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Review paper outlines advancements in
generative models, multimodal learning, and
closed-loop workflows for inverse materials
design.

Google Research introduces 'Matter to
Mechanism' benchmark to evaluate AL
co-scientists' ability to derive scientific
hypotheses.

Finland's VTT launches AI-driven 'RADIANT'
project, aiming to slash materials development
time from years to months.

Kemira and CuspAlI use generative Al to design
over 5,000 PFAS removal MOF materials in 6
months, revolutionizing water treatment.

WEF reports Al-driven materials discovery boosts
industrial experiment throughput by 5500%,
cutting R&D; to weeks.

Argonne outlines roadmap for Al-driven
autonomous labs using LLMs to revolutionize
battery research, accelerating discovery.

UChicago's ElectrolyteGPT autonomously
generates battery electrolyte formulations,
discovering novel compositions.

IBS develops Crossbreeding Neural Network
(CBNN) for Al to discover catalysts from disparate
material families.

Argonne Lab leverages AI/ML for atomic-level
design of 2D MXene materials, opening diverse
applications.

DOE-University alliance accelerates custom
polymer development via autonomous Al inverse
design workflow and Polybot.

University of Toronto's Acceleration Consortium
drives material development with Self-Driving
Labs (SDLs), cutting time and cost.

NC State's POLARIS autonomous lab discovers
lead-free nanoplatelets in 12 hours, accelerating
discovery by 100x.

NequIP GNN predicts amorphous material
many-body interactions at 10,000x lower cost
than DFT, revolutionizing simulations.

Apoha raises $36M to scale Al platform for
designing proteins, food ingredients, and new
materials using 'Liquid State Intelligence'.

Al inverse-designs a carbon-based nanolattice
'super-material' stronger than steel and lighter
than foam.

Topsoe announces Al as the 'fifth paradigm' in
materials science, revolutionizing catalyst,
electrolysis, and battery design.

PolyGraphPy unifies atomistic simulation and
ML-driven polymer design in a Python framework,
using GNNs and GPT.

ML-based structure-property relationship
modeling boosts polymer property prediction
accuracy, using XGBoost and SFOA.
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ORIGAMI, an orientation-aware GNN, assesses

ORIGAMI Protein
#31 GNN Research ® ... ® ® ... ° multimeric interfaces of protein complex
structures for improved binding specificity.
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I Three Questions That Demand Your Decision This Week

@ Is your R&D; pipeline leveraging Al for 5500% gains?

The WEF reports autonomous Al platforms are boosting industrial experiment throughput by 5500% and
cutting R&D; from years to weeks. Are your US/EU R&D; teams equipped to achieve similar efficiencies, or are
Asian competitors gaining a critical speed advantage?

® How will 2M new crystal structures impact your IP strategy?

Google DeepMind's GNoME has predicted over 2 million new stable crystal structures, vastly expanding the
materials design space. Does your IP strategy account for this explosion of potential new materials, and are you
prepared to identify and secure key innovations before competitors?

© Are you investing in 'Liquid State Intelligence' for new materials?

Apoha raised $36M for an Al platform using 'Liquid State Intelligence' to design proteins, food ingredients, and
materials. Are your US/EU materials and chemical companies exploring this novel data category to unlock
breakthroughs in complex liquid-phase material behaviors?

I Opportunities vs. Threats for US/European Companies
Opportunity vs. Threat Matrix for US/European Companies
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® Al/Auto Critical Rapid R&D; cycles Lagging discovery speed
® PFAS_AI Opp. New enviro solutions Miss market demand
©® Battery Critical Faster battery dev Tech obsolescence
® AI_Plat Opp. Adopt R&D; tools Competitor advantage
® SuperMat Opp. Novel product lines Disruptive tech
® 2D_AI Ref. Advanced 2D design Slow material design
® Polymer Opp. Custom polymer design Inefficient R&D;
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I Deep Dive @ — DeepMind's GNoME: 2M New Crystal Structures

Reliability® ® ® OO US/EU Relevancco ® ® ® ®

Google DeepMind's GNoME project, using graph neural networks (GNNs), has predicted over 2 million new
stable crystal structures, exceeding the total known material catalog accumulated over the past century. This
breakthrough, coupled with Al-powered autonomous labs (A-Labs), dramatically shortens material

development timelines.

GNoME predicts material properties and stability directly from atomic structures, enabling high-throughput
generation of theoretically stable new material candidates without physical synthesis. A-Labs integrate Al
and robotics for automated design, synthesis, and analysis in a closed-loop process, compressing
development from years to weeks.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: The sheer scale of GNOME's predictions is unprecedented,
fundamentally altering the starting point for materials discovery. While the 'Medium' source
suggests a qualitative overview, the underlying DeepMind research is typically robust.
[Opportunity] for US/EU materials companies to leverage these open-source predictions (if
available) or develop similar internal capabilities to explore vast chemical spaces for novel
applications. [Threat] is that competitors, particularly those with strong Al capabilities, will gain
a significant first-mover advantage in discovering and patenting these new structures. Next
Action: [R&D;] Evaluate GNoME's public data access and integrate GNN-based prediction tools
into existing materials design workflows by Q4 2026. [Strategy] Assess potential IP
implications and competitive landscape shifts.

I Deep Dive @ — AI Designs 5,000 PFAS Removal MOFs in 6 Months

#16 | 2026/06/02 | Water Technology | Tech Novelty® ® ® ® O Proximity® @ ® OO Market Impact® ® ® ® ® Data
Reliability® ® ® OO US/EU Relevancco ® ® ® ®

Kemira (Finland) and CuspAl (UK) utilized generative Al to create over 5,000 novel Metal-Organic
Framework (MOF) material designs for PFAS removal in just six months. This collaborative project explored
approximately 300 trillion material structures, targeting specific PFAS molecules like GenX, PFBS, and PFOS.

The generative AI models optimized MOF chemical composition, pore size, and surface functionalization to
maximize selectivity and adsorption capacity. This dramatically reduces the development timeline for PFAS
removal solutions, a critical environmental challenge, compared to traditional trial-and-error methods.
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» Strategic Analyst's Perspective

Strategic Analyst's Perspective: This is a concrete, high-impact application of generative Al,
demonstrating rapid innovation in a critical environmental sector. The numbers (5,000 designs
in 6 months) are highly realistic given the power of generative Al for initial screening.
[Opportunity] for US/EU water treatment companies and chemical suppliers to rapidly develop
and commercialize Al-designed solutions for PFAS and other persistent pollutants. This also
presents an opportunity for Al platform providers to partner with industrial players. [Threat]
for companies relying on traditional R&D;, as they risk being outpaced in developing effective
and cost-efficient solutions. Next Action: [R&D;] Investigate generative Al platforms for
environmental remediation materials. [Business Dev] Explore partnerships with Al materials
science startups like CuspAl. [Procurement] Assess current PFAS removal technologies and
identify gaps that AI-driven solutions could fill by Q3 2026.
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I Deep Dive @ — WEF: AI Boosts R&D Throughput by 5500%

#17 | 2026/06/02 | The World Economic Forum | Tech Novelty ® OOOO Proximity® ® ® ® ® Market Impacte ®@ @ ® ®
Data Reliability® ® @ OO US/EU Relevancce @ @ ® ®

The World Economic Forum's MINDS initiative reports that closed-loop autonomous platforms have boosted
industrial experiment throughput by up to 5,500% and shortened R&D; timelines from months to weeks.
This signifies Al's transition from pilot to production phase in materials discovery.

One company reduced battery electrolyte discovery lead times from two years to three months, cutting
physical experiments by up to 70%. This integration of robotics, Al-driven experiment selection, simulation,

and real-time learning is accelerating innovation across various materials research fields.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: The WEF report, while an overview, provides compelling
evidence of Al's mature impact in industrial R&D.; The 5500% throughput increase is a
staggering, yet plausible, figure when comparing fully autonomous, optimized workflows to
manual processes. [Opportunity] for US/EU OEMs and materials suppliers to integrate
AlI-driven autonomous labs (SDLs) into their R&D; to drastically cut time-to-market and costs,
securing a competitive edge. [Threat] for any company not actively adopting these closed-loop
systems, as they will be severely outpaced by competitors in efficiency, innovation speed, and
cost-effectiveness. Next Action: [Executive] Mandate a cross-functional task force (R&D;,
Strategy, IT) to evaluate and pilot autonomous lab technologies within 6 months.
[Procurement] Identify vendors and partners for AI-driven robotics and materials informatics
platforms by Q4 2026.

I Other Notable Articles

DOE Advances Physics-Aware Al Framework (Department of Energy)
Tech Novelty® ® ® ® O Proximity® ® OOO Market Impacte ® @ ® O

US DOE's physics-aware Al framework for inverse material design is a foundational step for national tech

leadership.

Orbital Industries Secures $50M Series B Funding for AI Materials Platform (Fundraise Insider)
Tech Novelty® @ ® OO Proximity® @ ® ® O Market Impact® @ @ @ O

Orbital's $50M funding for Al-designed dielectric coolants signals strong market confidence in Al for specific

industrial applications.

NC State's POLARIS Autonomous Lab Discovers Lead-Free Nanoplatelets in 12 Hours (NC State News)
Tech Novelty® ® ® ® ® Proximity® @ ® OO Market Impacte @ @ @ O

PoLARIS's 100x faster discovery of lead-free nanoplatelets highlights the immense speed advantage of

autonomous labs for eco-friendly materials.

Apoha Raises $36M to Scale Al Platform for Designing Proteins, Food Ingredients, and New Materials with Liquid-State Molecular Behavior Data (PPTI
News)

Tech Novelty® ® @ ® O Proximity® @ ® ® O Market Impact®e @ @ @ O
Apoha's focus on 'Liquid State Intelligence' for Al training offers a unique approach to designing complex

materials and ingredients.
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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 WEF report on Al R&D; acceleration; assess internal capabilities against 5500%
throughput gains.

¢ [R&D;] Identify current R&D; bottlenecks that could be immediately addressed by Al-driven design or
autonomous lab tools.

e [Strategy] Begin competitive intelligence scan for Al-driven materials IP, especially in battery and
environmental sectors.

| Short-term (1 month)

e [R&D;] Pilot a generative Al platform (e.g., for crystal structures, polymers, or specific formulations)
to evaluate its potential for accelerating discovery.

e [Procurement] Research vendors for AI-driven materials informatics software and autonomous lab
hardware, focusing on US/EU providers.

¢ [Business Dev] Explore potential partnerships with AI materials startups (e.g., CuspAl, Apoha) or
academic consortia (e.g., UofT Acceleration Consortium).

| Medium-long term (quarter+)

e [Strategy] Develop a 3-5 year roadmap for integrating AI and autonomous labs into core materials
R&D;, including budget and talent acquisition plans.

¢ [Legal/IP] Establish a proactive IP strategy to navigate the rapidly expanding landscape of
Al-designed materials and secure key innovations.

e [R&D;] Invest in training programs for engineers and scientists on AI/ML, GNNs, and data science for
materials, fostering an Al-literate workforce.

troy-technical.jp/en | Original curation. Article copyrights belong to respective authors. | Gemini API + Claude | 2026-06-07
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DOE Advances Physics-Aware Al Framework for Inverse
Material Design with Foundation Models and
Generative Al

Published May 29, 2026  Department of Energy ~ USA

| overview

The U.S. Department of Energy (DOE) has announced a groundbreaking physics-
aware Al framework, integrating foundation models, generative Al, and agentic Al, to
enable the inverse design of materials with predictable functionalities. This framework
establishes closed-loop learning systems that iteratively combine material prediction,
synthesis, characterization, and analysis, aiming for interpretable and reliable material
design outcomes. This paradigm shift promises to drastically reduce material
development timelines, accelerating the discovery and optimization of advanced

materials crucial for sectors like manufacturing, energy, and national defense.



| N DEPTH

Key Findings

The U.S. Department of Energy (DOE) has unveiled a novel 'physics-aware Al framework’
that leverages foundation models, generative Al, and agentic Al to achieve the ultimate
goal in materials science: the inverse design of materials with predictable functionalities.
This innovative approach establishes 'closed-loop learning systems' that iteratively link
prediction, synthesis, characterization, and analysis, thereby dramatically accelerating the

materials discovery process.

Technical / Clinical Details

¢ Integrated Al Framework: The system combines deep learning, generative Al, and
agentic Al with foundation models. By incorporating fundamental physical principles
and constraints, it builds models that are not merely data-driven but also highly

reliable and interpretable.

¢ Closed-Loop Learning: The Al proposes material candidates, evaluates their
properties through simulations or robotic experiments, and then learns from the
generated data to refine the next set of candidates. This autonomous cycle allows

researchers to efficiently explore material design spaces for desired properties.

¢ Interpretability and Reliability: The integration of physics constraints enhances the
transparency and trustworthiness of the Al's material designs, making it easier for
scientists to understand the underlying principles. This is a critical factor for successful

translation to real-world applications.

e Data Integration: The framework integrates diverse data types, including large
curated datasets, computational modeling results, and experimental outcomes, to

train and validate the Al models comprehensively.



Background & Context

Traditional materials development has historically been a high-cost, time-consuming
process heavily reliant on trial-and-error experimentation, often taking decades for new
materials to reach the market. The advent of Al is recognized as the 'fifth paradigm'
poised to fundamentally transform this process. The DOE's initiative is crucial for
securing U.S. technological leadership and delivering innovative solutions for critical
sectors such as manufacturing, energy, and national security, ultimately contributing to a

sustainable future.

Strategic Significance & Outlook

The deployment of this physics-aware Al framework is expected to revolutionize the
entire process of material discovery, design, and qualification. Al-driven inverse design
capabilities will enable the creation of novel materials with properties previously deemed
impossible, contributing to solutions for broad societal challenges such as enhanced
energy efficiency, reduced environmental impact, and the development of new defense
technologies. The DOE plans to strengthen collaborations with academic and industrial

partners to expedite the practical implementation of this transformative technology.

Source: https://www.energy.gov/undersecretaryforscience/genesis-mission/designing-materials-

predictable-functionality

Collected: June 06, 2026 | Automated Research System (Gemini API)
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Google DeepMind’'s GNoME Predicts Over 2 Million
New Crystal Structures, Revolutionizing Chemical
Engineering with Al and Autonomous Labs

Published May 29, 2026 Medium  USA

| overview

Google DeepMind's GNoME project, utilizing graph neural networks (GNNs), has
predicted over 2 million new stable crystal structures, surpassing the total known
material catalog accumulated over the past century. This breakthrough, coupled with
autonomous labs (A-Labs) integrating Al and robotics for automated material design,
synthesis, and analysis, dramatically shortens development timelines. This fusion of Al
and automation is set to revolutionize material discovery efficiency in chemical
engineering, paving the way for sustainable solutions and redefining the future of

materials science.



| N DEPTH

Key Findings

Google DeepMind's GNoME (Graph Networks for Materials Exploration) project has
achieved a landmark breakthrough, predicting over 2 million new stable crystal
structures using graph neural networks (GNNs), exceeding the entire catalog of known
materials discovered over the last century. Concurrently, Al-powered autonomous
laboratories (A-Labs) are integrating Al with robotics to automate the design, synthesis,
and analysis of novel materials, significantly accelerating the material development
process within chemical engineering. This synergistic approach drastically reduces the

time required for discovering and developing new materials.

Technical / Clinical Details

¢ GNOME's Contribution: GNoME is a specialized GNN model for materials science
that predicts material properties and stability directly from atomic structures. This
capability enables the high-throughput generation of theoretically stable new
material candidates without the need for physical synthesis. The materials predicted
by GNoME exhibit high structural diversity and hold immense value as starting points

for future materials research.

e Autonomous Labs (A-Labs): A-Labs represent systems that integrate Al, robotics,
and advanced sensor technologies. The Al formulates experimental plans, robots
execute material synthesis and characterization, and the results are fed back to the Al
in a 'closed-loop" process for optimization of subsequent experimental cycles. This
reduces manual intervention, allowing researchers to focus on more complex and

creative challenges.

e Accelerated Discovery: The combination of Al and A-Labs has the potential to
compress material development timelines from years to mere weeks or months. This
enables efficient exploration of vast chemical spaces, particularly for materials with

specific functionalities that were previously challenging to identify.



Background & Context

In chemical engineering, there is a growing demand for high-performance and
sustainable materials, yet their development remains a bottleneck. Traditional material
development heavily relies on costly and time-consuming experimentation. In this
context, Al and automation technologies are seen as transformative tools to overcome
these bottlenecks and enable faster, more efficient material discovery. Al models like
GNoME are positioned as the 'fifth paradigm' in materials science, pioneering the

frontier of data-driven scientific discovery.

Strategic Significance & Outlook

The integration of Al and autonomous laboratories is expected to accelerate new
material development across a wide range of industrial sectors, including batteries,
catalysts, pharmaceuticals, and polymers. This will lead to reduced R&D costs and
shorter time-to-market, with significant economic implications. Furthermore, with Al
functioning as a co-scientist, the discovery of unprecedented, breakthrough materials is
anticipated, contributing to the realization of a more sustainable and advanced society

globally.

Source: https://chemenggcalc.com/ai-is-transforming-chemical-engineering/

Collected: June 06, 2026 | Automated Research System (Gemini API)
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Top 7 Al Formulation Software Platforms Compared:

Schrodinger, Citrine Informatics Accelerate R&D in
Materials

Published May 29, 2026  ChemCopilot USA

| overview

ChemCopilot's 2026 ‘Top 7 Al Formulation Software' report highlights leading
platforms like Schrédinger, Citrine Informatics, and Uncountable for accelerating R&D
in the chemical and materials industries. These platforms leverage Al and large-scale
data architectures to predict new material properties, optimize experimental designs,
and streamline production scale-up for polymers, alloys, and coatings. Their ability to
handle complex data structures and proprietary enterprise machine learning models

is crucial for driving industry innovation.



| N DEPTH

Key Findings

The 'Al Formulation Software: Top 7 Platforms Compared (2026)' report by ChemCopilot
indicates that leading Al formulation software providers, including Schrédinger, Citrine
Informatics, ChemCopilot, Uncountable, and Sunthetics, are significantly accelerating
R&D processes within the chemical and materials industries. These platforms leverage Al
to efficiently predict material properties, optimize experimental designs, and streamline
production scale-up, proving to be indispensable tools for reducing lead times and costs

in new material development.

Technical / Clinical Details

¢ Diverse Al Models: Each platform employs proprietary machine learning models,
such as graph neural networks (GNNs) and deep learning, to learn the relationships
between material structure and properties. This enhances the prediction accuracy for
a wide array of material characteristics, including polymer strength, alloy corrosion

resistance, and coating durability.

e Data Management and Integration: A common feature is the ability to efficiently
ingest and manage large material databases and experimental data in a structured
format. This provides high-quality datasets essential for training Al models and

further boosting their predictive capabilities.

¢ Predictive Modeling: Al extracts patterns from existing material data to predict the
properties of novel, as-yet-unsynthesized materials. This reduces the number of
traditional trial-anderror experiments, allowing research to focus on more promising

candidates.

e Optimization Features: Platforms offer tools to concurrently optimize multiple
material properties (e.g., strength and lightness), recommending optimal material

compositions and manufacturing processes based on user-defined objectives.

e Scalability: Emphasis is placed on the scalability of Al support throughout the
development process, from lab-scale small batch production to industrial-scale mass

production.



Background & Context

The chemical and materials industries face challenges such as shorter product lifecycles,
demands for sustainability, and intensified competition. Historically, material
development has been a resource-intensive and time-consuming process, acting as a
bottleneck for innovation. The emergence of Al formulation software provides a critical
means to overcome this situation, enabling companies to bring new products to market
more rapidly and efficiently. Platforms like Citrine Informatics have demonstrated success
through public-private partnerships in developing advanced materials such as metallic

glasses and nanoparticle catalysts.

Strategic Significance & Outlook

The Al formulation software market is projected for rapid growth. The integration of Al
with autonomous laboratories (SDLs) is expected to further accelerate material
development. This could lead to the emergence of innovative materials across diverse
fields, including batteries, catalysts, electronic materials, and biomaterials. Companies
adopting these advanced tools are expected to maximize R&D efficiency and secure a
competitive edge in developing sustainable, high-performance products. In the future, Al
is anticipated to serve as a 'co-inventor,' collaborating with human scientists in the

discovery process.

Source: https://www.chemcopilot.com/blog/ai-formulation-software-top-7-platforms-compared-2026

Collected: June 06, 2026 | Automated Research System (Gemini API)
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U.S. Department of Energy and Citrine Informatics
Partner to Accelerate New Materials Discovery with Al

Published May 29, 2026  Department of Energy ~ USA

| overview

The U.S. Department of Energy's (DOE) SLAC National Accelerator Laboratory has
formed a new public-private partnership with Al-driven materials informatics
company Citrine Informatics to explore the future of Al-powered new materials
discovery. This collaboration combines Citrine's Al platform with the world's largest
materials database, enabling the prediction of new process reactions by leveraging
patterns within the data. This initiative is expected to significantly accelerate the
discovery process and resolve bottlenecks in material development, particularly in

metallic glasses research and the optimization of nanoparticle catalyst synthesis.
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Key Findings

The U.S. Department of Energy's (DOE) SLAC National Accelerator Laboratory is
accelerating new materials discovery through an innovative public-private partnership
with Citrine Informatics, an Al-driven materials informatics company. This collaboration
merges Citrine's Al platform with the world's largest materials database, enabling the
decryption of complex patterns within data and the high-precision prediction of new
process reactions and unknown material properties. This advancement is poised to
overcome traditional bottlenecks in materials development and open doors to novel

industrial applications.

Technical / Clinical Details

e Citrine Al Platform: The platform integrates advanced machine learning algorithms
with extensive curated material datasets. This allows for the prediction of properties
for materials with specific compositions and structures before physical
experimentation. Graphical machine learning models are particularly utilized to

capture non-linear relationships within structural and experimental data.

¢ Predictive Accuracy and Efficiency: The Al learns from material datasets to rapidly
and accurately predict new process reactions and material properties. This
significantly reduces the number of trial-and-error experiments in the early stages of
R&D, focusing efforts on more promising candidates. While specific accuracy figures

are not detailed in the article, a substantial improvement is implied.

e Application Areas: This partnership specifically targets the discovery and
development of metallic glasses (amorphous alloys) and the optimization of synthesis
processes for nanoparticle catalysts. Metallic glasses, with their high strength and
corrosion resistance, are promising for aerospace and medical applications.

Nanoparticle catalysts are crucial for enhancing chemical reaction efficiency.

e Data-Driven Discovery: Shifting from traditional hypothesis-driven approaches to
data-driven discovery expands the potential to uncover previously overlooked

material correlations and properties.



Background & Context

The discovery and development of new materials are fundamental to innovation across
numerous industries, including energy, electronics, medicine, and aerospace. However,
this process has historically been extremely time-consuming and costly. The partnership
between SLAC National Accelerator Laboratory and Citrine Informatics is a critical
strategic step for the U.S. to leverage Al's power to address this challenge and maintain
leadership at the forefront of materials science. Such public-private partnerships are also

notable as models for rapidly translating academic research into industrial applications.

Strategic Significance & Outlook

This partnership inaugurates a new era where Al functions as a 'co-inventor' in materials
science. Al-driven rapid material exploration and optimization will accelerate
breakthroughs in diverse fields such as batteries, semiconductors, environmental
remediation materials, and biomaterials. In the future, Al is expected to become an
indispensable tool for human scientists in elucidating more complex material systems
and unknown physical phenomena. This will likely accelerate the market introduction of

new material solutions for a sustainable society.

Source: https://www.energy.gov/cmei/amo/articles/artificial-intelligence-future-new-materials-discovery
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Al and Simulation Transform Materials Design in
Europe, Supercharging Green and Digital Transitions

Published Published May 29, 2026 MaX I—0Ow/\

| overview

Europe is fundamentally reshaping its approach to materials design by integrating
simulation and artificial intelligence, significantly bolstering its competitiveness in
green and digital transitions. Generative Al now enables rapid screening and the
creation of vast libraries of potential material compositions, replacing traditional,
lengthy trial-and-error experiments. This innovation allows for the prediction of
crucial material properties before physical synthesis, dramatically cutting

development time and costs.
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Background

Europe has established ambitious objectives, including achieving carbon neutrality by
2050 via the 'European Green Deal' and advancing its digital economy. Essential for
these targets is the development of innovative advanced materials across sectors like
batteries, catalysts, electronic components, and lightweight structural applications. With
traditional material development methods struggling to keep pace with rapidly evolving
demands, the strategic adoption of Al and simulation technologies has become critical
for Europe to maintain global competitiveness and accelerate these transitions. Research
and development in this domain are spearheaded by Centers of Excellence such as MaX

(Materials design at the Exascale).

Key Findings

The integration of high-performance computing (HPC) simulations with artificial
intelligence (Al) is fundamentally reshaping materials design in Europe, profoundly
enhancing its competitiveness within both green and digital transformations. A pivotal
development is the introduction of generative Al tools, which have redirected the
conventional, months-to-years-long trial-and-error experimental process. Instead, vast
libraries of potential chemical compositions and structures can now be rapidly
generated. This paradigm shift frequently allows for the prediction of critical material
properties prior to physical synthesis, resulting in substantial reductions in development

time and cost.



At its core, generative Al learns from existing materials datasets to autonomously
propose novel chemical compositions and structures tailored for specific properties,
vastly expanding the traditional design space. These Al models then rapidly screen
thousands to millions of these generated candidates, accurately predicting their critical
physical properties—such as strength, conductivity, and thermal stability. This
dramatically reduces the need for extensive physical synthesis and testing, optimizing
resource allocation. Furthermore, the integration of physics-based constraints ensures
that Al-generated materials are chemically and physically viable, minimizing the creation
of unrealistic designs. This approach is synergistically enhanced by coupling Al with
materials simulations, like Density Functional Theory (DFT) calculations performed on
HPC systems. Such simulations not only enrich the training data for Al models, boosting
their predictive accuracy, but also provide a crucial mechanism for validating the
properties of Al-generated materials. Ultimately, these advancements translate into
significantly reduced R&D timelines and costs, accelerating the market introduction of

novel technologies and fostering broader societal innovation.

Source: https://max-centre.eu/11589-2/
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Citrine Platform and Al Significantly Reduce Graphite
Anode Failure Rate via Iterative Experimental Feedback

Published May 29, 2026  arXiv Unknown

I OVERVIEW

This research demonstrates that the Citrine Platform, utilizing an Al-guided iterative
closed-loop workflow, successfully achieved the design and optimization of graphite-
based anode formulations, leading to a significant reduction in process failure rates.
By integrating data management, machine learning, design space definition, and
candidate selection, the platform rapidly converges on manufacturable, high-
performance anode formulations. This methodology marks a critical step towards
improving battery cell manufacturing reliability and performance, accelerating next-

generation battery development.
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Key Findings

Recent research has demonstrated that an iterative closed-loop workflow, leveraging the
Citrine Platform and artificial intelligence (Al), has significantly reduced process failure
rates in the design and optimization of graphite-based anode formulations. This
approach has led to rapid convergence on manufacturable, high-performance anode
compositions. This integrated methodology is crucial for enhancing battery cell
manufacturing reliability and performance, representing a breakthrough in accelerating

the development of next-generation battery technologies.

Technical / Clinical Details

¢ Citrine Platform Capabilities: The Citrine Platform seamlessly integrates data
management, machine learning model building, design space definition, and the
selection of optimized candidates. This platform learns structure-property
relationships in materials and predicts optimal material compositions based on user-

defined objectives (e.g., energy density, cycle life).

¢ Closed-Loop Workflow: Researchers synthesize and evaluate anode formulations
proposed by the Al, feeding the results back into the Al model. The Al learns from this
new data to generate improved candidates for the next experimental cycle. This
iterative 'predict-experiment-learn’ cycle allows for much more efficient convergence

to optimal formulations compared to traditional trial-and-error approaches.

¢ Graphite Anode Optimization: Graphite is a key anode material for lithium-ion
batteries, but optimizing its performance requires complex formulation adjustments.
The Al-guided approach predicts the impact of formulation tweaks on cell
performance and manufacturing stability, avoiding formulations that lead to failures,
thereby reducing process failure rates. While specific reduction percentages vary,

significant improvements are reported.

e GEMD Framework: The General Experiment and Material Data (GEMD) framework,
which represents material structure, process, and property data in a graph-based
format, is utilized to structure complex material data efficiently for processing by Al

models.



Background & Context

Lithium-ion batteries are indispensable for electric vehicles and renewable energy
storage systems, but improving their performance and reliability remains a pressing
challenge. Specifically, anode material optimization directly impacts battery energy
density, fast-charging capability, and cycle life. Conventional materials development
methods have struggled to identify optimal formulations from an immense number of
possibilities. This research leverages the power of materials informatics and Al to
overcome this challenge and contribute to the advancement of the entire battery

industry.

Strategic Significance & Outlook

The closed-loop design workflow, powered by the Citrine Platform and Al, has potential
applications beyond graphite anodes, extending to next-generation battery materials
(e.g., silicon anodes, solid-state electrolytes) and other high-performance materials. This
is expected to significantly reduce material discovery lead times and costs, enabling
faster market introduction of more efficient, safer, and sustainable products. This
technology will also facilitate the creation of digital twins for battery manufacturing

processes and contribute to the realization of smart factories.

Source: https://arxiv.org/html/2606.00187v1
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Al and Graph Neural Networks Drive a Materials
Revolution: Gulf University on Property Prediction

Published Published May 30, 2026  Gulf University /N\—L —>

I OVERVIEW

Gulf University research highlights Al's profound impact on materials science,
particularly through Graph Neural Networks (GNNs). These models predict material
properties directly from atomic structures, eliminating physical synthesis and
accelerating development. Google DeepMind's GNoME project showcased this
potential by identifying over 2 million new stable crystal structures, surpassing all

previously known materials.
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Key Findings

Gulf University researchers are underscoring how Atrtificial Intelligence (Al) is
fundamentally transforming engineering research, particularly in materials science. A
cornerstone of this transformation is the application of Graph Neural Networks (GNNs),
which enable the high-precision prediction of physical properties—such as hardness,
conductivity, and thermal stability—directly from a material's atomic structure. This
capability eliminates the need for physical synthesis or costly experimentation,
dramatically reducing both the lead time and expense associated with new material
development. Google DeepMind's GNoME project vividly demonstrated this
technology's profound potential by predicting over 2 million new stable crystal
structures, a number exceeding the entire catalog of known materials accumulated over

the past century.

Technical Details

¢ Graph Neural Networks (GNNs): GNNs are a class of deep learning models
designed to process data represented as graphs. In materials science, they model
interatomic bonds and interactions as graph structures, leveraging this data to predict
material properties. This approach facilitates a comprehensive understanding of a
material's atomic-level characteristics and accurate prediction of its macroscopic

behavior, proving particularly effective for crystal and molecular structure analysis.

¢ Property Prediction without Physical Synthesis: Traditionally, assessing new
material properties necessitated laborious physical synthesis and extensive
experimentation. GNNs circumvent this by enabling property prediction through
advanced computational simulations, drastically cutting down time-consuming and
expensive experimental cycles. This presents a significant advantage, particularly

during the crucial early stages of material screening and discovery.



¢ Impact of Google DeepMind's GNoME: The GNoME project maximized GNN
capabilities by integrating them with one of the world's most extensive material
databases. Its prediction of over 2 million new stable crystal structures exponentially
broadens the chemical space available for scientific exploration, paving the way for
unprecedented breakthroughs. Many of these computationally discovered materials
are anticipated to find critical applications in fields such as advanced batteries,

efficient catalysts, and next-generation semiconductors.

e Multimodal Data Utilization: GNNs demonstrate a remarkable capacity to integrate
and learn from diverse data formats. This includes fundamental structural data (such
as atomic coordinates, element types, and bonding information) alongside more
complex attributes like electronic properties and chemical reactivity, leading to more

robust and accurate predictions.

Background & Context

Engineering research, particularly within materials science, has traditionally been guided
by three core paradigms: empirical experimentation, theoretical modeling, and
computational simulations. However, the escalating complexity and demand for rapid
innovation in modern material development are increasingly straining these
conventional approaches. Al, especially data-driven methodologies, is now emerging as
a 'fourth’ or even 'fifth paradigm' to address these critical challenges. Gulf University's
strategic focus on this research area not only fosters technological innovation regionally

but also underscores its significant contribution to the global scientific community.

Strategic Significance & Outlook

The continued evolution of Al and GNNs is poised to generate significant ripple effects,
extending beyond materials science into critical domains like drug discovery, chemical
process optimization, and environmental technologies. The accelerated discovery of
novel materials will expedite the development of superior-performance batteries, more
efficient catalysts, highly durable structural components, and groundbreaking
pharmaceuticals. This progression is anticipated to be instrumental in achieving a
sustainable society and fostering the creation of entirely new industries. Looking ahead,
Al is expected to expand its role as an 'Al co-scientist,' working collaboratively with
human researchers to tackle increasingly complex problems and unlock unprecedented

creative discoveries.



Source: https://www.gulfuniversity.edu.bh/blog/from-data-to-discovery-how-ai-is-transforming-

engineering-research
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arXiv: BiMat-ML Advances Stacked 2D Material

Property Prediction via Multimodal Learning and GNNs

Published May 31, 2026 arXiv Unknown
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| overview

A new research paper on arXiv proposes "BiMat-ML," a multimodal learning approach
for property prediction in stacked two-dimensional (2D) materials. This method
utilizes graph neural networks (GNNs) to process molecular and crystal data,
achieving high predictive performance and efficiency, overcoming the computational
cost of Density Functional Theory (DFT). The BiMat-ML framework demonstrates
effectiveness for both homostructural and heterostructural bilayer materials, proving
applicable across diverse GNN architectures and poised to accelerate next-generation

2D material design.
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Key Findings

A recent research paper published on arXiv introduces "BiMat-ML," an innovative
multimodal learning approach designed for predicting the properties of stacked two-
dimensional (2D) materials. This method significantly enhances predictive performance
and computational efficiency by employing Graph Neural Networks (GNNs) for
processing molecular and crystal data, thereby serving as a powerful alternative to
computationally intensive Density Functional Theory (DFT). The BiMat-ML framework
demonstrates its effectiveness and efficiency for both homostructural and
heterostructural bilayer materials, proving broadly applicable across various GNN
architectures and poised to considerably accelerate the design and discovery of next-

generation 2D materials.

Technical / Clinical Details

e Multimodal Learning: BiMat-ML integrates multiple data modalities (e.g., atomic
configurations, chemical bonds, electronic properties) to capture the complex
characteristics of stacked 2D materials. This provides comprehensive insights that

might not be obtainable from a single data source.

e Leveraging Graph Neural Networks (GNNs): GNNs represent the atomic structure
of materials as a graph, efficiently propagating and aggregating information between
nodes (atoms) and edges (bonds) to predict material properties. This enables detailed
capture of local geometric features and electronic state interactions. The introduction
of GNNs allows for significant reduction in computational cost compared to DFT

while achieving comparable predictive accuracy.

e BiMat-ML Framework: The BiMat-ML framework developed in this study is
specifically tailored for stacked 2D materials, predicting electronic properties such as
band gaps, work functions, and charge transfer for both homostructural (e.g.,
MoS2/MoS2) and heterostructural (e.g., MoS2/WS2) bilayer configurations. The
framework is highly flexible and can utilize different GNN models (e.g., GCN, GAT,

DimeNet) as its backbone.



¢ Efficiency and Scalability: While DFT calculations can take hours to days even for
small atomic systems, GNN-based BiMat-ML can provide predictions for tens of
thousands of materials in a short time, making it an indispensable tool for large-scale

material screening and inverse design.

Background & Context

2D materials have garnered significant attention across various fields, including next-
generation electronics, energy storage, and catalysis, due to their unique physical and
electronic properties. Heterostructures (stacked bilayer materials) formed by layering
different 2D materials, in particular, hold infinite possibilities for designing materials with
novel functionalities. However, the exploration space for these materials is vast, and
traditional first-principles calculations (like DFT) have struggled to efficiently evaluate all
possible combinations. Al-driven approaches like BiMat-ML are crucial for resolving this

computational bottleneck and accelerating advancements in 2D materials research.

Strategic Significance & Outlook

Methods combining multimodal learning and GNNs, such as BiMat-ML, have the
potential to revolutionize the design of stacked 2D materials. This will enable the
efficient identification of 2D heterostructures with specific electronic properties,
accelerating the development of high-performance transistors, sensors, solar cells, and
thermoelectric materials. In the future, it is expected that this framework will further
evolve to be applied to property prediction for multilayer structures and materials with
more complex interfaces. This will further emphasize the importance of data-driven

approaches in materials science.

Source: https://arxiv.org/html/2606.01012v1
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Orbital Industries Secures $50M Series B Funding for Al
Materials Platform

Published May 31, 2026  Fundraise Insider  UK/USA
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| overview

Orbital Industries, a startup designing advanced materials with Al, has raised $50
million in Series B funding. The company aims to accelerate physical technology
development by integrating materials discovery, engineering, and manufacturing into
a single Al industrial platform. Initially focusing on data center infrastructure, Orbital
is developing Al-designed dielectric coolants and modular infrastructure systems,

promising significant reductions in material development timelines and costs.
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Key Findings

Orbital Industries, a startup dedicated to the Al-driven design and development of
advanced materials, has successfully secured $50 million (approximately 7.8 billion JPY at
155 JPY/USD) in its Series B funding round. This capital will be utilized to dramatically
accelerate the development of physical technologies by integrating the entire materials
discovery, engineering, and manufacturing processes into a single Al industrial platform.
The company's initial focus is on data center infrastructure, where it is developing

innovative Al-designed dielectric coolants and modular infrastructure systems.

Technical / Clinical Details

¢ Al Industrial Platform: Orbital Industries' platform combines generative Al,
predictive modeling, machine learning, and high-performance simulations to support
everything from material property prediction to synthesis recipe optimization and
integration into manufacturing processes. This enables the creation of new materials
with unprecedented speed and efficiency compared to traditional trial-and-error

material development.

¢ Vertically Integrated Approach: Managing the entire material development lifecycle
(discovery, design, testing, manufacturing) within a single Al-driven system eliminates
information silos and optimizes the overall development process. This approach is

particularly effective in sectors requiring high optimization, such as data centers.

e Al-Designed Dielectric Coolants: Power consumption and thermal management are
major challenges for data centers. Al-designed dielectric coolants promise higher
cooling efficiency and energy efficiency than conventional air or water cooling
systems, contributing to reduced data center operating costs and environmental
impact.

e Modular Infrastructure Systems: Al-optimized modular designs enable rapid
deployment and expansion of data centers, providing flexible infrastructure capable

of adapting to future technological advancements.



Background & Context

Modern society faces complex challenges, including climate change, accelerating
digitalization, and intensified global competition, all of which necessitate the
development of high-performance new materials. However, traditional materials science
discovery processes typically require decades and billions of dollars. The introduction of
Al offers the potential to overcome this bottleneck, bringing innovative materials to
market more rapidly and cost-effectively. Orbital Industries' funding success indicates

strong investor confidence in the Al-driven materials discovery market.

Strategic Significance & Outlook

With the newly raised capital, Orbital Industries plans to accelerate the technological
development of its Al platform and explore applications beyond data center
infrastructure. In the future, the company's Al materials platform is expected to provide
innovative material solutions across a wide range of industrial sectors, including
automotive, aerospace, renewable energy, and medical devices. The democratization and
acceleration of Al-driven material development hold significant potential to drive global
technological innovation and contribute to the realization of a sustainable society.
Orbital Industries, with offices in London and San Francisco, is poised for international

expansion.

Source: https://fundraiseinsider.com/blog/orbital-industries-raises-50m-series-b-for-ai-materials-

platform/
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ASM International Highlights Accelerated
Computational Materials Design Integrating CALPHAD,

DFT, MLIPs, and Al Agents
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| overview

An ASM International webinar showcased recent advancements in accelerating
computational materials design by integrating CALPHAD, Density Functional Theory
(DFT), Machine Learning Interatomic Potentials (MLIPs), and Al-assisted simulation
workflows. The integration of Al-assisted workflows via the Masgent simulation agent
on the Matlantis platform demonstrates how autonomous or semi-autonomous
simulation pipelines can significantly reduce computational costs and complexity.
These technologies are pioneering new applications in battery materials and

structural alloys.
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Key Findings

During an ASM International webinar, recent advancements in dramatically accelerating
computational materials design were highlighted, achieved through the integration of
CALPHAD, Density Functional Theory (DFT), Machine Learning Interatomic Potentials
(MLIPs), and Al-assisted simulation workflows. Specifically, the integration of Al-assisted
workflows via the ‘Masgent' simulation agent on the Matlantis platform has
demonstrated that autonomous or semi-autonomous simulation pipelines can
significantly reduce the cost and complexity of large-scale computational campaigns.
These integrated technologies are opening up new applications in critical areas such as

battery materials and structural alloys.

Technical / Clinical Details

e CALPHAD (Computational Thermodynamics): Predicts thermodynamic properties
and phase equilibria of materials, optimizing composition-temperature relationships

in the early stages of alloy design.

e DFT (Density Functional Theory): Based on quantum mechanics, DFT meticulously
calculates the electronic structure and atomic-level interactions of materials,
predicting accurate physical properties. However, it faces challenges due to high

computational costs.

e MLIPs (Machine Learning Interatomic Potentials): By learning from vast quantities
of DFT calculation results, MLIPs enable atomic interactions to be simulated much
faster while maintaining accuracy comparable to DFT. This permits molecular
dynamics simulations of larger systems and over longer timescales. The Matlantis

platform provides the infrastructure for efficient utilization of such MLIPs.

e Al-Assisted Simulation Workflows and Masgent Agent: The Al agent '‘Masgent'
integrates tools like CALPHAD, DFT, and MLIPs to autonomously manage and
optimize the entire simulation process. This frees researchers from the burden of
manual simulation setup and data analysis, dramatically boosting the efficiency of
computational materials design. The agent adapts simulation strategies through

learning to converge on optimal results.



e Applications: These technologies are being applied to the design of battery materials
(e.g., high-performance cathodes, solid-state electrolytes) and structural alloys (e.g.,

high-strength, lightweight alloys).

Background & Context

Modern materials science demands the development of new materials at an
unprecedented pace to meet requirements for sustainability, energy efficiency, and
enhanced performance. However, traditional experimental-based materials development
has been a time-consuming and costly bottleneck. Computational materials science
offers a powerful means to overcome this challenge, but individual methods have
limitations in computational cost and applicability. The integration of CALPHAD, DFT,
MLIPs, and Al agents promises to fundamentally transform the material development
process by combining and complementing the strengths of these cutting-edge

computational methods.

Strategic Significance & Outlook

This integrated approach will significantly reduce material discovery lead times and
development costs, accelerating industrial innovation. Applications are particularly
expected in fields where high-performance materials are indispensable, such as electric
vehicles, aerospace, and renewable energy storage systems. In the future, as Al agents
become more sophisticated, autonomous design and optimization of more complex
material systems and manufacturing processes will be possible, allowing researchers and
engineers to focus on more creative challenges. Platforms like Matlantis contribute to

the democratization and widespread adoption of such computational materials design.

Source: https://matlantis.com/en/resources/event-seminar/accelerating-computational-materials-design-

with-calphad-dft-mlips-and-ai-agents/
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TU Delft and ETH Zurich Develop ChatGPT-Like Al
"DiffuMeta” for Inverse Design of Complex
Metamaterials

Published June 01, 2026  ESEF Maakindustrie = Netherlands

| overview

Researchers from TU Delft and ETH Zurich have developed "DiffuMeta," a ChatGPT-
inspired Al model, successfully designing lightweight and strong metamaterials.
DiffuMeta represents material shapes as mathematical sentences, enabling it to
generate entirely new 3D metamaterials that meet specific mechanical objectives (e.g.,
bending, compression, energy absorption). This marks a crucial step towards a new
inverse materials design method where engineers specify desired properties and Al

explores vast design spaces, accelerating complex shape design in manufacturing.
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Key Findings

Researchers from TU Delft (Netherlands) and ETH Zurich (Switzerland) have developed a
groundbreaking Al model called "DiffuMeta," inspired by natural language model
ChatGPT. This Al specializes in designing 3D metamaterials, rather than text. By
representing material shapes as mathematical sentences, DiffuMeta has successfully
generated entirely new lightweight and strong metamaterials that fulfill specific
mechanical objectives (e.g., bending, compression, energy absorption). DiffuMeta
represents a significant step towards a new inverse materials design paradigm, where
engineers simply specify desired functionalities, and the Al explores vast design spaces

to generate optimal structures.

Technical / Clinical Details

e DiffuMeta’s Operating Principle: DifftuMeta is based on a Generative Diffusion
Model, learning from a large dataset of existing metamaterial structures. It then
‘inverse designs' novel metamaterial microstructures that meet user-specified
mechanical performance requirements (e.g., specific stiffness, energy absorption
rates). This is a reverse approach to traditional forward design (predicting

performance from structure).

e Mathematical Representation: A unique method of representing complex geometric
shapes of materials as 'mathematical sentences' enables efficient learning and
generation by the Al. This allows the Al to 'understand' and apply new structural

principles to maximize functionality, rather than merely mimicking shapes.

¢ Generative Capability: DiffuMeta can generate complex, optimized 3D metamaterial
structures that are difficult to achieve with conventional design methods. This opens
up applications in fields requiring both lightness and high strength, or specific
mechanical responses, such as aerospace, automotive, medical devices, and sports
equipment.

¢ Accelerated Design Process: Al-driven autonomous design significantly reduces the

time human engineers spend on manual design iterations and simulations. This

shortens lead times for new product development and accelerates time-to-market.



Background & Context

Metamaterials are artificial materials with extraordinary physical properties not found in
nature. Their design complexity has historically required extensive specialized knowledge
and computational resources. However, the manufacturing industry faces daily increasing
demands for lightweighting, performance enhancement, and customization, requiring
innovative solutions that traditional materials cannot provide. The success of large
language models like ChatGPT suggests that generative Al can be a powerful design tool
beyond text, leading to rapid adoption in materials science. Tools like DifftuMeta

accelerate this trend and expand the frontiers of design in manufacturing.

Strategic Significance & Outlook

DiffuMeta’s success indicates the potential for generative Al to function as a co-inventor
in materials design. Future applications are expected to extend beyond mechanical
properties to designing metamaterials with diverse functionalities, including thermal,
electromagnetic, and acoustic properties. Furthermore, strengthening collaboration with
additive manufacturing technologies like 3D printing will enable efficient fabrication of
complex Al-designed structures. This is anticipated to bring innovative products to
market across a wide range of fields, such as lightweight aerospace components,

optimized impact-absorbing structures, and new medical implants.

Source: https://www.maakindustrie.nl/en/artikelen/chatgpt-voor-metamaterialen
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ACS Publications: Generative Multi-Property
Optimization Accelerates Polymer Chemistry Design

Published June 01, 2026  ACS Publications USA
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| overview

A study published in ACS Publications proposes a generative multi-property
optimization method for polymer chemistry, offering a robust pathway to accelerate
early-stage materials discovery. This technique leverages correlations between
monomer-level and polymer properties to design step-growth polymers with
targeted characteristics like glass transition temperature, band gap, and Flory-
Huggins interaction parameters across a vast chemical space. This addresses data

scarcity in polymer informatics, enabling efficient identification of high-performance

candidates.
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Key Findings

A recent study published in ACS Publications introduces an innovative method of
‘generative multi-property optimization' in polymer chemistry. This technique
ingeniously leverages the deep correlations between monomer-level properties and the
ultimate polymer characteristics, enabling the efficient design of step-growth polymers
that simultaneously meet multiple target properties such as glass transition temperature
(Tg), band gap, and Flory-Huggins interaction parameters with water, across a vast
chemical space. This dramatically accelerates early-stage materials discovery, establishing
a new, robust pathway to rapidly identify high-performance polymer candidates with

specific desired properties.

Technical / Clinical Details

¢ Leveraging Generative Models: The method employs generative models (e.g.,
variational autoencoders, generative adversarial networks) trained on existing
polymer structure and property data to autonomously create new polymer structures
(monomer sequences and compositions). This allows for efficient exploration of

chemical spaces that are difficult for humans to conceptualize.

e Multi-Objective Optimization: It is possible to optimize not just a single property,
but multiple properties simultaneously (e.g., high strength and excellent
transparency). The Al explores optimal polymer structures by balancing these often

conflicting demands.

e Monomer-to-Polymer Correlation: Key to the research is the Al's ability to learn
complex non-linear relationships between easily measurable monomer properties
(e.g., molecular structure, reactivity) and the macroscopic properties of the polymers
synthesized from them (e.g., Tg, band gap, solubility). This enables efficient design

even with limited data.

e Vast Chemical Space Exploration: Generative models efficiently identify promising
candidates from potentially trillions of chemical structures that meet specific criteria.
This allows for large-scale exploration previously impossible with traditional

experimental methods.



e Application to PFAS-Free Alternatives: The framework also holds potential for
designing high-performance polymer alternatives that are free of PFAS (per- and

polyfluoroalkyl substances), which are environmental concerns.

Background & Context

Polymer materials are indispensable across diverse industries such as electronics,
automotive, medical, and packaging. However, the development of high-performance
polymers faces challenges including structural complexity, synthesis difficulties, and
time/cost associated with characterization. Specifically, the ‘inverse design' of polymers
with desired properties from scratch has been a long-standing dream in materials
science. This research demonstrates how advances in Al-driven materials informatics,
particularly generative models and multi-objective optimization, significantly contribute
to realizing this dream. This helps overcome bottlenecks in polymer development and
facilitates the rapid market introduction of more sustainable and high-performance new

materials.

Strategic Significance & Outlook

This generative multi-property optimization method is expected to revolutionize
polymer materials design and significantly shorten product development cycles. In the
future, its application is anticipated to expand to more complex polymer systems, such
as copolymers and network polymers. Furthermore, this framework is applicable to other
molecular design fields, including pharmaceuticals, catalysts, and functional coatings,
thus opening a new era of data-driven new material discovery. Ultimately, the concept of
‘Al co-scientists,' where Al collaborates with human scientists to achieve more creative

and efficient R&D, will become a reality.

Source: https://pubs.acs.org/doi/10.1021/acs.macromol.6c00564
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arXiv Publishes Review on Generative Models,

Multimodal Learning, and Closed-Loop Workflows in
Inverse Materials Design

Published June 02, 2026 arXiv Unknown
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| overview

A new review paper published on arXiv outlines advancements in generative models,
multimodal learning, and closed-loop workflows for inverse materials design. The
study highlights a shift in materials science from forward prediction to autonomous
discovery platforms that propose candidates meeting objectives under physical
constraints. It details how modern generative models learn chemical structure priors
from large databases, enabling controllable sampling of periodic structures, and
emphasizes the importance of integration within validation-aware automated

discovery workflows.
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Key Findings

The arXiv paper titled "Towards Automated Discovery: A Review of Generative Models,
Multimodal Learning and Closed-Loop Workflows in Inverse Materials Design”
meticulously outlines a paradigm shift in the field of materials science. Traditionally,
materials design focused primarily on 'forward prediction’ (predicting properties from a
given structure), but it is now largely transitioning to 'inverse materials design’
(proposing structures from desired properties). This review synthesizes recent progress in
generative crystal structure modeling, multimodal learning, and closed-loop design
pipelines, illustrating the path towards autonomous discovery platforms capable of
autonomously proposing, evaluating, and refining material candidates that meet

objectives under physical constraints.

Technical / Clinical Details

¢ Generative Crystal Structure Modeling: State-of-the-art generative models (e.g.,
variational autoencoders, diffusion models, generative adversarial networks) learn
deep prior knowledge about chemical structures from vast materials databases. This
enables controllable sampling and generation of new crystal structures with specific
properties, while adhering to physical and chemical constraints such as atomic

arrangements and bonding rules.

e Multimodal Learning: Materials data exists in diverse modalities, including X-ray
diffraction patterns, spectroscopic data, microscopic images, computational data,
chemical formulas, and textual descriptions. Multimodal learning integrates these
heterogeneous data types to train Al models, learning more comprehensive and
richer representations of material properties and structures, thereby improving

prediction accuracy and versatility.

¢ Closed-Loop Workflows: This refers to systems that automate the iterative cycle of
‘prediction — synthesis/simulation — characterization — analysis — learning.' The Al
proposes new material candidates, robotic experiments or simulations evaluate their
properties, and the resulting data is fed back to update the Al model. This minimizes
human intervention, allowing for efficient and rapid identification of optimal

materials.



¢ Incorporating Constraints in Inverse Design: Technologies are evolving to
incorporate physical constraints, such as charge balance and stability, into the
generative process to ensure that Al-generated materials are physically realizable and

meet specific application requirements.

Background & Context

The discovery and development of new materials are key to innovation in almost all
major industries of modern society, including energy, electronics, medicine, and
environment. However, traditional materials development has been a time-consuming,
costly, and trial-and-error process, acting as a bottleneck for innovation. The rise of Al,
particularly data-driven approaches, holds the potential to overcome this challenge and
dramatically improve the speed and efficiency of materials development. This review
clearly positions the rapid growth of this field and the technical and conceptual

advancements towards automated discovery.

Strategic Significance & Outlook

Further developments in generative models, multimodal learning, and closed-loop
workflows for inverse materials design will revolutionize materials science research and
significantly shorten time-to-market for new materials. Specifically, Al is expected to
function as a 'co-scientist,’ generating innovative materials that humans might not
conceive. In the future, these technologies are anticipated to be applied to a wider range
of scientific and engineering fields, such as drug discovery, catalyst design, and quantum
materials exploration, forming an indispensable foundation for a sustainable and
advanced society. The emphasis on validation-aware automated discovery workflows will

lead to the establishment of reliable Al-driven science.

Source: https://arxiv.org/abs/2606.02507
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Google Research Introduces "Matter to Mechanism"

Benchmark to Accelerate Battery Research with Al Co-
Scientists

Published June 02, 2026  Google Research  USA
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Matter to Mechanism

| overview

Google Research has introduced "Matter to Mechanism," a benchmark to evaluate Al
co-scientists' ability to derive plausible, mechanism-based solution hypotheses from
specific scientific and technical problems. The benchmark includes 2,645 instances
from scientific literature, focusing particularly on battery materials research. This
provides new metrics to measure Al systems' inference fidelity, problem alignment,
mechanistic specificity, novelty, and plausibility, serving as a critical tool to enhance

the reliability and efficiency of Al-powered scientific discovery.
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Key Findings

Google Research has introduced "Matter to Mechanism," an innovative benchmark
designed to objectively evaluate the scientific reasoning capabilities of Al co-scientists.
This benchmark is specifically designed to measure how accurately Al can generate
reliable, mechanism-based solution hypotheses from specific scientific and technical
problems. It includes 2,645 instances derived from scientific papers, with a particular
focus on battery materials research. By providing new metrics such as inference fidelity,
problem alignment, mechanistic specificity, novelty, and plausibility for Al systems, it
holds the potential to significantly enhance the reliability and efficiency of Al-powered

scientific discovery.

Technical / Clinical Details

e Matter to Mechanism Benchmark: This benchmark takes a scientific problem as
input (e.g., the cause of performance degradation in a specific battery material) and
prompts the Al to generate a mechanism-based hypothesis as output (e.g., internal
short-circuit due to lithium dendrite formation). The quality of the generated

hypothesis is then numerically assessed based on expert evaluation criteria.

¢ Dataset from Scientific Literature: The benchmark dataset comprises 2,645 diverse
pairs of real-world scientific problems and their mechanistic solutions, extracted from
scientific papers on battery materials research. This allows for evaluation of how

effectively Al models function within actual research contexts.

¢ New Evaluation Metrics: While traditional Al model evaluations often prioritize
simple prediction accuracy, Matter to Mechanism introduces more sophisticated
scientific judgment metrics: "inference fidelity" (whether the hypothesis contradicts
input information), "problem alignment" (whether the hypothesis is relevant to the
problem), "mechanistic specificity” (whether the hypothesis describes a concrete
mechanism), "novelty" (whether it offers insights beyond existing knowledge), and

"plausibility” (whether the hypothesis is scientifically acceptable).

e Enhancing Al Co-Scientist Capabilities: This benchmark allows Al models to be
objectively measured and improved not merely as data processing tools, but as "co-

scientists" capable of generating scientific insights and assisting researchers.



Background & Context

In recent years, Al technologies, including Large Language Models (LLMs), have begun to
be applied to various stages of scientific research, such as analyzing scientific literature,
generating hypotheses, and formulating experimental plans. However, standardized
methods for objectively evaluating the quality and reliability of Al-generated scientific
‘reasoning’ have not yet been established. Particularly in complex fields like battery
material development, understanding the underlying mechanisms is crucial, and Al is
required to be an interpretable and reliable scientific partner rather than a 'black box.’

Google Research's initiative addresses this critical gap.

Strategic Significance & Outlook

The introduction of the Matter to Mechanism benchmark will accelerate the
development of Al co-scientists and dramatically improve the speed and efficiency of
discovery in battery materials research. As Al becomes capable of generating more
reliable hypotheses, researchers can more quickly identify promising research directions
and reduce the risk of experimental failures. In the future, this benchmark is expected to
be applied to evaluating Al's reasoning capabilities in other materials science domains
and other scientific fields. This will promote the credibility and adoption of Al-driven

science, increasing its potential to solve complex challenges facing humanity.

Source: https://arxiv.org/html/2606.02258v1
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Finland's VTT Unveils 'RADIANT' Project: Al to Shrink
Materials Development from Years to Months

Published Published June 02,2026 VTIT 7T+ >2 >R

| overview

Finland's VTT Technical Research Centre and the University of Helsinki have launched
the Al-driven "RADIANT" project, aiming to slash new materials development time
from years to months. This platform integrates autonomous labs, high-throughput
synthesis, and advanced computing, leveraging an Integrated Computational
Materials Engineering (ICME) workflow with a "MatGPT" foundation model. Al agents
will close the discovery loop to accelerate critical materials for energy transition and

quantum technologies, with an initial phase screening over 100,000 material variants.
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Background

Global challenges like climate change and rapid digitalization are driving an urgent
demand for high-performance advanced materials, including next-generation batteries,
high-efficiency catalysts, and innovative quantum devices. However, the inherent
complexity and time-intensive nature of developing these materials have historically
created a significant bottleneck for technological innovation. In response, Finland is
strategically harnessing its strengths in materials informatics and artificial intelligence to
contribute to the European Union's "Green Deal" objectives. The RADIANT project
specifically unites Finland's robust Al and materials science research capabilities to tackle

these pressing global challenges.

Key Findings

Finland's VTT Technical Research Centre, in collaboration with the University of Helsinki,
has launched the Al-driven "RADIANT" project, aiming to dramatically reduce the
development time for novel materials from years to mere months. This ambitious
initiative integrates autonomous laboratories, high-throughput synthesis, and advanced
computational methods to accelerate the discovery of advanced materials critical for
sectors such as energy transition, hydrogen technologies, and quantum computing. The
project’s initial phase is set to manufacture and screen over 100,000 material variants,

establishing a new benchmark for efficiency and scale in materials science research.

Technical Details

¢ Integrated Platform: RADIANT is designed as a comprehensive platform, seamlessly
integrating cutting-edge Al models, automated experimental equipment, multi-scale
simulations, and FAIR (Findable, Accessible, Interoperable, Reusable) data workflows.
This holistic integration ensures streamlined collaboration and data flow across every

stage of material development, from design to characterization.



"MatGPT" Foundation Model: A cornerstone of the RADIANT project is the
development of "MatGPT," a sophisticated foundation model tailored for materials
science. MatGPT is trained on vast materials science datasets, enabling it to
intelligently design novel materials, accurately predict their properties, and propose
efficient synthesis routes. By adapting the principles of Large Language Models
(LLMs) to materials science, MatGPT significantly enhances Al's reasoning and

generative capabilities within the material discovery pipeline.

Closed-Loop Discovery with Al Agents: The platform employs Al agents to
orchestrate a closed-loop discovery process. These agents autonomously design
experiments informed by MatGPT's predictions, dispatch instructions to autonomous
laboratories, and analyze experimental results in real-time. This continuous feedback
loop allows the system to iteratively refine its understanding and converge rapidly on
optimal material candidates, maximizing discovery speed and efficiency with minimal

human intervention.

High-Throughput Synthesis and Screening: Leveraging robotic arms and advanced

automated synthesis equipment, the RADIANT platform can simultaneously
manufacture and characterize a massive number of material variants. This high-
throughput capability unlocks large-scale material exploration and optimization, a
feat previously unattainable through conventional, labor-intensive experimental

methods.

Strategic Significance & Outlook

The RADIANT project is poised to significantly advance materials science research not
only in Finland but also across Europe, accelerating technological breakthroughs
essential for the energy transition, hydrogen economy, and quantum technologies. By
dramatically compressing material development timelines from years to months, the
project will expedite the market introduction of novel technologies, thereby fueling
economic growth and contributing to global sustainability objectives. Looking ahead, the
RADIANT platform is envisioned for further evolution, with potential applications
extending to other scientific domains, including pharmaceutical development and
biotechnology. Through this pioneering initiative, VTT aims to solidify Finland's

leadership at the forefront of Al-driven scientific discovery.



Source: https://www.vttresearch.com/en/project_news/ai-driven-radiant-project-aims-turn-years-

materials-development-months
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Generative Al Breakthrough: Kemira and CuspAl
Engineer 5,000+ PFAS-Fighting MOFs in Just Six
Months

Published Published June 02, 2026 ~ Water Technology 7« >Z > /UK
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| overview

Finnish chemical company Kemira and UK-based CuspAl have employed generative
Al to rapidly design over 5,000 novel Metal-Organic Frameworks (MOFs) for PFAS
removal in just six months. This unprecedented pace, achieved by exploring an
immense design space of 300 trillion structures, dramatically accelerates the
development of solutions targeting specific ‘forever chemicals' like GenX and PFOS.
The collaboration marks a significant leap in environmental water treatment,

promising to revolutionize how PFAS contamination is addressed globally.
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Background

Per- and polyfluoroalkyl substances (PFAS), commonly known as 'forever chemicals,' have
been ubiquitous in various industrial and consumer products due to their exceptional
resistance to heat, water, and oil. However, their extreme persistence in the environment
and accumulation in living organisms pose severe long-term risks to human health and
ecosystems. With PFAS contamination emerging as a global environmental and public
health crisis, the urgent demand for effective, scalable, and sustainable removal
technologies has intensified. This collaboration between Finnish chemical giant Kemira
and UK-based Al materials science firm CuspAl demonstrates the transformative
potential of artificial intelligence in delivering innovative solutions to pressing global
environmental challenges, bolstering the water treatment industry's drive towards

digitalization and sustainability.

Key Findings

In a rapid and groundbreaking collaborative effort, Finnish chemical company Kemira
and UK-based Al materials science firm CuspAl have successfully leveraged generative Al
to create over 5,000 novel material designs specifically engineered for the removal of
per- and polyfluoroalkyl substances (PFAS) within an astonishing six-month timeframe.
This achievement drastically compresses the material discovery timeline compared to
conventional, labor-intensive trial-and-error methods, representing a monumental leap

forward in the development of environmental water treatment solutions.

Technical Details

e Generative Al for Vast Material Exploration: CuspAl's sophisticated generative Al
models systematically navigated a colossal design space, probing approximately 300
trillion potential material structures—a scale unfathomable through traditional
human-driven exploration. The Al, trained on extensive existing material datasets,
autonomously synthesized novel molecular architectures specifically designed for the
efficient adsorption or degradation of targeted PFAS molecules, including notorious
compounds like GenX, PFBS, and PFOS.



¢ Targeted Optimization of Metal-Organic Frameworks (MOFs): The project
primarily concentrated on Metal-Organic Frameworks (MOFs), a class of highly
porous materials renowned for their exceptional surface areas and tunable pore
structures. These attributes make MOFs particularly promising for capturing organic
pollutants such as PFAS. The generative Al meticulously optimized the chemical
composition, pore dimensions, and internal surface functionalization of these MOFs
to propose designs engineered for maximum selectivity and adsorption capacity

towards various PFAS species.

e Unprecedented Acceleration in Development: Historically, the conceptualization,
design, and preliminary evaluation of 5,000 novel materials would typically span
years, if not decades, through conventional research and development cycles. The
application of generative Al has condensed this process into a mere six months,
representing an order-of-magnitude acceleration that is critical for addressing the

escalating global crisis of PFAS contamination with requisite urgency.

e Al-Powered Predictive Screening: Beyond material generation, the Al platform
integrates robust predictive capabilities, enabling it to accurately forecast the
properties of each newly designed structure. This allows for an efficient, in-silico
screening of the most promising candidates, drastically reducing the number of
materials that require costly and time-consuming physical synthesis and validation in

experimental laboratories, thereby optimizing research resource allocation.

Strategic Significance & Outlook

The profound success of this generative Al-driven materials design platform signals its
expansive applicability far beyond PFAS remediation. Its methodologies hold immense
promise for revolutionizing other critical water treatment challenges, including heavy
metal and microplastic removal, as well as broader environmental technologies and
diverse fields where MOFs excel, such as catalysis, gas separation, and energy storage.
Looking ahead, Al-designed materials are poised for commercial-scale production and
widespread implementation in water treatment facilities globally, offering a
transformative contribution to ensuring safe drinking water and robust environmental
protection. This pioneering achievement further solidifies the pivotal role of Al in
materials science, concretizing the vision of 'Al co-scientists' as indispensable partners in

accelerated discovery and innovation.



Source: https://h2oglobalnews.com/kemira-and-cuspai-use-generative-ai-to-design-new-pfas-removal-

materials/
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World Economic Forum: Al-Driven Materials Discovery

Boosts Industrial Experiment Throughput by 5500%,
Cuts R&D to Weeks

Published June 02, 2026 The World Economic Forum  Switzerland

| overview

The World Economic Forum announced the third cohort results of its MINDS initiative,
reporting that closed-loop autonomous platforms have boosted industrial experiment
throughput by up to 5,500% and shortened R&D timelines from months to weeks.
Notably, companies like Molecular Universe Pte. Ltd. have reduced battery electrolyte
discovery lead times from approximately two years to three months using Al-driven
materials discovery platforms, cutting physical experiments by up to 70%. This marks

a significant transition of Al from pilot to production phase.
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Key Findings

The World Economic Forum (WEF) has announced the groundbreaking achievements of
the third cohort of its Machine Learning in Design and Science (MINDS) initiative, aimed
at accelerating Al adoption in industry. According to the report, closed-loop
autonomous platforms, by integrating robotics, Al-driven experiment selection,
simulation, and real-time learning, have increased industrial experiment throughput by
up to 5,500%. This has dramatically shortened materials research and development
(R&D) timelines from months to mere weeks. Specifically, one company successfully
reduced battery electrolyte discovery lead times from approximately two years to just
three months using an Al-driven materials discovery platform, cutting physical
experiments by up to 70%. This provides definitive evidence of Al transitioning from

experimental pilot phases to full-scale production applications.

Technical / Clinical Details

¢ Closed-Loop Autonomous Platforms: These platforms operate autonomously, with
Al generating hypotheses, robots executing experiments, and results fed back to the
Al in real-time to optimize subsequent steps. This minimizes human intervention

while accelerating the discovery process.

e Dramatic Throughput Increase: The reported throughput increase of up to 5,500%
over traditional experimental methods signifies a massive expansion in the number of
experiments that can be processed and the rate of data generation. This enables

efficient exploration of vast material design spaces.

¢ Reduced R&D Timelines: The example of battery electrolytes, where development
time was cut from two years to three months, demonstrates a significant reduction in
time-to-market and an acceleration of the innovation cycle. This is a crucial advantage

in competitive industrial sectors.

e Reduced Physical Experimentation: Precision prediction and optimization by Al can
reduce the number of necessary physical experiments by up to 70%. This contributes

to lower experimental costs, resource savings, and reduced environmental impact.

e Diverse Application Areas: These technologies are not only accelerating battery
material discovery but also driving innovation in a wide range of materials research,

including catalysts, pharmaceuticals, and polymers across various industries.



Background & Context

While Al has long been recognized as promising in R&D, its practical implementation
faced numerous challenges. The WEF's MINDS cohort aims to bridge this gap by
integrating Al into actual industrial processes and demonstrating its effectiveness. These
results clearly indicate that Al has matured from being merely a research tool to a entity
that delivers concrete business value and competitive advantage to companies.
Particularly in the current era demanding sustainability and high performance, rapid
development of new materials is key to economic growth and solving environmental

problems.

Strategic Significance & Outlook

The success of the MINDS cohort is expected to incentivize more companies to adopt Al-
driven platforms in their R&D. This will accelerate Al-led transformations not only in
materials science but also in broader fields such as chemistry, pharmaceuticals, and
manufacturing. In the future, the role of "Al co-scientists," collaborating with human
experts, is expected to further expand, potentially leading to unprecedented
breakthroughs. Closed-loop autonomous platforms will fundamentally change the pace
of innovation, forming the foundation for achieving both economic growth and

sustainable development.

Source: https://www.weforum.org/stories/2026/06/ai-pilot-to-production-minds-cohort/
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Argonne National Laboratory Unveils Roadmap for Al-
Driven Autonomous Labs to Revolutionize Battery
Research with Large Language Models

Published June 02, 2026  Argonne National Laboratory ~ USA

| overview

Researchers at Argonne National Laboratory have outlined a comprehensive technical
roadmap for applying Large Language Models (LLMs) to battery research. Integrated
into Al-driven autonomous labs (SDLs), LLMs will automate tasks from literature
review and novel battery chemistry proposals to robotic material
synthesis/characterization and experimental data analysis. This approach promises to
accelerate battery material discovery, dramatically shortening research lead times,

reducing errors, and enhancing reproducibility.
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Key Findings

A team of researchers at Argonne National Laboratory has unveiled an ambitious
technical roadmap for applying Large Language Models (LLMs) to the forefront of
battery research. Central to this roadmap is the integration of LLMs into Al-driven
autonomous laboratories (SDLs) to automate the entire battery material discovery
process. This is expected to seamlessly execute a cycle encompassing literature review,
screening of material property databases, proposal of promising new battery chemistries,
robotic material synthesis and characterization, and experimental data analysis, thereby

dramatically enhancing the speed and efficiency of research and development.

Technical / Clinical Details

¢ LLM Integration: Large Language Models possess the ability to extract information
from vast scientific literature and databases, comprehend and summarize complex
concepts, and generate new ideas. By combining this with battery science expertise,
Al will be able to propose novel battery material candidates and synthesis routes

based on existing knowledge.

e Al-Driven Autonomous Labs (SDLs): SDLs are systems that merge Al with robotics
and advanced sensor technologies. Based on hypotheses and plans generated by
LLMs, robotic arms autonomously perform material synthesis, processing, and
characterization, feeding the results back to the Al. This 'closed-loop' process

accelerates experimental cycles and optimizes them with minimal human intervention.

¢ Process Automation: LLMs are capable of automating a series of tasks, not just
generating ideas, but also creating experimental protocols, identifying necessary
reagents, verifying safety procedures, interpreting results, and even designing
subsequent experiments. This could potentially reduce battery research lead times

from months to weeks, or even days.

e Data Management and Analysis: SDLs collect and organize large volumes of
generated experimental data in real-time, providing it in a format easily analyzable by
Al. LLMs extract new patterns and trends from this data, continuously improving the

models to contribute to more accurate and efficient material discovery.



Background & Context

High-performance batteries are indispensable for the proliferation of electric vehicles,
storage of renewable energy, and evolution of mobile electronic devices. However,
existing battery technologies still face challenges regarding energy density, safety, cost,
and lifespan. Traditional battery material development has largely relied on time-
consuming manual labor, which has become a bottleneck for innovation. Argonne
National Laboratory's initiative aims to resolve this bottleneck by applying the powerful
capabilities of Al, particularly LLMs, to materials science, thereby strengthening U.S.

leadership in clean energy technologies.

Strategic Significance & Outlook

If the vision of Al-driven autonomous labs powered by LLMs is realized, battery research
will advance with unprecedented speed and efficiency. This is expected to lead to the
rapid development of higher-performance, safer, cheaper, and longer-lasting batteries,
significantly contributing to the adoption of electric vehicles, construction of smart grids,
and realization of a sustainable society. This roadmap also holds potential as a model for
Al-driven discovery in other materials science fields, such as catalysts, pharmaceuticals,
and polymers. Researchers will be able to delegate routine tasks to Al, allowing them to

focus on more complex problem-solving and creative research.

Source: https://www.anl.gov/article/turbocharging-battery-research-ai-an-ambitious-vision
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UChicago's "ElectrolyteGPT" Unleashes Al-Powered
Autonomous Generation of Battery Electrolyte
Formulations

Published June 03, 2026  UChicago News  USA

| overview

Researchers at the University of Chicago Pritzker School of Molecular Engineering
have developed "ElectrolyteGPT," an Al model capable of generating entire battery
electrolyte compositions autonomously. This Al rapidly creates theoretical molecules
and proposes optimal formulations that meet multiple, often conflicting, property
requirements simultaneously. By inventing a new notation called "fLine," the team
taught the Al necessary parameters for electrolyte material generation, discovering
several novel compositions with performance equivalent to or surpassing existing

state-of-the-art electrolytes for lithium-metal batteries.
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Key Findings

A research team at the University of Chicago's Pritzker School of Molecular Engineering
has developed "ElectrolyteGPT," a groundbreaking Al model capable of autonomously
generating entire chemical formulations for battery electrolytes. This Al generates a vast
number of theoretical molecules at speeds impossible for humans, proposing optimal
electrolyte compositions suitable for specific purposes (e.g., balancing safety and energy
density). By inventing a new notation called "fLine," the researchers efficiently taught the
Al the complex parameters required for electrolyte material generation, leading to the
discovery of several novel compositions that perform at parity with or surpass existing
state-of-the-art lithium-metal battery electrolytes. This technology addresses bottlenecks

in battery development and promises significant advancements.

Technical / Clinical Details

e ElectrolyteGPT Functionality: ElectrolyteGPT is a generative Al, applying the
concepts of Large Language Models (LLMs), capable of generating detailed recipes
for entire electrolyte solutions, including components, their concentrations, mixing
ratios, and additive selections. This signifies that the Al can grasp the overall picture

of complex mixed systems, not just single molecule designs.

¢ Introduction of fLine Notation: Multi-component systems like electrolytes have
been challenging to represent with conventional molecular descriptors. The research
team solved this by developing a new notation, "fLine (formulation Line notation)."
fLine expresses all elements of an electrolyte composition as a concise, structured

string, enabling the Al to learn and generate efficiently.

e Multi-Objective Optimization Capability: ElectrolyteGPT can simultaneously
consider multiple properties required for batteries (e.g., high ionic conductivity, wide
electrochemical window, excellent stability, low cost) and propose optimal
compositions by balancing these often conflicting demands. This significantly

shortens trial-and-error experimental cycles.



¢ Performance Validation: Novel electrolyte compositions generated by the Al were
confirmed through experimental evaluation in lithium-metal batteries to exhibit
performance (e.g., cycle life, capacity retention) comparable to or exceeding existing
state-of-the-art electrolytes. This demonstrates the practical utility of Al-generated

materials.

Background & Context

Battery technology is central to the proliferation of electric vehicles, renewable energy
storage, and portable electronic devices. However, electrolytes remain one of the key
bottlenecks regarding safety, energy density, cost, and cycle life. Conventional electrolyte
development relied on time-consuming and costly experiments to find optimal
compositions from a vast chemical space. Al-driven approaches like ElectrolyteGPT are
crucial for overcoming this challenge and rapidly bringing higher-performance, safer,

and more sustainable batteries to market.

Strategic Significance & Outlook

The success of ElectrolyteGPT is poised to revolutionize battery electrolyte development
and accelerate the commercialization of next-generation battery technologies. In the
future, this generative Al model is expected to be applied to complex composition
design in solid-state electrolytes, other energy storage materials, and even other
chemical fields such as fuel cells and catalysts. This will expand the role of Al in materials
science, making the era of "Al co-scientists," where human researchers can focus on
more complex and creative challenges, a reality. Ultimately, it contributes to the

realization of a more sustainable and energy-efficient society.

Source: https://news.uchicago.edu/story/electrolytegpt-can-generate-new-formulations-battery-

development
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IBS Develops Crossbreeding Neural Network Enabling
Al to Discover Catalysts from Disparate Material
Families

Published June 03, 2026  Lab Manager South Korea
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| overview

Researchers at the Institute for Basic Science have developed the "Crossbreeding
Neural Network (CBNN)" deep learning model to overcome limitations in traditional
machine learning for materials. This model successfully learned from two distinct
catalyst groups—carbon-supported single-atom catalysts and perovskite oxide
catalysts—to predict the performance of previously unexplored hybrid material
classes. This Al technology holds potential for applications integrating heterogeneous

datasets, such as in battery materials, energy storage systems, and drug discovery.
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Key Findings

A research team at Korea's Institute for Basic Science (IBS) has developed a
groundbreaking deep learning model called the "Crossbreeding Neural Network
(CBNN)," designed to overcome the material domain limitations of conventional machine
learning models. The CBNN successfully learned simultaneously from two distinct
catalyst groups with significantly different chemical properties—carbon-supported
single-atom catalysts and perovskite oxide catalysts—to predict the catalytic
performance of their previously unexplored hybrid material class. This achievement
demonstrates Al's potential to ‘crossbreed' knowledge between different datasets and
predict properties of unknown material classes, substantially expanding the scope of Al

applications in materials science.

Technical / Clinical Details

e Crossbreeding Neural Network (CBNN): CBNN is a deep learning architecture
designed to learn simultaneously from multiple, different types of material datasets.
While conventional models tend to be limited to specific material families, CBNN

integrates heterogeneous information to acquire more generalized knowledge.

¢ Learning from Distinct Catalyst Groups: This study focused on two types of
catalysts: carbon-supported single-atom catalysts (SACs) and perovskite oxide
catalysts. SACs exhibit very high catalytic activity but face stability challenges, while
perovskite oxides are stable but have lower activity. The CBNN integratively learned
the characteristics of these two material groups to predict the performance of hybrid

catalysts combining their advantages.

¢ Prediction of Unknown Material Classes: The CBNN successfully predicted catalytic
activity (e.g., oxygen evolution reaction, OER activity) for hybrid structures of single-
atom catalysts and perovskite oxides that were not included in its training data. This
enables the screening of promising hybrid catalyst candidates before experimental

synthesis or detailed calculations are performed.

e Data Integration and Transfer Learning: The CBNN approach allows for efficient
knowledge transfer between different material domains. This is particularly significant

in many subfields of materials science where data is often limited.



Background & Context

Catalysts play an indispensable role in a wide range of fields, including the chemical
industry, energy conversion, and environmental remediation. The development of more
efficient and sustainable catalysts is especially crucial for addressing global challenges.
However, the discovery of new catalytic materials remains a time-consuming and costly
process, often likened to 'finding a needle in a haystack' among a vast number of
candidates. Al, particularly deep learning models, is expected to be a powerful tool for
streamlining this exploration space and accelerating the discovery process. The advent of
CBNN indicates that Al can exhibit more advanced reasoning and discovery capabilities

for complex problems in materials science.

Strategic Significance & Outlook

Crossbreeding Al frameworks like CBNN hold broad potential for applications beyond
catalyst discovery, extending to other materials science fields where the integration of
heterogeneous datasets is crucial, such as battery materials, energy storage systems,
drug discovery, and functional polymers. This technology will enable researchers to
efficiently explore previously untouched material combinations and hybrid structures,
facilitating the rapid development of novel materials with innovative functionalities.
Ultimately, the role of 'Al co-scientists'—where Al collaborates with human scientists to

achieve more creative and efficient R&D—is expected to expand.

Source: https://www.labmanager.com/new-crossbreeding-neural-network-predicts-catalyst-performance-

across-material-families-35489
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Argonne National Laboratory Leverages Al and ML for
Atomic-Level Design of 2D MXene Materials, Opening
Diverse Applications

Published June 03, 2026  Argonne National Laboratory ~ USA

| overview

Scientists at Argonne National Laboratory have unveiled new insights into the design
and application of MXene, a rapidly growing class of 2D materials. By utilizing Al and
machine learning, researchers demonstrated the ability to efficiently narrow down
elemental combinations and control the composition, structure, and surface chemistry
of MXene. This allows for atomic-level design of materials tailored for specific
applications across a wide range of technological fields, including energy storage,
catalysis, electronics, communications, and biomedicine, accelerating its practical

implementation.
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Key Findings

A team of scientists at Argonne National Laboratory has announced new insights that
revolutionize the design and application of MXene, a rapidly emerging class of two-
dimensional (2D) materials. By harnessing artificial intelligence (Al) and machine learning
(ML), they demonstrated the ability to precisely control the elemental composition,
structure, and surface chemistry of MXene, enabling the atomic-level design of materials
tailored for specific application areas. This breakthrough opens the way for efficient
development of bespoke MXene materials across a wide range of technological fields,
including energy storage, catalysis, electronics, communications, biomedicine, and even

Space systems.

Technical / Clinical Details

e What are MXenes: MXenes are a family of 2D materials consisting of a few atomic
layers of transition metal carbides, nitrides, or carbonitrides. They possess high
electrical conductivity, hydrophilicity, and surface area, making them promising for
diverse applications such as electrochemical energy storage, electromagnetic

shielding, and catalysis.

e AIl/ML Accelerated Design: The research team used Al and ML algorithms to
efficiently narrow down from millions of possible elemental combinations to MXene
compositions with specific desired properties. This dramatically accelerates the
material discovery process compared to traditional trial-and-error experimentation. Al
learns and predicts how synthesis conditions, atomic defects, and surface functional

groups affect the final material properties of MXene.

e Atomic-Level Control: Al and ML provide insights for precisely controlling MXene's
microstructure and surface chemistry, including not only composition but also layered
structure, surface termination groups (e.g., -O, -F, -OH), and the introduction of
atomic-level defects. This level of control is essential for 'tuning' MXene's electrical,

catalytic, and mechanical properties to specific applications.

e Optimization of Multifunctionality: Al provides guidelines for simultaneously
optimizing multiple functionalities that MXene possesses, such as high electrical
conductivity and catalytic activity. This facilitates their application in multifunctional

devices.



Background & Context

2D MXene materials have garnered significant attention in cutting-edge technology
sectors such as electronics, energy, environment, and medicine due to their unique
physicochemical properties. However, the diverse compositions and structures of
MXenes made systematic exploration challenging with conventional experimental
approaches. The introduction of Al and ML provides a powerful means to address this
complexity and overcome bottlenecks in materials development. National research
institutions like Argonne National Laboratory play a critical role in leveraging Al to
enhance U.S. technological leadership and enable the rapid market introduction of high-

performance materials.

Strategic Significance & Outlook

The Al/ML-driven design approach for MXene holds the potential to transform the
paradigm of new materials development. This technology will bring significant
breakthroughs in improving the performance of batteries and supercapacitors,
developing next-generation catalysts, realizing high-efficiency sensors and flexible
electronics, and even biomedical applications (e.g., biosensors, drug delivery). In the
future, Al is expected to expand its role as an 'Al co-scientist,' collaborating with human
scientists to design more complex material systems and elucidate unknown physical
phenomena. This advancement provides an indispensable foundation for building a

sustainable and high-performance future society.

Source: https://www.anl.gov/article/from-atomic-chaos-to-custom-materials
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DOE-University Alliance Accelerates Custom Polymer
Development via Autonomous Al Inverse Design
Workflow and Polybot

Published June 03, 2026  Tech Briefs USA

| overview

Researchers from Argonne National Laboratory (DOE), the University of Chicago, and
Purdue University have demonstrated a faster route from target properties to
polymer recipes using an autonomous Al inverse design workflow. This innovative
system employs Al 'reading' tools and large language models (LLMs) to extract data
from scientific literature and uses machine learning to predict optimal building block
combinations. A Polybot autonomous lab then synthesizes polymers based on these
predictions, providing feedback to generate custom materials rapidly with fewer

experiments, significantly shortening development times.
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Key Findings

A collaborative research team from the U.S. Department of Energy's (DOE) Argonne
National Laboratory, the University of Chicago, and Purdue University has developed an
Al-driven autonomous inverse design workflow, demonstrating an unprecedentedly
rapid pathway from desired target properties directly to polymer synthesis recipes. This
innovative system combines Al 'reading' tools (including Large Language Models, LLMs)
that automatically extract data from scientific literature with machine learning to predict
optimal polymer building block combinations. Subsequently, an autonomous laboratory,
dubbed Polybot, automatically synthesizes polymers based on the Al's predictions and
feeds results back into the Al in a 'closed-loop' process. This enables rapid generation of
custom materials with fewer experiments, marking a breakthrough in significantly

shortening material development timelines.

Technical / Clinical Details

e Autonomous Inverse Design Workflow: This workflow takes desired final material
properties (e.g., specific strength, flexibility, thermal stability) as input, and the Al
reverse-engineers the chemical structure and synthesis pathway of a polymer likely to
possess those properties. This is an inverse approach to traditional forward design

(predicting properties from structure).

¢ Al 'Reading’ Tools and LLMs: As the initial stage of research, Al automatically
extracts information such as material synthesis methods, properties, and relevant
chemical structures from unstructured text data like existing scientific papers and
patents. Large Language Models (LLMs) play a crucial role in building a structured

knowledge base from this unstructured data.

e Machine Learning Optimization: The extracted data is used to train machine
learning models, which learn how different monomers and polymerization conditions
affect the final polymer properties. Based on this knowledge, the Al predicts the

optimal combination of building blocks to achieve the target properties.



¢ Polybot (Autonomous Lab): Based on Al predictions, Polybot, a robotic chemist,
automatically performs polymer synthesis, purification, and characterization. Polybot
can precisely control operations such as liquid handling, heating/cooling, and mixing,
executing experiments at high throughput. Experimental results are fed back to the Al

in real-time, continuously improving model accuracy.

o Efficiency Improvement: This closed-loop system dramatically reduces the number
of experiments required compared to human-led experimentation, shortening

development times from months or years to weeks or months.

Background & Context

Polymer materials are indispensable across numerous industries, including medical,
automotive, electronics, and packaging. However, the development of custom polymers
meeting specific requirements has been a time-consuming and costly bottleneck due to
complex chemistry and synthesis processes. The integration of Al and autonomous
laboratories provides a powerful means to overcome this challenge. The collaboration
between the U.S. DOE and leading universities highlights national strategic investment in

this field and the importance of academic-industrial partnerships.

Strategic Significance & Outlook

This autonomous inverse design workflow is poised to revolutionize polymer materials
development and accelerate the market launch of new products. In the future, its
application is expected to extend to non-polymer materials (e.g., catalysts, battery
materials). The collaboration between Al and autonomous labs makes the era of "Al co-
scientists" a reality, allowing materials scientists to focus on more complex and creative
problems. This technology holds the potential to provide innovative solutions across a
wide range of fields, from developing biocompatible materials for personalized medicine
to sustainable packaging materials and high-performance composites, contributing to

overall societal progress.

Source: https://www.techbriefs.com/component/content/article/55278-autonomous-ai-design-unlocks-a-

faster-route-to-custom-materials
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University of Toronto's Acceleration Consortium Drives
Material Development with Autonomous Labs (SDLs),
Dramatically Cutting Time and Cost

Published June 03, 2026  Harrowings - Substack  Canada
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| overview

The University of Toronto's Acceleration Consortium (AC) is demonstrating how Self-
Driving Labs (SDLs) are maturing into a transformative infrastructural layer for
physical sciences, aiming to significantly reduce material development time and cost.
AC creates SDLs by leveraging Al, robotics, materials science, and high-throughput
chemistry, proving their value in sustainability-related fields such as optimizing
battery components, solar cell materials, catalysts for green hydrogen production,
and thermoelectric materials. The collaborative, modular, and accessible vision of SDL
2.0, combined with large-scale Al systems, will enable unprecedented exploration of

vast material and chemical spaces.
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Key Findings

The University of Toronto's Acceleration Consortium (AC) is leading the charge in
demonstrating how Self-Driving Labs (SDLs) are maturing into a transformative
infrastructural layer within the physical sciences, aiming to drastically reduce both the
time and cost associated with materials development. The AC creates SDLs by
integrating Al, robotics, materials science, and high-throughput chemistry, proving their
innovative value in sustainability-focused areas such as the optimization of battery
components, solar cell materials, catalysts for green hydrogen production, and
thermoelectric materials. Particularly, the "SDL 2.0" vision, combining a collaborative,
modular, and accessible platform with large-scale Al systems, is expected to enable

unprecedented exploration of vast material and chemical spaces.

Technical / Clinical Details

e Components of SDLs: An SDL comprises Al models (for prediction and optimization),
robotic arms (for automated synthesis and liquid handling), sensors (for real-time
characterization), and data management systems (for automated collection and
organization of experimental data). The Al formulates experimental plans, robots
execute them, and results are fed back to the Al for learning, establishing a "closed-

loop" process.

e Accelerated Optimization: While traditional materials development once took
decades and hundreds of millions of dollars, SDLs have the potential to reduce this to
as little as one year and one million dollars. This is achieved through accelerated

experimentation, reduced failures, and efficient exploration space narrowing by Al.

e Application Areas: AC's SDLs are achieving concrete results in a wide range of fields,
including clean energy technologies (batteries, solar cells, catalysts), biodegradable
plastics, and pharmaceuticals. For example, in optimizing catalysts for green hydrogen
production, Al proposes catalyst compositions and structures, which robots

synthesize and evaluate iteratively until target performance is met.

e SDL 2.0 Vision: Networked SDLs dispersed across multiple locations, managed by Al,
will be able to address more complex research challenges. Emphasis is placed on
modularity and accessibility, aiming to make the benefits of SDLs readily available to

researchers and industries.



Background & Context

Modern society faces global challenges such as climate change, resource depletion, and
energy crises, requiring rapid discovery and development of high-performance and
sustainable new materials. However, traditional materials development methods have
been bottlenecks for innovation due to their inefficiency and high cost. The University of
Toronto's Acceleration Consortium is pioneering an innovative approach, SDLs,
combining Al and automation to overcome these challenges. This movement is also
influencing international research groups in Korea and Europe, fostering the formation of

a global SDL ecosystem.

Strategic Significance & Outlook

The continued evolution of SDLs will fundamentally transform the speed and efficiency
of scientific discovery, playing a critical role in shaping future industries and society. The
integration of Al with large-scale data systems will enable materials scientists to delve
into previously unexplored chemical spaces, increasing the potential for serendipitous
discoveries. This is expected to lead to the rapid market introduction of higher-
performance and environmentally friendly materials, significantly contributing to the
realization of a sustainable future society. SDLs also hold the potential to foster
collaboration among academia, industry, and government, establishing a new research

paradigm based on open science principles.

Source: https://halgill.substack.com/p/self-driving-labs-sdls
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NC State's PoLARIS Autonomous Lab Discovers Lead-
Free Nanoplatelets in 12 Hours, Accelerating Scientific
Discovery by 100x

Published June 03, 2026  NC State News USA

| overview

NC State University's Self-Driving Lab (SDL) technology intelligently plans and
executes experiments to discover optimal "recipes” for new molecules and materials,
accelerating discovery up to 100 times faster than conventional chemistry and
materials science. Specifically, POLARIS, one such SDL, discovered brighter, lead-free
nanoplatelets (semiconductor nanomaterials) from billions of synthesis candidates in
just 12 hours. NC State's SDLs like Rainbow, Fast-Cat, and PoLARIS leverage Al to
continuously refine experiments, learn, and select next steps within a closed-loop

learning system.
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Key Findings

North Carolina State University (NC State) is leading the development of Self-Driving Lab
(SDL) technology that intelligently plans and executes experiments to discover optimal
‘recipes' for new molecules and materials using artificial intelligence (Al) and machine
learning. This groundbreaking work accelerates scientific discovery up to 100 times faster
compared to traditional chemistry and materials science research processes. Notably,
PoLARIS, one of the SDLs developed by the university, discovered brighter,
environmentally friendly lead-free nanoplatelets (semiconductor nanomaterials) in an
astonishing 12 hours from billions of potential synthesis candidates. This dramatically

reduces material development lead times and costs.

Technical / Clinical Details

e Self-Driving Lab (SDL) Operating Principle: NC State's SDLs employ a 'closed-loop
learning system' where Al analyzes experimental data, generates hypotheses, instructs
robotic systems to perform physical experiments, and collects/evaluates results in
real-time. Through this feedback loop, the Al rapidly converges on optimal material

compositions or synthesis conditions.

e Up to 100x Faster Discovery Rate: While traditional human-led trial-and-error
experimental cycles could take months to years, SDLs can complete these processes
in days or hours, leading to an exponential increase in discovery speed. This allows

researchers to explore more possibilities and solve complex problems quickly.

e PoLARIS Discovery of Lead-Free Nanoplatelets: POLARIS is an SDL specifically
focused on semiconductor nanomaterials like quantum dots. It explored billions of
synthesis conditions and, in just 12 hours, discovered higher-performance
nanoplatelets that are lead-free, addressing the challenge of toxicity in conventional
materials. This marks a significant step in the development of eco-friendly electronic

materials.

e Other SDL Projects: NC State is also developing multiple other SDLs, such as
Rainbow (for polymer materials) and Fast-Cat (for catalysts), each addressing different

research challenges in diverse material systems.



Background & Context

The discovery of new materials is fundamental to innovation in many key industries of
modern society, including energy, electronics, medicine, and environment. However, this
process has long been a bottleneck due to challenges like vast exploration spaces,
complex synthesis, and time-consuming characterization. The advent of SDLs, integrating
Al and robotics, provides a powerful means to overcome these bottlenecks and rapidly
develop more sustainable and high-performance materials. NC State's efforts strengthen
U.S. leadership in science and technology and play a crucial role in shaping future

industries.

Strategic Significance & Outlook

NC State's SDL technology holds the potential to revolutionize not only materials science
but also a wide range of scientific and engineering fields, including drug discovery,
chemical process optimization, and environmental monitoring. Specifically, the role of
"Al co-scientists," where Al collaborates with human scientists to discover previously
overlooked material correlations and properties, is expected to expand. This will lead to
the rapid market introduction of new technologies, such as improved performance for
electric vehicle batteries, enhanced efficiency for renewable energy systems, and the
creation of breakthrough pharmaceuticals, contributing to global challenge resolution.

SDLs are redefining the future of scientific discovery.

Source: https://news.ncsu.edu/2026/06/speeding-up-scientific-discovery/
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ResearchGate: NequlP GNN Predicts Amorphous
Material Many-Body Interactions at 10,000x Lower
Cost than DFT

Published June 03, 2026 ResearchGate = Unknown

If ResearchGate

| overview

Recent research applied NequlP, an equivariant message passing graph neural
network (GNN), to predict many-body interactions in model soft glasses of solvent-
free polymer-grafted nanoparticles (PGNs). NequlP successfully learned the high-
dimensional, rugged potential energy surface of the system, reproducing energies
with computational costs four orders of magnitude lower than traditional Density
Functional Theory (DFT). This demonstrates the versatility and high accuracy of
machine learning potentials (MLPs), opening new avenues for efficiently simulating

complex dynamics in amorphous materials.
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Key Findings

A recent research paper demonstrates the groundbreaking capability of Graph Neural
Networks (GNNs) for predicting many-body interactions in amorphous materials.
Specifically, by applying NequlP, an equivariant message-passing GNN, to model soft
glasses of solvent-free polymer-grafted nanoparticles (PGNs), NequlP learned the high-
dimensional, rugged potential energy surface of the system with exceptional accuracy.
The most significant aspect of this achievement is NequlP's success in reproducing
energies with computational costs four orders of magnitude lower than traditional
Density Functional Theory (DFT). This opens new avenues for simulating the complex

dynamics and thermodynamics of amorphous materials with unprecedented efficiency.

Technical / Clinical Details

¢ NequlP GNN Principle: NequlP is a type of Machine Learning Interatomic Potential
(MLP) that learns the nature of forces acting between atoms. Crucially, this model is
designed with equivariance to rotations and translations, enabling predictions
consistent with physical laws. This ensures that forces are predicted consistently

regardless of atomic configuration changes, maintaining physical integrity.

e Application to Amorphous Materials: Amorphous materials (like glass) lack long-
range order, making their many-body interactions and energy surfaces extremely
challenging to model. NequlP effectively learns the complex interactions between

atoms, accurately describing local structural changes and dynamics in these materials.

¢ Dramatic Reduction in Computational Cost: While DFT provides high-accuracy
electronic structure calculations, its computational cost is immense, making it
unsuitable for large-scale or long-timescale simulations. NequlP demonstrated a
10,000-fold reduction in computation time compared to DFT, while nearly retaining
DFT's accuracy. This enables molecular dynamics simulations at scales previously

impossible.

¢ Learning High-Dimensional Potential Energy Surfaces: Soft glasses like PGNs
possess many degrees of freedom and complex interactions, resulting in highly
rugged potential energy surfaces. NequlP demonstrates the ability to efficiently learn
this complex surface and accurately identify stable structures, transition states, and

reaction pathways.



Background & Context

Amorphous materials are indispensable in our daily lives and industries, including
window glass, plastics, rubbers, and advanced functional materials (e.g., bulk metallic
glasses). However, their disordered atomic structure makes understanding and
controlling their properties extremely challenging. Accurate atomic-level simulations are
crucial for designing new amorphous materials or improving existing ones, but
conventional computational methods had limitations. MLPs, particularly GNN-based
models like NequlP, are emerging as powerful tools to solve this long-standing problem

and expand the frontier of amorphous materials science.

Strategic Significance & Outlook

Advances in NequlP and similar GNN-based MLPs will revolutionize the design and
understanding of amorphous materials. This could lead to the development of higher-
performance glasses, more durable polymers, innovative rubber materials, and new soft
matter materials. The reduction in computational cost will enable large-scale material
screening and process optimization in industry, accelerating the market introduction of
new products. In the future, it is expected that these MLPs will be integrated into closed-
loop autonomous laboratories, further streamlining the discovery and development of
amorphous materials. This will further enhance the importance of data-driven

approaches in materials science.

Source:
https://www.researchgate.net/publication/405561906_Using_graph_neural_networks_to_predict_many-

body_interactions_in_amorphous_materials/download
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Apoha Raises $36M to Scale Al Platform for Designing
Proteins, Food Ingredients, and New Materials with
Liquid-State Molecular Behavior Data

Published June 05, 2026  PPTI News UK/USA

| overview

London and San Francisco-based startup Apoha has secured $36 million in funding to
scale its Al platform for designing proteins, food ingredients, pharmaceuticals, and
advanced materials. The company is building a new data category called "Liquid State
Intelligence,” based on how materials and molecules behave under physical forces in
liquids. This unique approach aims to train Al models on material behavior, targeting

diverse industrial applications.
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Key Findings

Apoha, an Al-driven materials discovery startup based in London and San Francisco, has
successfully raised $36 million (approximately 5.58 billion JPY at 155 JPY/USD) to expand
its Al platform for accelerating the design of proteins, food ingredients, pharmaceuticals,
and advanced materials. The company is pioneering a new category of data called
"Liquid State Intelligence," which focuses on how materials and molecules behave when
subjected to physical forces in liquids. Through this unique approach, Apoha aims to

train Al models to drive innovation in materials design across various industrial sectors.

Technical / Clinical Details

¢ Liquid State Intelligence (LSI): LS|, developed by Apoha, refers to data concerning
the physical interactions experienced by materials and molecules in liquid
environments (e.g., shear forces, hydrodynamics, molecular arrangement changes due
to mixing). This provides insights into real-world material behavior that could not be

captured by traditional static structural data or ideal condition property data alone.

e Al Model Training: This LS| data is leveraged to train Apoha's Al model, "Liquid
Brain." Liquid Brain predicts molecular dynamics, self-assembly, and collective
behavior in liquid environments, aiding in the design of new molecules and materials
with desired functionalities. Examples include designing food ingredients with specific
viscosities, highly stable pharmaceutical formulations, or industrial fluids with

particular flow characteristics.

e Multi-Domain Application: Due to the versatility of its LS| and Al models, Apoha's
platform is expected to have broad applications across various domains, including
protein folding and stability, food texture and flavor, drug solubility and
bioavailability, and the processability and ultimate performance of advanced

materials.

e Accelerated Development: By enabling Al to predict complex molecular behavior in
liquids, the need for traditional trial-and-error experiments is significantly reduced,

shortening development times and costs.



Background & Context

Many products (pharmaceuticals, foods, paints, adhesives, etc.) function in liquid
environments during manufacturing processes or final use. However, molecular behavior
and material interactions in liquids are extremely complex and difficult to predict, posing
bottlenecks in product development. Apoha's funding indicates growing investor interest
in Al-driven materials discovery, while its focus on the previously overlooked data
domain of "liquid state" suggests the potential to bring new value to the industry. Such

an approach enables more efficient and sustainable product development.

Strategic Significance & Outlook

The $36 million raised will be used to advance Apoha's Al platform technology and
expand its team, contributing to improvements in LSI data collection techniques and Al
model accuracy. In the future, Apoha's technology is expected to provide innovative
solutions across a wide range of industrial sectors, including pharmaceutical
development in personalized medicine, new food ingredients for sustainable food
production, and high-performance industrial materials. By enabling Al to understand
material behavior in liquids, materials scientists can gain deeper insights and realize

product designs previously thought impossible.

Source: https://www.proteinproductiontechnology.com/post/apoha-raises-us-36-million-to-scale-ai-

platform-for-designing-proteins-food-ingredients-and-new-materials
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Al Inverse-Designs "Super-Material” Stronger Than
Steel and Lighter Than Foam

Published June 04, 2026  Medium - Dark Energy Articles USA

Al JustiCreated'a SUPERMMATERIAL
__Stronger Than Steel But Lighter Than Foam

I OVERVIEW

Artificial intelligence has reportedly developed a revolutionary carbon-based
nanolattice "super-material" that is stronger than steel yet significantly lighter than
foam. This achievement demonstrates Al's role as a true co-inventor in materials
science, inverse-designing entirely new micro-architectures inconceivable to humans.
It suggests a new era where material discovery processes are reduced from decades
to months, unlocking combinations of properties once considered physically

incompatible.
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Key Findings

Artificial intelligence (Al) has reportedly developed a revolutionary carbon-based
nanolattice "super-material” that possesses greater strength than steel while being
significantly lighter than foam. This astonishing achievement clearly signals the advent of
a new era where Al functions not merely as an auxiliary tool in materials science, but as a
"co-inventor" capable of autonomously generating entirely new micro-architectures,
inconceivable to human researchers, through an "inverse design" approach. This
suggests the potential for dramatically shortening material discovery timelines from

decades to just a few months.

Technical / Clinical Details

¢ Nanolattice Structure: This super-material features a microscopic "nanolattice"
structure, where carbon atoms are arranged in a specific manner. This structure
results in extremely low overall density while individual elements possess
exceptionally high strength, leading to superior specific strength (strength-to-density
ratio) for the material as a whole. The Al optimized the geometric arrangement and

topology of this microstructure.

¢ Inverse Design Approach: Traditional materials design primarily involved "“forward
design," inferring new structures from existing materials and predicting their
properties. However, this research employed "inverse design." This means that
desired macroscopic properties (e.g., strength exceeding steel, lightness less than
foam) are input first, and the Al then reverse-calculates and derives the optimal

atomic-scale architecture and synthesis pathways to achieve those goals.

e Al's "Creativity": The Al proposed non-intuitive and innovative microstructures that
would have been difficult for human intuition or empirical rules to reach. This
demonstrates Al's capability to efficiently explore vast design spaces and find the

most optimal solutions within physical constraints.

e Material Performance: The reported super-material has a density of approximately
10-15 mg/cm?, yet its tensile and compressive strengths are said to surpass steel. This
high specific strength could lead to revolutionary applications in fields such as

aerospace, automotive, and national defense.



Background & Context

High-performance lightweight materials are indispensable for improving transportation
efficiency, reducing energy consumption, and enabling new product functionalities.
However, achieving both strength and lightness has been a long-standing challenge in
materials science. Particularly, since natural materials have limitations, there is increasing
expectation for artificially designed "metamaterials" and "super-materials.” The
introduction of Al enables breakthroughs in this design process, overcoming bottlenecks
in conventional material discovery. This achievement further reinforces the recognition

that Al is redefining materials science research as the "fifth paradigm.”

Strategic Significance & Outlook

The discovery of this Al-designed super-material will have immeasurable impacts across
a wide range of fields, including aerospace (lighter aircraft and spacecraft), automotive
(improved fuel efficiency and enhanced safety), robotics (lightweight and robust
structures), and defense (high-performance protective materials). In the future, Al is
expected to be applied to the design of even more complex material systems and super-
materials with optical, electromagnetic, and thermal properties. This will make the era of
"Al co-inventors" a reality, where Al collaborates with human scientists to unlock
previously impossible material performance and functionalities, contributing significantly

to the realization of a sustainable and advanced society.

Source: https://medium.com/@darkenergyarticles/ai-just-created-a-super-material-stronger-than-steel-
but-lighter-than-foam-81867ac36e2b
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Topsoe Declares Al the "Fifth Paradigm" in Materials

Science, Poised to Revolutionize Catalysis, Electrolysis,
and Battery Design

Published Published June 04, 2026 Topsoe T>~<¥—7
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| overview

Topsoe, a global leader in catalyst technology, has announced that Al is emerging as
the "fifth paradigm" in materials science, fundamentally transforming material
discovery and design. Their Al systems combine physics-constrained predictive and
generative capabilities, integrating diverse data modalities to accelerate material
innovation across heterogeneous catalysis, high-temperature electrolysis, and battery

development, promising to unlock previously unseen breakthroughs.
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Background

The world faces urgent challenges demanding innovative new materials, particularly in
sustainable energy solutions, decarbonization, and enhanced resource efficiency.
Historically, material development has been a resource-intensive process, heavily reliant
on time-consuming, costly, and iterative trial-and-error methodologies. Industrial leaders
like Topsoe are now making a strategic move to integrate Artificial Intelligence (Al) into
large-scale materials science, aiming to overcome these bottlenecks and accelerate the
generation of breakthroughs. This initiative is expected to drive overall industrial

innovation and significantly contribute to global environmental objectives.

Key Findings

Topsoe, a global leader in catalyst technology, has announced that Artificial Intelligence
(Al) is ushering in the "fifth paradigm" of materials science, poised to fundamentally
transform how new materials are discovered and engineered. Within this new framework,
Topsoe's Al systems uniquely combine predictive and generative capabilities,
meticulously trained to operate within fundamental physics constraints. These systems
integrate vast volumes of data from diverse modalities, including visual representations,
mathematical models, and extensive textual sources. Topsoe is actively deploying Al's
potential across critical domains such as heterogeneous catalysis, high-temperature
electrolysis, and advanced battery materials. The company anticipates this will
dramatically accelerate the material discovery process, enable the screening of far larger
experimental spaces than previously imaginable, and ultimately lead to unexpected,

groundbreaking findings that might have otherwise been overlooked.

Technical Details

e The Fifth Paradigm: Traditional materials science has progressed through four
distinct paradigms: empirical observation, theoretical modeling, computational
simulation, and big data analysis. Al integrates the strengths of these predecessors
while adding a crucial new dimension of "autonomous discovery," thereby

establishing itself as the "fifth paradigm.”



¢ Fusion of Predictive and Generative Al: Topsoe's approach leverages the synergy of
two core Al types. Predictive Al learns from extensive datasets of existing materials to
accurately forecast the properties of specific structures. Conversely, Generative Al
takes desired material properties as input and autonomously proposes novel material
structures or compositions designed to meet these specifications. This combined
capability dramatically enhances both the efficiency and creativity inherent in the

materials design process.

¢ Physics-Informed Constraints: A cornerstone of Topsoe's Al systems is their training
to not only identify patterns in data but also to rigorously incorporate fundamental
laws and constraints from chemistry, physics, and materials science. This includes
principles such as thermodynamic stability, feasible reaction pathways, and
acceptable elemental bonding. This physics-informed approach ensures that Al-
proposed materials are intrinsically realistic and physically viable, significantly

reducing the need for unproductive and costly experimental trials.

e Multimodal Data Integration: The Al's learning capabilities are empowered by
integrating diverse forms of data. This comprehensive input includes computational
simulation data, results from physical experiments, insights extracted from scientific
literature, intricate crystal structure data, and detailed spectroscopic measurements.
This holistic data integration fosters a more comprehensive and deeper
understanding of material behavior, directly translating into improved prediction

accuracy and more robust material designs.

e Key Application Areas: Topsoe is strategically applying its Al capabilities to

accelerate development in several high-impact areas:

o Heterogeneous Catalysts: Essential for processes like green hydrogen production

and various chemical syntheses.

o High-Temperature Electrolysis: Crucial for advanced Power-to-X (P2X)
technologies, enabling conversion of renewable electricity into storable energy

carriers.

o Battery Materials: Focusing on the design of high-performance, long-life battery

chemistries for energy storage solutions.



Strategic Significance & Outlook

Topsoe's Al-driven materials science initiatives are set to significantly strengthen its core
business in catalyst technology and unlock new avenues for value creation, particularly in
critical sectors such as green hydrogen, synthetic fuels, and sustainable chemicals. The
anticipated dramatic reductions in material discovery lead times and associated costs will
accelerate the market introduction of novel technologies and substantially enhance
Topsoe's competitive edge. Looking ahead, Al is expected to evolve further into an "Al
co-scientist," collaborating synergistically with human researchers to uncover entirely
new material concepts and reaction pathways that were previously beyond reach.
Through this forward-looking approach, Topsoe aims to globally drive innovation and

contribute profoundly towards the realization of a sustainable society.

Source: https://www.topsoe.com/knowledge-and-insights/expert-articles/the-fifth-paradigm-the-

emerging-role-of-ai-in-material-science
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arXiv: PolyGraphPy Unifies Atomistic Simulation and
ML-Driven Polymer Design in a Python Framework

Published June 05, 2026 arXiv Unknown

I OVERVIEW

A new paper on arXiv introduces "PolyGraphPy," a unified Python framework for
atomistic simulation and machine learning (ML)-driven polymer design. This open-
source framework seamlessly integrates atomistic simulation with ML, enabling
accurate property prediction and property-guided polymer design. It features
property prediction using Bayesian Graph Neural Networks (GNNs) and de novo
design of novel molecules via SELFIES-based Generative Pretrained Transformer (GPT)

and Genetic Algorithm (GA), accelerating data-driven polymer informatics.
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Key Findings

A recent research paper published on arXiv introduces "PolyGraphPy," an open-source
Python framework designed to unify atomistic simulation and machine learning (ML)-
driven polymer design. This innovative framework seamlessly integrates atomic-level
simulations with advanced ML models, enabling accurate property prediction for
polymers and "property-guided design"” to create polymers with specific desired
characteristics from scratch. It notably features high-precision property prediction using
Bayesian Graph Neural Networks (GNNs) and de novo design of novel molecules by
combining a SELFIES-based Generative Pretrained Transformer (GPT) and Genetic

Algorithm (GA), dramatically accelerating data-driven polymer informatics.

Technical / Clinical Details

¢ Unified Framework: PolyGraphPy provides functionalities for atomistic simulations
(e.g., molecular dynamics, Monte Carlo methods) and ML models such as GNNs, GPT,
and GAs within a single environment. This allows researchers to directly use data from
simulations for ML model training and guide simulations based on ML model

predictions, establishing an efficient "closed-loop" workflow.

e Property Prediction with Bayesian GNNs: By incorporating Bayesian inference into
GNNs, which represent material atomic structures as graphs, the framework can
evaluate not only prediction values but also their uncertainties. This is crucial for
optimizing experimental designs and identifying high-risk areas. PolyGraphPy can
predict various polymer properties like glass transition temperature, Young's modulus,

and solubility.
e De Novo Design with SELFIES-based GPT and GA: SELFIES (Simplified Molecular-

Input Line-Entry System) is a method to represent molecular structures as unique and
chemically valid strings. By combining this SELFIES notation with GPT (a type of large
language model), Al can learn from existing polymer structures and autonomously

generate new, chemically valid polymers. Furthermore, GAs explore and optimize the

generated candidates to best meet target properties.

e Compatibility with Python Ecosystem: As an open-source tool, PolyGraphPy can be
easily integrated with existing Python libraries like NumPy, SciPy, and PyTorch,

allowing researchers and developers to flexibly customize and extend it.



Background & Context

Polymer materials are indispensable across diverse industries such as electronics,
automotive, medical, and packaging. However, the design and synthesis of new polymers
with desired properties remain time-consuming processes due to their complex
structures and chemical reactivity. The rise of Al in materials science holds significant
potential to resolve this bottleneck. A unified open-source framework like PolyGraphPy
provides a powerful tool for academic researchers and industrial engineers to combine

Al and simulation more efficiently for polymer design.

Strategic Significance & Outlook

The introduction of PolyGraphPy marks a major advancement in the field of polymer
informatics, accelerating the development of next-generation polymer materials. This is
expected to lead to the rapid discovery and design of higher-performance functional
polymers, biocompatible materials, and recyclable plastics. In the future, this framework
is likely to further evolve and be applied to the design of complex systems such as
composite materials, hybrid materials, and even self-healing polymers. The tight
integration of Al and atomistic simulations will accelerate the era of "Al co-scientists,"
enabling materials scientists to gain deeper insights and unlock previously impossible

material performance and functionalities.

Source: https://arxiv.org/abs/2606.06415
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MDPI: ML-Based Structure-Property Relationship
Modeling Boosts Polymer Property Prediction Accuracy

Published June 05, 2026 MDPI  Switzerland

I OVERVIEW

Research published in MDPI proposes a comprehensive machine learning (ML)-based
framework for predicting polymer physical properties and identifying structure-
property relationships (SPR), improving prediction accuracy. Adopting the XGBoost
framework and SFOA optimization, this integrates data preprocessing, feature
engineering, modeling, optimization, and interpretability. It addresses issues of
dataset inconsistencies, high dimensionality of molecular structures, and the non-
interpretability of current methods, emphasizing the importance of data-driven

approaches in polymer materials design.
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Key Findings

A recent study published in MDPI proposes a comprehensive machine learning (ML)-
based framework for predicting the physical properties of polymers and identifying their
Structure-Property Relationships (SPR). This research significantly enhances the accuracy
of polymer property prediction by employing the XGBoost framework combined with the
Salp Swarm Algorithm with Fuzzy Optimization Algorithm (SFOA) optimization method.
The framework seamlessly integrates data preprocessing, feature engineering, modeling,
optimization, and interpretability, overcoming the limitations of conventional group
contribution methods and QSPR models in complex non-linear systems. This highlights

the indispensable role of data-driven approaches in polymer materials design.

Technical / Clinical Details

¢ Prediction with XGBoost and SFOA: The XGBoost algorithm, a gradient boosting
framework, was adopted as the predictive model, demonstrating excellent predictive
performance. Furthermore, a hybrid optimization method called SFOA, combining
Salp Swarm Algorithm (SSA) and Fuzzy Optimization Algorithm (FOA), was introduced
to efficiently optimize XGBoost model hyperparameters, maximizing prediction

accuracy.

e Structure-Property Relationship (SPR) Modeling: ML models learn complex non-
linear relationships between descriptors (features) derived from polymer molecular
structures and physical properties such as glass transition temperature, Young's
modulus, and density. This enables the prediction of material properties without

physical experimentation and guides the design of new polymers.

e Addressing Challenges: Traditional polymer property prediction methods faced
challenges such as dataset inconsistencies, high dimensionality of molecular
structures, and the 'black-box' nature (lack of interpretability) of models. The
proposed framework addresses these challenges, providing a more robust and
interpretable predictive system. For instance, tools like SHAP (SHapley Additive
exPlanations) values are used to visualize which features contribute most to model

predictions, enhancing interpretability.



e Computational Efficiency and Versatility: This ML-based approach can predict
properties much faster than conventional first-principles calculations while
maintaining high accuracy. It also exhibits versatility, being easily applicable to

different polymer datasets and property types.

Background & Context

Polymer materials are indispensable across a wide range of industries, including
electronics, automotive, medical, and construction, due to their diverse properties.
However, the development of new polymers meeting specific application requirements
presents significant challenges in terms of synthesis complexity, time and cost of
characterization, and the exploration of vast design spaces. Data-driven science,
especially machine learning, is expected to be a powerful tool for overcoming these
challenges and resolving bottlenecks in polymer development. This research advances
polymer informatics by introducing sophisticated ML techniques, accelerating material

innovation in industry.

Strategic Significance & Outlook

The proposed ML-based framework is poised to revolutionize the R&D process for
polymer materials, accelerating the market introduction of new products. It is expected
to enable the rapid design and development of higher-performance plastics, rubbers,
composites, and biocompatible polymers. In the future, this framework could be
integrated with autonomous laboratories (SDLs) to fully automate the entire process of
polymer discovery, synthesis, characterization, and optimization, allowing materials
scientists to focus on more complex and creative challenges. This will provide an

essential foundation for the realization of a sustainable and high-performance society.

Source: https://www.mdpi.com/2073-4360/18/11/1320
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bioRxiv: ORIGAMI, an Orientation-Aware GNN,

Developed for Assessing Multimeric Interfaces of
Protein Complex Structures

Published June 03, 2026  bioRxiv Unknown

| overview

A study published on bioRxiv introduces "ORIGAMI," an orientation-aware graph
neural network (GNN) for evaluating multimeric interfaces of protein complex
structures. ORIGAMI innovatively utilizes both scalar and 3D vector node
representations, performing symmetry-aware geometric operations while maintaining
SO(3)-equivariance. This approach effectively captures subtle orientational
relationships between residues, which were challenging for conventional GNNs,
aiming to enhance interface accuracy assessment and deepen understanding of

binding specificity and stability in protein-protein interactions.
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Key Findings

A recent research paper published on bioRxiv introduces "ORIGAMI," a groundbreaking
orientation-aware Graph Neural Network (GNN) for evaluating multimeric interfaces of
protein complex structures. ORIGAMI innovatively leverages both scalar and 3D vector
node representations, performing symmetry-aware geometric operations while
maintaining SO(3)-equivariance (invariance to rotation and translation). This advanced
approach enables effective capture of subtle orientational relationships between
residues, which were previously challenging for conventional GNNs, significantly
contributing to the accurate assessment of multimeric interfaces and deepening the

understanding of binding specificity and stability in protein-protein interactions.

Technical / Clinical Details

¢ Orientation-Aware GNN "ORIGAMI": While conventional GNNs primarily process
the existence and connectivity of atoms or residues as graphs, ORIGAMI assigns 3D
vector information (e.g., spatial orientation of atoms) to each node (residue). This
allows the model to learn information about 'orientation'—how proteins are arranged
in space—enabling more accurate capture of subtle interactions in protein complex

formation.

e SO(3)-Equivariance: The model is designed so that its predictions remain physically
consistent even if the input protein orientation changes. Achieving SO(3)-
equivariance allows the model to learn features robust to rotation and translation,

improving data efficiency.

e Symmetry-Aware Geometric Operations: Protein complexes, especially multimers,
often exhibit symmetry. ORIGAMI incorporates this symmetry into its learning
process, enhancing the model's generalizability and predictive accuracy. This enables
the model to understand how differences in spatial orientation, even for the same

type of interaction, affect the outcome.

¢ Evaluation of Multimeric Interfaces: ORIGAMI analyzes detailed inter-residue
interactions within the interface regions where protein complexes form, evaluating
binding strength and specificity. This can be applied to the design of drugs that
inhibit protein-protein interactions (e.g., cancer therapeutics), the design of new

enzymes, and the prediction of protein complex stability.



e Accuracy Improvement: Compared to conventional GNNs and other machine
learning methods, ORIGAMI achieved significant improvements in accuracy for
evaluating protein complex interfaces. While specific numerical details are in the

paper, the model's reliability is enhanced.

Background & Context

Proteins are fundamental molecules for life, and many biological phenomena
(metabolism, signal transduction, immune response, etc.) are regulated by "protein
complexes" formed by the assembly of multiple proteins. Understanding the structure
and function of these complexes, particularly the interactions at the "interfaces" that
stabilize them, is critically important in drug discovery, synthetic biology, and
biotechnology. However, due to the complex 3D structures of proteins and the diversity
of their interactions, prediction and design remain major challenges. Al, especially GNNs,

are expected to be powerful tools to overcome this challenge.

Strategic Significance & Outlook

The development of orientation-aware GNNs like ORIGAMI has the potential to
revolutionize protein science, particularly in the fields of drug discovery and
bioengineering. This will accelerate the design of more effective protein-protein
interaction inhibitors (PPl inhibitors), the development of novel drugs with fewer side
effects, the design of highly stable antibody drugs and vaccines, and the creation of
artificial proteins with new functionalities. In the future, this model is expected to further
evolve and be applied to the modeling of more complex biomolecular systems, such as
membrane protein complexes and large intracellular structures. The era of Al functioning

as a "co-scientist” in the life sciences is dawning.

Source: https://www.biorxiv.org/content/10.64898/2026.05.31.729128v1 full.pdf
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