene Foundry' with Government Support,
Accelerating 2D Material R&D

Published June 19, 2026 The Investor South Korea

| overview

South Korea's Pohang City has announced plans to establish the 'K-Graphene
Foundry," an Al-driven manufacturing and validation platform for graphene and other
2D materials, with government backing. This project aims to accelerate R&D and
commercialization of innovative applications leveraging 2D nanomaterials, including
electronics, sensors, and energy storage. The K-Graphene Foundry is poised to
establish South Korea's leadership in next-generation material technology and

enhance its global competitiveness.



| N DEPTH

Key Findings

Pohang City, South Korea, with robust government support, has announced plans to
establish the 'K-Graphene Foundry," an Al-driven manufacturing and validation platform
for graphene and other two-dimensional (2D) materials. This ambitious project's primary
objective is to accelerate the research and development (R&D) and commercialization of
a wide range of innovative applications leveraging the unique properties of 2D
nanomaterials, including next-generation electronic devices, high-sensitivity sensors, and

high-efficiency energy storage devices.

Technical / Clinical Details

The K-Graphene Foundry aims to dramatically transform the 2D material development
process by integrating cutting-edge Al technologies with materials science expertise. Key

technical features include:

¢ Al-Driven Material Design and Process Optimization: Artificial intelligence
algorithms will learn the relationships between the composition, structure, synthesis
conditions, and properties of graphene and other 2D materials. This enables much
faster and more efficient material design and optimization of manufacturing
processes compared to traditional trial-and-error. Examples include optimizing

growth parameters in Chemical Vapor Deposition (CVD).

¢ Large-Scale Manufacturing and Validation Platform: Beyond laboratory-scale
development, the facility will include manufacturing lines compatible with 300mm
wafers for industrial applications, as well as validation equipment for characterization
and reliability assessment. This provides an environment that facilitates a smooth

transition from small-scale to mass production for developed 2D materials.

e Focus on 2D Nanomaterials: 2D materials such as graphene, MoS2, and hBN are
garnering significant attention as foundational materials for next-generation devices
due to their unique properties, including atomic-scale thinness, high electron
mobility, excellent mechanical strength, and large surface area. The K-Graphene

Foundry will specialize in research to maximize the potential of these materials.



¢ Diverse Application Development: Specific application areas mentioned include:

o Electronic Devices: High-speed transistors, transparent conductive films, flexible

displays, etc.
o Sensors: Ultra-high sensitivity gas sensors, biosensors, etc.

o Energy Storage: High-capacity/high-power battery electrodes, supercapacitors,

etc.

This platform will establish an integrated ecosystem from R&D to commercialization,

powerfully promoting the industrial application of 2D materials.

Background & Context

2D materials, particularly graphene, have been the subject of fierce global R&D
competition since their discovery as the 'dream material' of the 21st century. However,
scaling up excellent laboratory results to industrial-scale manufacturing and ensuring the
quality and reliability required for specific applications have remained significant
challenges. The South Korean government, leveraging its technological prowess in the
semiconductor and display industries, aims to lead the world in next-generation
materials, and the K-Graphene Foundry is a strategic cornerstone of this ambition. The
introduction of Al is key to streamlining this complex material development process and
shortening development lead times. Pohang City's selection is believed to be due to its
potential as a science and technology hub, with research institutions like Pohang

University of Science and Technology (POSTECH) concentrated there.



Strategic Significance & Outlook

The establishment of the K-Graphene Foundry is a crucial step for South Korea to solidify
its position as a global leader in the 2D materials sector. Moving forward, this platform is
expected to strengthen collaborations with international research institutions and
industry, becoming a hub that promotes open innovation in 2D material technology.
With advancements in Al technology and the expansion of manufacturing and validation
capabilities, innovative products utilizing graphene and other 2D materials are expected
to be commercialized across various industrial sectors, including electronics, energy,
automotive, and medicine. This will enable South Korea to create new economic value
and further enhance its competitiveness in the global market. Ultimately, 2D materials
have the potential to transform various aspects of society and contribute to a sustainable

future.

Source: https://www.graphene-info.com/pohang-build-ai-driven-k-graphene-foundry-government-

support

Collected: June 26, 2026 | Automated Research System (Gemini API)


https://www.graphene-info.com/pohang-build-ai-driven-k-graphene-foundry-government-support
https://www.graphene-info.com/pohang-build-ai-driven-k-graphene-foundry-government-support

#45 ASML, TSMC, and imec Establish Breakthrough
300mm Integration Process for 2D Material Transistors,
Accelerating Industrial Application

Published Published June 21, 2026  The cleanroom Portal 3I—0Ow/\

| overview

Semiconductor industry leaders ASML, TSMC, and imec have unveiled a 300mm wafer
integration process for 2D material transistors (MoS2 nFET and WSe2 pFET) featuring
a 50nm contact poly pitch (CPP). This groundbreaking achievement moves 2D
material devices from lab-scale to industrial viability, paving the way for high-density
logic, backend, and wafer-backside applications and promising significant

performance and efficiency gains for future semiconductor technologies.
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Background

The relentless pace of miniaturization in the semiconductor industry, historically driven
by Moore's Law, is now confronting fundamental physical and economic limits. This
necessitates an urgent pivot towards novel materials and innovative architectures
beyond conventional silicon. Two-dimensional (2D) materials have long been
investigated as promising candidates to succeed silicon in future transistor technologies,
yet their industrial adoption has been hampered by significant manufacturing challenges.
Chief among these are the uniform formation of atomic-scale thin films over large areas
and seamless integration into established semiconductor manufacturing processes. A
powerful collaboration between key industry players—ASML, bringing its advanced
lithography expertise; TSMC, contributing its unparalleled manufacturing capabilities;
and imegc, leveraging its cutting-edge R&D prowess—has been instrumental in
overcoming these critical barriers. This foundational development is poised to directly
influence the design and production of next-generation Al chips, mobile devices, and loT

hardware, fundamentally reshaping the trajectory of the semiconductor industry.

Key Findings

ASML, TSMC, and imec have jointly announced a pivotal development: a 300mm wafer
integration process for 2D material-based transistors, specifically molybdenum disulfide
(MoS2) nFETs and tungsten diselenide (WSe2) pFETs, achieved with an impressive 50nm
Contact Poly Pitch (CPP). This breakthrough is a crucial leap, moving 2D material
transistor technology from laboratory experimentation to industrial-scale manufacturing,
unlocking its potential for highly miniaturized logic, backend-of-line (BEOL), and wafer-

backside applications.

Conventional silicon transistors are rapidly approaching fundamental physical limits,
making further performance gains and miniaturization increasingly challenging. Two-
dimensional (2D) materials, particularly transition metal dichalcogenides (TMDs), offer a
compelling alternative due to their atomic-scale thinness, high carrier mobility, and
superior electrostatic control, positioning them as prime candidates for next-generation
transistor channels. The successful establishment of this 300mm wafer integration

process directly addresses several critical technical hurdles:



e 50nm Contact Poly Pitch (CPP): This metric defines the spacing between transistor
gates and contacts, with 50nm signifying extremely fine-grained fabrication. Such
tight integration is essential for achieving high transistor density and maximizing chip

area efficiency, critical for advanced nodes.

e 300mm Wafer Integration: The ability to consistently fabricate 2D material
transistors on industry-standard 300mm (12-inch) wafers is a monumental step
towards commercialization. This achievement promises to significantly reduce
manufacturing costs and dramatically scale up production capacity, essential for high-

volume applications.

e MoS2 nFET and WSe2 pFET Integration: Molybdenum disulfide (M0S2) exhibits n-
type semiconductor characteristics, while tungsten diselenide (WSe2) displays p-type
properties. The successful integration of both materials at an industrial scale, enabling
the formation of complementary metal-oxide-semiconductor (CMOS) circuits, is vital
for realizing lower power consumption and higher performance logic devices. This

represents a significant move beyond prior lab-scale demonstrations.

¢ Backend and Wafer-Backside Applications: The intrinsic atomic thinness of 2D
materials makes them uniquely suitable for integration beyond the conventional
front-side of the wafer. Their deployment in backend (interconnect layers) and on the
wafer backside opens new avenues for design freedom in advanced 3D stacked chips
and chiplet architectures. This capability is expected to accelerate the development of

high-density, high-performance computing (HPC) and artificial intelligence (Al) chips.

This milestone represents a profound step towards the practical implementation of 2D
material semiconductors. Looking forward, this technology is poised for further
refinement, with anticipated applications in even finer process nodes (e.g., sub-3 nm)
and performance optimization through novel combinations of 2D materials. This
breakthrough will galvanize the convergence of materials science and process
technology within the semiconductor industry, delivering the high-performance, high-
efficiency hardware platforms indispensable for the continued evolution of Al and other
demanding applications. Ultimately, this foundational innovation is set to dramatically
enhance the performance of electronic devices across the spectrum, from personal

smartphones to hyperscale data centers, thereby enriching our digital lives.



Source: https://www.reinraum.de/en/news/asml-tsmc-and-imec-make-industrial-grade-transistors-from-

2d-materials-more-tangible-through-groundbreaking-300-mm-integration.html
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#46 Machine Learning Predicts Thermal Properties of
PHB/PHBV-Based Materials with Improved Accuracy
Using Integrated Polymer Database

Published June 23, 2026 MDPI| Switzerland

| overview

This study reports a novel machine learning (ML) approach for predicting thermal
properties (glass transition temperature, melting point, crystallization temperature) of
PHB and PHBV-based materials. By building an integrated polymer database with 572
data points from literature and in-house experiments, and applying advanced feature
engineering combining chemical descriptors with polymer-specific experimental
variables, the predictive performance was significantly enhanced. This breakthrough
shortens design time for biodegradable plastics, contributing to rapid market

introduction of eco-friendly materials.
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Key Findings

A novel machine learning (ML) approach has been reported for accurately predicting the
thermal properties, specifically glass transition temperature (Tg), melting point (Tm), and
crystallization temperature (Tc), of polyhydroxybutyrate (PHB) and its copolymer
polyhydroxybutyrate-co-hydroxyvalerate (PHBV)-based materials. This study successfully
built a comprehensive integrated polymer database comprising 572 data points from
both literature and in-house experiments. By applying advanced feature engineering that
combined chemistry-based descriptors with polymer-specific experimental variables, the
research achieved a significant improvement in predictive performance compared to
conventional models. This breakthrough holds the potential to substantially accelerate

the design and development processes for biodegradable plastics.

Technical / Clinical Details

PHB and PHBV are naturally occurring biodegradable polyesters produced by
microorganisms, drawing attention as alternatives to conventional petroleum-based
plastics. However, their thermal properties vary significantly with composition, molecular
weight, and processing history, making the ability to accurately predict these properties
essential for designing optimal materials. This research adopted the following technical

approaches:

e Construction of an Integrated Polymer Database: A comprehensive database was
compiled, consisting of 572 data points on PHB/PHBV thermal properties gathered
from global scientific literature, supplemented by in-house experimental data. This

data integration provided the diversity and scale necessary for training the ML model.



e Advanced Feature Engineering: While conventional models often relied solely on
material composition information, this study designed features by combining two

types of descriptors:

o Chemistry-Based Descriptors: Features reflecting the fundamental chemical
structure of the polymer, such as monomer type, copolymerization ratio, and

molecular weight.

o Polymer-Specific Experimental Variables: Variables related to processing history
and measurement conditions that influence thermal properties, such as molding

method, annealing conditions, and measurement rate.

By combining these features, the ML model was able to learn deeper relationships

between thermal properties and material characteristics.

e Application of Machine Learning Models: Multiple machine learning algorithms
(e.g., Random Forest, Support Vector Regression, Neural Networks) were trained using
the collected data and designed features, and their predictive performance was
comparatively evaluated. The best-performing model demonstrated high accuracy in
predicting Tg, Tm, and Tc, achieving superior results in metrics like coefficient of

determination (R? and mean absolute error (MAE) compared to traditional methods.

This approach enables rapid and accurate prediction of the thermal properties of
PHB/PHBV materials that meet specific application requirements, without the need for

repetitive experimentation.

Background & Context

Environmental pollution from single-use plastics is a pressing global issue, leading to a
rapidly increasing demand for biodegradable plastics. PHB/PHBYV, due to their
biodegradability and biocompatibility, are expected to find applications in packaging
materials, agricultural films, and medical materials. However, to accelerate the market
penetration of PHB/PHBYV, it is necessary to stabilize their physical properties and
efficiently design materials tailored for specific applications. Traditional materials
development has been a time-consuming and costly trial-and-error process, delaying the
market introduction of new materials. The utilization of materials informatics and
machine learning is expected to resolve this bottleneck, serving as a crucial tool for faster

and more sustainable materials development.



Strategic Significance & Outlook

The ML-based thermal property prediction approach developed in this study will have a
significant impact on the research and development of PHB/PHBV materials. Future

research is expected to advance in the following directions:

e Expansion of Predicted Properties: Application to other important properties
beyond thermal properties, such as mechanical strength, barrier properties, and

biodegradability.

¢ Further Expansion of Datasets: Improving model generalizability by including
PHB/PHBV data with more diverse compositions, molecular weights, processing

histories, and data for other biodegradable polymers.

¢ Integration with Generative Models: Integration with generative models where Al
autonomously proposes PHB/PHBV material compositions and processing conditions

that meet the optimal thermal properties predicted by ML.

e Al-Driven Closed-Loop Materials Development: Integration into systems where
materials designed by ML models are automatically synthesized and evaluated by
robots, with results fed back into the Al

These advancements are expected to further accelerate the market introduction of
biodegradable plastics, significantly contributing to reducing environmental impact and
realizing a circular economy. PHB/PHBV-based materials will play a crucial role in various

fields, contributing to building a sustainable future.

Source: https://www.mdpi.com/2073-4360/18/13/1559
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#47 Digital Twin Technology Transforms Urban
Development and Manufacturing, Demonstrated by
Performance Monitoring and Prediction at NASA MAF

Published June 23, 2026 Axiom USA

| overview

Digital twin technology is revolutionizing diverse sectors from urban development to
manufacturing, with dynamic digital replicas of physical assets linked to real-time
data for performance monitoring, behavior prediction, and change testing. NASA's
Michoud Assembly Facility (MAF) exemplifies this, showcasing how the technology
optimizes manufacturing processes and enhances reliability, indicating digital twins'
transformative potential for industry. This technology enables increased efficiency,

cost reduction, and risk mitigation, fostering smarter decision-making.
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Key Findings

Digital twin technology is making revolutionary strides across diverse sectors, from urban
development to manufacturing, ushering in an era where dynamic digital replicas of
physical assets are linked with real-time data for performance monitoring, behavior
prediction, and testing of modifications. Notably, NASA's Michoud Assembly Facility
(MAF) serves as a prominent example, showcasing how this technology contributes to
optimizing manufacturing processes and enhancing reliability. This clearly demonstrates
the transformative potential digital twins offer to industry, acting as a key technology
that enables increased efficiency, cost reduction, and risk mitigation, while fostering

data-driven, intelligent decision-making.

Technical / Clinical Details

A digital twin is a virtual model that faithfully replicates a physical object or system in the
digital space. By synchronizing data between the real and virtual worlds in real-time, it
enables various simulations, analyses, and predictions. Its main technical components

include:

¢ Digital Replica of Physical Assets: Complex machinery, factory equipment, and
urban infrastructure are replicated in the digital space using CAD models, physics
simulation models, and operational data. This replica accurately reflects the design,

structure, function, and properties of the physical object.

¢ Real-time Data Integration: Real-time operational data collected from sensors, loT
devices, SCADA systems, etc., is continuously fed back into the digital twin. This
ensures that the digital twin always accurately reflects the current state of the physical

object and can reproduce dynamic behaviors.

¢ Performance Monitoring and Diagnostics: Through the digital twin, the
performance of physical assets can be monitored in real-time to detect abnormalities
or signs of potential failure early. This enables predictive maintenance, reducing

downtime and improving operational efficiency.



e Behavioral Prediction and Optimization: When combined with Al and machine
learning algorithms, digital twins can predict future behaviors or simulate
performance under specific scenarios. This allows for the formulation of optimal
operational strategies and the evaluation of the impact of new design changes on the
entire system, such as predicting manufacturing line bottlenecks or optimizing energy

consumption.

e Change Testing and Risk Assessment: Various changes (e.g., component
replacement, software updates, process modifications) can be virtually tested on the
digital twin without affecting the physical system. This minimizes risk while identifying

optimal improvements and verifying their effectiveness before implementation.

At NASA MAF, digital twins are utilized in the manufacturing of complex products like
space launch systems to model the entire production process and identify potential
issues in advance, thereby reducing manufacturing errors and improving product

reliability.

Background & Context

With the advancement of Industry 4.0, manufacturing faces urgent challenges in
improving productivity, stabilizing quality, and reducing costs. Furthermore, efficient
management and optimization are essential for addressing aging urban infrastructure
and realizing smart city initiatives. Digital twin technology has garnered significant
attention recently as a powerful solution to these challenges. In high-tech sectors like
aerospace and automotive, the use of digital twins across the entire product lifecycle—
from design to manufacturing, operation, and maintenance—is accelerating. NASA's
adoption of this technology is a testament to its high reliability and practicality, strongly

encouraging its adoption across other industries.



Strategic Significance & Outlook

Digital twin technology will continue to evolve rapidly and expand its application scope.
In the future, integration with more advanced Al and machine learning models is
expected to progress, potentially enabling digital twins to autonomously learn and make
decisions. Concepts such as 'twin of twins' and 'digital thread," where multiple digital
twins collaborate, will also advance, allowing for the optimization of large-scale systems
like entire supply chains or cities. This is predicted to bring about revolutionary changes
in various fields, including smart city development, strengthening manufacturing
resilience, maximizing energy efficiency, and enabling personalized medicine. Digital
twins will further advance the fusion of the physical and digital worlds, becoming a

foundational technology for building a more efficient and sustainable future society.

Source: https://www.axiomint.com/why-the-digital-twin-matters-the-worlds-most-impressive-digital-

twins-projects/
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| OVERVIEW

From a Corporate Venture Capital (CVC) perspective, eight key Al material
development companies—Cusp Al, DeepMind, Microsoft, Orbital, Matlantis, Citrine
Informatics, Aionics, and Kebotix—have been analyzed. This article compares their
generality vs. specialization, commercialization stages, and funding status, exploring
critical factors for CVC investment decisions. It highlights how the evolution of Al-

driven materials science is creating new venture investment opportunities.
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Key Findings

From the perspective of Corporate Venture Capital (CVC), eight leading companies in Al
material development—Cusp Al, DeepMind, Microsoft, Orbital, Matlantis, Citrine
Informatics, Aionics, and Kebotix—have been analyzed in detail to inform investment
decisions. This analysis compares each company's degree of technological generality
versus specialization for specific applications, their current commercialization stage, and
their past funding status. It identifies critical factors that CVCs should consider when

deciding to invest in this innovative sector.

Technical / Clinical Details

The analyzed Al material development companies employ diverse approaches to address

challenges in Materials Informatics (Ml):

¢ Generality vs. Specialization: Some companies (e.g., DeepMind, Microsoft) adopt a
broad approach, applying foundation models and general Al frameworks to materials
science. In contrast, others (e.g., Matlantis, Citrine Informatics) offer specialized
solutions for particular material classes (e.g., polymers, alloys) or specific industries
(e.g., batteries, catalysts). CVCs evaluate which type of company is more suitable

based on their strategic needs.

¢ Technology Stack: Each company leverages various Al/ML technologies for materials
exploration, design, and process optimization, including machine learning potentials,
generative models (e.g., VAE, GAN, LLM), Bayesian optimization, reinforcement
learning, and graph neural networks (GNN). Some companies are also strengthening
their integration with autonomous experimental systems and robotics to achieve

closed-loop material development.

e Commercialization Stage: The companies range from nascent startups to those that
have already partnered with major corporations and achieved concrete results. CVCs
assess which stage of company to invest in, considering the balance between risk and

return.

¢ Funding Status: Past funding rounds, valuations, and key investors (VCs, other CVCs,
etc.) are crucial indicators of a company's growth potential, market perception, and

future fundraising prospects.



This analysis extends beyond mere technical evaluation to include aspects such as

business models, market strategy, and competitive advantages.

Background & Context

Materials Informatics (M), a field leveraging Al and big data to dramatically improve the
speed and efficiency of new material development, has seen rapid growth in recent
years. Traditional materials development heavily relied on time-consuming and costly
trial-and-error experimentation, but Ml is transforming this into a data-driven approach.
The emergence of such innovative technologies is key to establishing a competitive
advantage across diverse industrial sectors, including automotive, electronics, energy,
chemicals, and healthcare. CVCs seek synergies with their core businesses and
strategically invest in technologies and companies that will be future growth drivers,

thereby accelerating innovation and maintaining market leadership.

Strategic Significance & Outlook

CVC investment in Al material development is expected to continue actively. Future
trends in this field include the development of more general foundation models for
materials science, the creation of fully automated material development pipelines
through the integration of Al and autonomous labs, and the acceleration of innovative
material design using generative Al. CVCs will capture these trends and strengthen their

investments from the following perspectives:

e Companies accelerating the closed-loop '‘Design-Make-Test-Analyze' cycle.

e Companies with deep expertise specialized in specific industrial challenges (e.g.,

high-performance batteries, CO2 capture materials).

e Companies possessing technology to evaluate the 'synthesizability' of Al-

generated material designs.
e Companies with ‘explainable Al' technology that can articulate Al-discovered

material protocols in a human-understandable manner.

Through such strategic investments, CVCs will strengthen their technological portfolios

and accelerate the discovery of new materials that contribute to a sustainable society.



Source: https://www.zyl0-lab.com/blogs/31-ai-materials-informatics-cvc-diligence
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#49 Institute of Science Tokyo Dramatically Enhances
Material Prediction Interpretability with ALIGNN and
Clustering Al, Precisely Forecasting Optical Absorption
Spectra

Published June 25, 2026  Lab Manager Japan

~

| overview

Researchers at the Institute of Science Tokyo have developed a novel method
combining a graph neural network (ALIGNN) with hierarchical clustering to
significantly improve the interpretability of Al-driven material predictions. This
approach accurately forecasts high-dimensional optical absorption spectra from
atomic structures, demonstrating strong agreement with experimental data, and
crucially, identifies key atomic-level factors influencing these predictions. This
breakthrough addresses the 'black box' problem in Al models, providing researchers

with deeper insights for advanced material design.
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Key Findings

Researchers at the Institute of Science Tokyo have achieved a significant breakthrough in
materials informatics by developing a novel method that dramatically enhances the
interpretability of Al-driven material property predictions. Their new approach integrates
a graph neural network (ALIGNN) with hierarchical clustering, enabling the precise
prediction of high-dimensional optical absorption spectra from atomic structures while
simultaneously revealing the algorithmic logic behind these predictions in an
understandable format. This technique not only shows strong agreement with
experimental data but also explicitly identifies crucial atomic-level factors that determine
a material's functional properties, marking a paradigm shift in Al-assisted material

science.

Technical / Clinical Details

The core of this innovative methodology lies in the synergistic combination of ALIGNN's
superior graph representation learning capabilities and hierarchical clustering for
structured feature extraction. ALIGNN treats crystal structures as graphs, learning
complex properties by considering interatomic bonds and geometric arrangements. The
subsequent hierarchical clustering allows for a detailed and interpretable extraction of
which atoms or bonding patterns exert the most influence on a given prediction. For
instance, it can automatically discover specific atomic arrangement ‘motifs' contributing
to particular optical properties, providing intuitive insights for materials scientists to
guide new material designs. Traditionally, despite their high predictive power, Al models
have faced a 'black box' problem where their internal mechanisms were opaque; this new

approach effectively overcomes that barrier.



Background & Context

Materials informatics, a field leveraging Al and data science to accelerate the discovery
and design of new materials, has seen rapid advancements. However, the lack of
transparency in why high-performing Al models make certain predictions has limited
deeper scientific understanding and practical application in material design. The ability
to accurately and interpretably predict high-dimensional data like optical absorption
spectra, which reflects a material's electronic structure and optical properties, holds
immense significance for the development of optoelectronic materials such as solar cells,

LEDs, and sensors.

Strategic Significance & Outlook

This interpretable Al-driven material prediction technology has the potential to
fundamentally transform R&D in materials science. By understanding the 'why' behind
Al's predictions, researchers can formulate new hypotheses about physicochemical
mechanisms, thereby conducting experimental validations more efficiently. This shifts the
conventional trial-and-error approach of material development towards an intelligent
exploration facilitated by Al-human collaboration. In the future, this technology is
expected to be applied to the design of various functional materials, contributing to
accelerated innovation in sectors like new energy, information and communication

technology, and medicine.

Source: https://www.labmanager.com/how-interpretable-ai-enhances-materials-discovery-for-research-
labs-35625
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#50 Frontiers Launches Research Topic on "High-
Throughput Al-Driven Materials Discovery for High-
Rate Batteries,” Accelerating Next-Gen Energy Storage

Published Date unknown Frontiers Switzerland

| overview

Frontiers has initiated a new research topic, "High-Throughput Al-Driven Materials
Discovery and Design for High-Rate Batteries," aiming to revolutionize battery
material development through machine learning for predictive design, high-
throughput computational screening, and data-driven experimental methodologies.
The initiative targets accelerating the discovery and optimization of critical
components like novel electrodes and solid electrolytes for next-generation energy
storage. This effort is poised to drive breakthroughs in battery technology,

contributing significantly to a sustainable energy transition.
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Key Findings

The academic publisher Frontiers has launched a new research topic, "High-Throughput
Al-Driven Materials Discovery and Design for High-Rate Batteries: from Computational
Screening to Device Performance.” This comprehensive initiative aims to fundamentally
transform the processes of discovery, design, and optimization for materials critical to
next-generation high-rate battery performance through the integration of Al and data-

driven methodologies.

Technical / Clinical Details

This research topic focuses on three primary technological approaches. Firstly, predictive
design using machine learning, where Al models forecast properties of new material
candidates from existing data and simulations, efficiently suggesting promising material
structures. Secondly, high-throughput computational screening, involving the rapid and
automated execution of first-principles calculations like Density Functional Theory (DFT)
or molecular dynamics simulations on vast numbers of material candidates to select
those meeting specific performance requirements. Thirdly, data-driven experimental
methodologies, where Al optimizes experimental plans, collaborates with robotic
automated experimental platforms (self-driving labs) for rapid synthesis and evaluation
of discovered material candidates, and feeds the resulting data back into the Al model to
perpetuate the learning cycle. Particular emphasis is placed on developing components
necessary for high-rate charge and discharge batteries, such as novel electrode

materials, solid electrolytes, and separators.

Background & Context

Amidst global efforts to combat climate change and transition to cleaner energy,
demand for electric vehicles (EVs) and renewable energy storage systems is skyrocketing,
making the development of high-performance batteries an urgent priority. High-rate
batteries, requiring rapid charging and high power output, are particularly key to next-
generation mobility and grid stabilization. Traditional material development processes,
heavily reliant on trial-and-error experimentation, have been inefficient, consuming
significant time and cost. The introduction of Al and high-throughput technologies is
recognized as an indispensable means to overcome these bottlenecks and achieve

breakthroughs more rapidly and efficiently.



Strategic Significance & Outlook

The knowledge and technological innovations emerging from this research topic are
expected to dramatically improve the performance, safety, and durability of high-rate
batteries. This will directly contribute to extended range and faster charging times for
EVs, as well as the broader adoption of renewable energy. Al-driven platforms will enable
the exploration of entirely new material systems previously undiscovered, facilitating
ventures into realms unattainable through conventional physicochemical intuition alone.
In the long term, this approach is anticipated to extend beyond battery material
development to the design and optimization of various functional materials, serving as

foundational technology for achieving a sustainable society.

Source: https://www.frontiersin.org/research-topics/78634/high-throughput-ai-driven-materials-

discovery-and-design-for-high-rate-batteries-from-computational-screening-to-device-performance
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#51 U.S. Department of Energy (DOE) Collaborates with
Microsoft to Advance Al Innovation Ecosystem,
Accelerating Battery Material Development

Published June 22, 2026  Department of Energy ~ USA

| overview

The U.S. Department of Energy (DOE) is actively advancing the Al innovation
ecosystem, leveraging Al for advanced computing and materials research in
particular. Through collaboration with Microsoft, DOE is accelerating research into
new battery electrolyte materials and developing Al foundation models for scientific
discovery and applications. This initiative is vital for fostering innovation in the energy
sector, strengthening U.S. technological leadership, and shaping a clean energy

future.
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Key Findings

The U.S. Department of Energy (DOE) is strategically committed to fostering and
strengthening an Al-centric innovation ecosystem. As part of this broad initiative, DOE is
actively promoting the application of Al, especially in advanced computing capabilities
and materials science research, with outcomes crucial for shaping the future of clean

energy.

Technical / Clinical Details

Central to DOE's Al innovation drive is its close collaboration with Microsoft. This
partnership is dramatically accelerating research into new battery electrolyte materials. Al
models rapidly screen promising electrolyte candidates from vast material datasets,
predicting properties such as stability, ion conductivity, and safety. This significantly
shortens the material development cycle compared to traditional trial-and-error
approaches. Furthermore, DOE is focused on developing Al foundation models designed
for scientific discovery and diverse applications. These foundation models are not
specialized for single tasks but are engineered to address a wide range of scientific
problems, expected to be leveraged across DOE's diverse mission areas, including

materials science, fusion energy, and climate modeling.

Background & Context

Al, with its data processing and pattern recognition capabilities, holds the potential to
dramatically enhance the speed and efficiency of scientific discovery. Particularly in the
energy sector, there is a multitude of complex challenges to solve, such as improving
battery performance, exploring new energy sources, and enhancing the accuracy of
climate modeling. To maintain U.S. technological leadership and strengthen global
competitiveness, integrating Al technologies at the forefront of scientific research is
indispensable. The partnership between DOE and Microsoft serves as a model for how
academia, industry, and government agencies can collaborate to bridge cutting-edge Al

research with practical energy solutions.



Strategic Significance & Outlook

DOE's proactive advancement of the Al innovation ecosystem holds profound
significance for the U.S. in establishing global leadership in clean energy technologies.
Accelerating the development of battery electrolyte materials will directly lead to
extended range and faster charging times for electric vehicles and improved efficiency in
renewable energy storage, powerfully supporting the realization of energy transition. The
proliferation of Al foundation models will enable scientists and engineers to tackle more
complex scientific problems efficiently, fostering an environment for unprecedented
discoveries and innovations. In the long term, this initiative is expected to bring broad
benefits to U.S. economic growth, national security, and the achievement of a sustainable

society.

Source: https://www.energy.gov/cet/doe-advancing-ai-innovation-ecosystem
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#52 Institute of Science Tokyo Develops ML Framework
to Infer Semiconductor Material Parameters with High
Accuracy in Under 1 Millisecond from Transistor
Measurements

Published June 18, 2026 Institute of Science Tokyo / Advanced Intelligent Systems  Japan
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| overview

Researchers at the Institute of Science Tokyo have developed a groundbreaking
machine learning framework for solving inverse problems in semiconductor materials.
This tandem neural network enables the inference of physical parameters of
semiconductor materials from transistor measurements with high accuracy in under
one millisecond. It offers a dramatic speedup over conventional iterative optimization
methods, with applications in manufacturing quality checks and real-time analysis for
autonomous laboratory systems, poised to significantly impact the semiconductor

industry.
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Key Findings

A research team at the Institute of Science Tokyo has developed a groundbreaking
machine learning framework capable of solving complex 'inverse problems' in
semiconductor material analysis with unprecedented speed and accuracy. This tandem
neural network allows for the inference of physical parameters of semiconductor
materials from transistor measurements in less than one millisecond, all while
maintaining high precision. This technology holds the potential to dramatically
accelerate quality control and material development processes in semiconductor

manufacturing.

Technical / Clinical Details

The framework employs a ‘tandem structure,’ arranging two neural networks in series.
The first network functions as a 'forward model," predicting the electrical characteristics
of a transistor (e.g., current-voltage curves) from the material's physical parameters (e.g.,
bandgap, mobility, impurity concentration). The second network, trained using data
generated by this forward model and actual experimental data, acts as an ‘inverse
model," inferring the original physical parameters from the measured transistor
characteristics. Once trained, this inverse model can directly infer material parameters
from new measurement data without requiring iterative numerical optimization.
Conventional inverse problem-solving methods, based on nonlinear optimization
algorithms, typically required seconds to minutes to obtain a solution. This new
framework reduces that to less than one millisecond while significantly improving the

accuracy of parameter inference.



Background & Context

The semiconductor industry, exemplified by Moore's Law, constantly demands
miniaturization, higher performance, and lower costs. When developing new
semiconductor materials and device structures, accurately identifying their physical
parameters is crucial for performance evaluation, yield improvement, and fault diagnosis.
However, estimating these internal parameters from electrical measurements (‘inverse
problems') has been known to be mathematically challenging and computationally
expensive. This bottleneck has slowed down the R&D cycle for new materials and
hindered the optimization of manufacturing processes. The introduction of Al,
particularly deep learning, is gaining traction as a powerful means to overcome this
challenge, with applications in the semiconductor sector advancing as part of materials

informatics.

Strategic Significance & Outlook

This machine learning framework developed by the Institute of Science Tokyo is poised
to have a profound impact on the semiconductor industry. For real-time quality control
on manufacturing lines, rapid parameter estimation at the wafer level will enable early
detection of defects and immediate process adjustments, leading to dramatic yield
improvements. In autonomous laboratory systems, integrating this technology into Al
agents' decision-making processes will further accelerate and autonomize the entire
cycle from material exploration to device fabrication and evaluation. In the future, this
versatile inverse problem-solving framework is expected to be applied not only to the
semiconductor field but also to the characterization and design of other functional
materials, such as quantum materials, battery materials, and catalysts, thereby

collectively enhancing the speed and efficiency of scientific discovery.

Source: https://www.isct.ac.jp/en/news/tky57fxj4rub
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#53 Lisa Pedrosa Explains the Rise of 'Self-Driving Labs'
Integrating Al & Robotics, Transforming Scientific
Discovery

Published June 20, 2026 Lisa Pedrosa USA

| overview

Lisa Pedrosa's article details how 'self-driving labs," integrating Al, robotics, and
human expertise, are fundamentally transforming scientific discovery. These labs
autonomously design, execute, and analyze experiments through a continuous
learning loop, drastically accelerating discovery processes. It highlights systems like
Argonne National Laboratory's Polybot, which demonstrate autonomous discovery for
polymers and electronic materials, noting a growing trend of startups offering closed-
loop experimental services. This represents a critical trend shaping the future of

scientific research.
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Key Findings

Lisa Pedrosa's article highlights the rapid emergence of 'self-driving labs' as one of the
most significant trends in the realm of scientific discovery. These laboratories are
fundamentally transforming the landscape of scientific research by seamlessly
integrating artificial intelligence (Al), robotics, and human expertise, enabling

autonomous experimental cycles through a continuous learning loop.

Technical / Clinical Details

At the core of self-driving labs is a closed-loop system where Al automatically designs,
executes, analyzes experiments, and plans the next experimental steps. For instance,
systems like Polybot, developed at Argonne National Laboratory, can autonomously
explore and discover new compositions and properties for polymers and electronic
materials. The Al learns from existing scientific data and physical models, using
algorithms such as Bayesian optimization to identify the most promising experimental
conditions. Subsequently, robotic arms or automated synthesis equipment precisely
execute physical experiments as instructed by the Al. The resulting experimental data is
fed back to the Al in real-time, allowing the Al to learn from its 'experience’ and further
optimize subsequent experimental steps. This iterative process holds the potential for Al
to complete discovery processes in days or weeks that would take human researchers

months or years. This resolves R&D bottlenecks and significantly enhances efficiency.

Background & Context

The discovery of new materials and drugs is essential for solving many challenges facing
modern society (e.g., energy, healthcare, environment). However, traditional scientific
research has been a time-consuming and costly process, heavily reliant on trial and error.
Advances in data-driven approaches in materials informatics and bioinformatics, coupled
with robotic automation, have made self-driving labs a reality. This trend is attracting
significant interest not only from academic research institutions but also from industries,
particularly in materials, pharmaceuticals, and chemicals. The increasing number of
startups offering closed-loop experimental services indicates that this technology is

already beginning to generate commercial value.



Strategic Significance & Outlook

Self-driving labs are poised to dramatically expand the speed and scale of scientific
discovery, ushering in a future where researchers can focus on more complex, higher-
order problem-solving. The widespread adoption of this technology will drive
groundbreaking breakthroughs across diverse fields, including rapid drug development,
discovery of high-performance battery materials, design of new catalysts, and even
material development for space exploration. Furthermore, by eliminating human bias
and enabling more objective and extensive exploration, it will contribute to unexpected
discoveries and the creation of entirely new scientific knowledge. As Lisa Pedrosa notes,
self-driving labs are expected to evolve the 'design-make-test-analyze' cycle in scientific
research into a continuous learning loop, becoming an indispensable tool for scientists

to achieve greater impact more quickly and with fewer resources.

Source: https://www.lisapedrosa.com/self-driving-lab/
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#54 Cen-Online.org Details Breakthroughs and

Industrial Applications in Catalyst Discovery Driven by
Digital Tools and Al

Published June 24, 2026  Cen-Online.org Unknown

| overview

Cen-Online.org's article details recent advancements in catalysis and their industrial
applications, highlighting how digital tools and Al are transforming catalyst discovery.
Computational chemistry, machine learning, and automated experimentation are
accelerating the identification and optimization of new catalyst materials for cleaner
and more efficient industrial processes. This progress holds significant implications for
driving the transition to sustainable chemical manufacturing, contributing to both

environmental reduction and economic benefits.



| N DEPTH

Key Findings

An article published on Cen-Online.org provides a detailed account of recent
groundbreaking advancements in catalysis and their wide-ranging implications for
industrial applications. It particularly emphasizes how digital tools and artificial
intelligence (Al) are fundamentally transforming the catalyst discovery process, enabling
the identification and optimization of new catalytic materials with unprecedented speed

and efficiency.

Technical / Clinical Details

The article outlines three primary technological approaches accelerating catalyst
discovery. Firstly, advancements in computational chemistry, utilizing first-principles
calculations like Density Functional Theory (DFT) and molecular dynamics simulations,
enable virtual screening of numerous material candidates to predict their electronic
structures, reaction energy barriers, and adsorption behaviors, thereby efficiently
identifying promising catalyst designs. Secondly, the introduction of machine learning
(ML). ML models learn from existing catalytic data to predict the performance of new
materials with novel compositions or structures. This allows for effective navigation of
vast material search spaces and narrowing down candidates for experimental synthesis.
Thirdly, the adoption of automated experimental platforms, often referred to as 'self-
driving labs.' By combining robotics and Al, the entire process of catalyst synthesis,
characterization, and reaction testing is executed autonomously, with resulting data fed
back into ML models to perpetuate the learning cycle. This closed-loop system

drastically reduces the time from catalyst discovery to optimization.



Background & Context

Catalysts play an indispensable role in nearly all foundational industries, including
petroleum refining, chemical synthesis, environmental remediation, and energy
conversion. However, their discovery and optimization have often relied on years of
experience and extensive experimental trial-and-error, making it a costly and time-
consuming process. Amidst urgent calls to address climate change and achieve a
sustainable society, there is a strong demand for developing new catalysts that are more
efficient, selective, and environmentally friendly. The convergence of digital tools and Al
is becoming a crucial driving force in solving this challenge and enabling the chemical

industry to transition towards a cleaner, more sustainable future.

Strategic Significance & Outlook

The acceleration of catalyst discovery through digital tools and Al promises immense
economic and environmental benefits for the chemical industry. This progress will enable
the production of desired chemicals with less energy and fewer resources, contributing
to waste reduction and CO2 emission control. For example, innovative catalytic solutions
can be rapidly developed for areas such as plastic recycling, biomass conversion,
hydrogen production, fuel cells, and direct air capture (DAC). In the future, Al-driven
catalyst design platforms are expected to gain the capability to design and manufacture
customized catalysts ‘'on-demand' for specific industrial needs, enhancing the overall
competitiveness and innovativeness of the chemical industry. This technological
revolution will be a significant accelerator for achieving the Sustainable Development
Goals (SDGs).

Source: https://cen-online.org/advances-in-catalysis-and-their-industrial-applications/
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#55 IBM Quantum Promotes Next-Gen Quantum
Algorithm Development for Complex Materials via
Quantum Credits Program

Published June 22, 2026 IBM Quantum USA

| overview

IBM Quantum is actively driving advancements in quantum simulations for complex
materials, especially those with many-body interactions, through its Quantum Credits
program. This initiative supports researchers developing next-generation quantum
algorithms for problems challenging for classical computers. By using quantum
algorithms to compute ground-state energies for lattice models and explore
fundamental physics beyond classical limits, new breakthroughs in drug discovery
and materials design are anticipated. This accelerates the practical application of

quantum computing.
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Key Findings

IBM Quantum, through its innovative Quantum Credits program, is robustly advancing
research into quantum simulations for complex material systems, particularly those with
many-body interactions that are challenging for classical computers to handle. This
program aims to support the development of next-generation quantum algorithms and

expand the frontiers of scientific discovery.

Technical / Clinical Details

The IBM Quantum Credits program enables researchers and developers to access IBM's
advanced quantum hardware and software, allowing them to develop and test quantum
algorithms for solving complex computational problems. One of the primary application
areas for this program is quantum simulation in materials science. Quantum computers
can model phenomena dominated by quantum mechanical effects, such as the behavior
of electrons within molecules or interatomic interactions in crystal lattices, with greater
accuracy and without relying on the approximations of classical computers. The article
highlights instances where quantum algorithms are being used to calculate ground-state
energies for lattice models. This is a critical problem in fundamental physics, relevant to
superconductors, magnetic materials, and thermoelectric materials, and its accurate
computation is indispensable for designing new functional materials. Quantum
computing offers a new pathway to transcend the limitations of classical computational

power and deeply explore the behavior of previously unresolved many-body systems.

Background & Context

The discovery and design of new materials, as well as the understanding of complex
chemical reactions, are crucial for diverse industries such as energy, healthcare, and
electronics. However, many problems in these fields are deeply rooted in quantum
mechanical properties, and classical computers have been limited to obtaining
approximate solutions due to resource constraints and computational time. Quantum
computing is anticipated as a next-generation technology that can break through this
‘computational wall," enabling highly accurate atomic-level simulations. Large
corporations like IBM investing significantly in this area indicate that the practical

application of quantum computing is becoming a tangible reality.



Strategic Significance & Outlook

The next-generation quantum algorithms developed under the IBM Quantum Credits
program will have an immeasurable impact on the fields of materials science and
chemistry. Improved accuracy in calculating ground-state energies for lattice models will
contribute to a deeper understanding of properties in quantum materials like
superconductors and topological insulators, expanding their application potential. In the
future, these quantum algorithms will accelerate breakthroughs in a wide range of areas,
including the design of new pharmaceuticals, the development of high-efficiency
catalysts, and the exploration of innovative battery materials. IBM's initiatives are
expected to foster the growth of the entire quantum computing ecosystem and play a
vital role in ushering in a new era of scientific discovery. This presents a unique
opportunity for researchers, engineers, and investors to link the potential of quantum

technology to real-world problem-solving.

Source: https://www.ibm.com/quantum/blog/credits-recipients
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#56 Orbital Industries, 'AlphaFold for Materials
Science,' Raises $50M, Bringing Total Funding to $71M

Published Date unknown Resilience Media USA

| overview

Orbital Industries, a deep tech startup dubbed 'AlphaFold for materials science,' has
raised an additional $50 million, bringing its total funding to $71 million. The
company focuses on industrial tech hardware and leverages its technology to address
critical industry challenges, including reducing dependence on scarce materials and
components, unstable third-party suppliers, long supply chains, and environmental
impact. This substantial funding round strengthens Orbital Industries' position as a
leader in materials informatics, bolstering its foundation for bringing innovation to

industry.
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Key Findings

Orbital Industries, a deep tech startup lauded as the 'AlphaFold for materials science,’
has successfully secured an additional $50 million in funding. This new capital infusion
brings the company's total funding to $71 million, further solidifying its position as a key

player in the materials informatics sector.

Technical / Clinical Details

At its core, Orbital Industries' technology combines Al and high-performance computing
to predict and optimize the relationship between a material's atomic-level structure and
its properties. Much like 'AlphaFold' revolutionized protein structure prediction, Orbital
Industries precisely models how material composition, structure, and manufacturing
processes influence final performance. Specifically, this technology is employed to search
for alternative materials that reduce dependence on scarce critical elements, develop
new domestic materials to circumvent unstable supply chains, and design materials that
lower the overall environmental footprint of manufacturing processes. The company also
focuses on industrial tech hardware, aiming to shorten the cycle from R&D to
commercialization by linking computational discovery with physical experimentation and

manufacturing.

Background & Context

Modern industry faces multiple challenges, including resource depletion, supply chain
vulnerabilities, and escalating environmental regulations. To address these issues, it is
essential to discover and develop new materials that surpass the limitations of existing
ones and are more sustainable and high-performing. However, traditional material
development processes have relied on costly and time-consuming trial-and-error,
creating a significant bottleneck for innovation. Materials informatics, using Al and data-
driven approaches, has emerged as a promising means to solve this challenge, and
Orbital Industries is at the forefront of this movement. Their technology provides

strategic solutions to these global challenges.



Strategic Significance & Outlook

The substantial funding secured by Orbital Industries will provide a robust foundation to
further strengthen its R&D capabilities and accelerate the commercialization of its
technology. The company's '‘AlphaFold for materials science' approach is expected to
dramatically increase the speed of new material discovery and enable the design of high-
performance materials tailored to specific industrial needs. For example, in critical
industries such as energy storage, aerospace, defense, and electronics, breakthroughs
are anticipated in creating lighter, more durable materials, more efficient energy
conversion materials, and manufacturing materials with lower environmental impact.
Orbital Industries' success will be a powerful example of how the transformation of
scientific discovery brought about by Al directly contributes to solving real-world

industrial challenges and building a sustainable and resilient future.

Source: https://resiliencemedia.co/orbital-industries-an-alphafold-for-materials-science-raises-50m/
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#57 Vilnius University, in Collaboration with
International Team, Develops Next-Generation
Quantum Simulators with Multicomponent Ultracold
Atoms for QUASIMODO Project

Published Published June 25, 2026  Vilnius University (VU) J 7Z7

| overview

An international team, spearheaded by physicists from Vilnius University, is
developing next-generation quantum simulators under the QUASIMODO project. This
ambitious initiative leverages multicomponent ultracold atoms to synthesize and
investigate complex quantum materials and phases, which are notoriously difficult for
classical computers to model. This work is poised to accelerate breakthroughs in
fundamental physics and materials science, laying groundwork for advanced quantum

computing, enhanced quantum sensors, and other future quantum technologies.
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Background

Quantum materials science presents a landscape of fascinating physical phenomena and
immense technological potential, encompassing breakthroughs like superconductivity,
the quantum Hall effect, and topological insulators. Yet, unraveling the fundamental
quantum mechanical behaviors of these materials has proven exceedingly challenging
due to their inherent complexity. Quantum simulators are garnering significant attention
as potent tools to 'recreate’ such exotic materials in a controlled laboratory environment,
enabling detailed study of their properties. This development represents a crucial stride
toward the practical application of quantum technology, even as the broader field of
quantum computing remains in its nascent stages. Research institutions globally are
engaged in a vigorous competition for the development and deployment of quantum

simulators, and the QUASIMODO project stands at the vanguard of this critical endeavor.

Key Findings

An international research team, including physicists from Vilnius University (VU), is
driving the development of next-generation quantum simulators within the framework
of the 'QUASIMODOQ' project. This ambitious initiative aims to synthetically create and
comprehensively study complex quantum materials and quantum phases—phenomena
that have been exceptionally challenging to model accurately with conventional classical
computers. The project achieves this by harnessing multicomponent ultracold atoms,

allowing for a detailed exploration of their fundamental properties.



Technical Details

Central to the QUASIMODO project is the application of advanced laser cooling
techniques to chill atoms to temperatures approaching absolute zero, followed by their
precise manipulation using optical traps. A groundbreaking innovation lies in the
construction of 'multicomponent’ ultracold atomic systems, which integrate not merely a
single atomic species but multiple distinct types of atoms. This approach significantly
enhances the diversity of interatomic interactions, thereby enabling simulators capable
of emulating far more complex quantum phenomena. The system is specifically designed
to explore unresolved problems in condensed matter physics, such as Hubbard models
and quantum magnets, through direct quantum simulation. While classical computers
quickly encounter exponential computational limits when tackling these complex
problems, quantum simulators efficiently uncover the properties of these quantum
systems by directly 'reproducing’ their intricate behaviors. This capability holds immense
promise for significant breakthroughs in fundamental science, including elucidating the
mechanisms of high-temperature superconductivity and accelerating the design of novel

topological materials.

Strategic Significance & Outlook

The next-generation quantum simulators developed through the QUASIMODO project
are poised to have an immeasurable impact on the future of quantum technology. This
advanced technology will not only inform the design principles for improved quantum
computing hardware but also directly contribute to the development of more sensitive
and robust quantum sensors. Moreover, by enabling the creation of quantum phases
and materials that previously existed only in theoretical constructs, these simulators will
accelerate new discoveries in fundamental physics, profoundly deepening our
understanding of matter. In the long term, these quantum simulators are expected to
form the foundational basis for innovative technological applications across diverse
fields, including energy storage, information communication, and medical diagnostics.
Vilnius University's pioneering initiative marks a crucial milestone in unlocking the

profound societal value that quantum science promises to deliver.

Source: https://www.vu.lt/en/all-news/vu-scientists-and-partners-to-develop-next-generation-quantum-
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