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Novelty

Market
Proximity

Market
Impact

Data
Reliability

US/EU
Relevance Summary

#01
US DOE
Physics-Aware AI

Research
●●●●

●
●●○○

○
●●●●

●
●●●●

○
●●●●

●

US DOE develops physics-aware AI framework
integrating foundation models to accelerate
materials design for critical technologies.

#02
Topsoe AI 'Fifth
Paradigm'

Corporat
e

Strategy

●●●○
○

●●●○
○

●●●●
○

●●●○
○

●●●●
○

Danish Topsoe declares AI the 'fifth paradigm' in
materials science, accelerating catalyst,
electrolysis, and battery material development.

#03
MIT Valence
Constraints

Research
●●●●

●
●●○○

○
●●●●

○
●●●●

●
●●●●

●

MIT researchers introduce valence constraints
into generative AI (CrysVCD) for stable crystal
structures, enhancing inverse design.

#04
Apoha Raises $36M
for AI

Funding
●●●○

○
●●●○

○
●●●○

○
●●●○

○
●●●●

●

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

#05
PatSnap AI Patent
Shift

Market
Analysis

●●●○
○

●●●●
○

●●●●
○

●●●●
○

●●●●
○

PatSnap report highlights IBM and Fujitsu patents
shifting generative AI towards practical inverse
design with synthesizability/cost constraints.

#06
China AI4S
Leadership

Corporat
e

Strategy

●●●○
○

●●●●
○

●●●●
●

●●●○
○

●●●●
○

China aggressively pushes 'AI for Science'
strategy, with DeepChem autonomous labs and
Xiaomi lightweight alloys showing progress.

#07
London Qubit
Reduction

Research
●●●●

●
●○○○

○
●●●○

○
●●●●

●
●●●●

●

London researchers reduce qubits for crystalline
material simulations on quantum computers,
enabling efficient complex material analysis.

#08
Tohoku DigMethpy
AI

Research
●●●●

○
●●○○

○
●●●●

○
●●●●

●
●●●○

○

International team including Tohoku University
develops 'DigMethpy' AI platform to accelerate
methane pyrolysis catalyst discovery for H2.

#09
SCM AMS2026
Software

New
Product

●●○○
○

●●●●
●

●●●○
○

●●●●
○

●●●●
○

SCM releases 'AMS2026' software with advanced
ML potentials and GPU optimization, accelerating
materials chemistry simulations.

#10 QUT Quantum Effect Research
●●●●

●
●○○○

○
●●●●

○
●●●●

●
●●●○

○

QUT discovers method to control quantum effect
(nonlinear Hall effect) for battery-free devices,
converting AC to DC at room temp.

#11
US DOE AI-Human
Fusion

Research
●●●○

○
●●○○

○
●●●●

○
●●●○

○
●●●●

●

US DOE National Labs accelerate materials
science by fusing AI and human expertise,
emphasizing AI-human collaboration for
discovery.

#12
Germany ASCEND
Project

Funding
●●●○

○
●●●○

○
●●●●

○
●●●●

○
●●●●

●

German BMBF funds €30M ASCEND project to
accelerate AI-driven catalyst development via
autonomous labs with partners like BASF.
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#13 UW AI+QC Materials Research
●●●●

●
●○○○

○
●●●●

○
●●●●

●
●●●●

●

UW accelerates quantum material development
by fusing AI and quantum computing, simulating
stacked atomic sheets and designing QC
components.

#14 NUS Urea Catalyst Research
●●●●

○
●●○○

○
●●●●

○
●●●●

●
●●●○

○

NUS designs catalyst for urea production from
CO2 and waste nitrates, integrating LLMs, DFT,
and experimentation for sustainability.

#15 Dunia Berlin GigaLab Funding
●●●○

○
●●●○

○
●●●●

●
●●●●

○
●●●●

●

Dunia Innovations invests €280M in Berlin
GigaLab to industrialize AI-driven materials
discovery for energy storage, catalysis,
semiconductors.

#16 React-OT AI for TS Research
●●●●

○
●●○○

○
●●●●

○
●●●●

●
●●●○

○

'React-OT' AI predicts chemical reaction transition
states with unprecedented speed/accuracy,
accelerating drug discovery and catalyst design.

#17 AI & Math Modeling Analysis
●●○○

○
●○○○

○
●●○○

○
●●●●

●
●●●●

○

Paper argues AI and mathematical modeling
fusion revolutionizes materials engineering,
accelerating discovery for alloys, polymers,
catalysts.

#18 MLIP Open Questions Research
●●●○

○
●○○○

○
●●○○

○
●●●●

●
●●●●

○

arXiv paper identifies six open questions in
machine-learned interatomic potential foundation
models, emphasizing multi-fidelity/modal models.

#19
AutoPot MLIP
Workflow

Research
●●●●

○
●○○○

○
●●●○

○
●●●●

●
●●●●

○

'AutoPot' is an automated, massively parallel
workflow for constructing Machine Learning
Interatomic Potentials (MLIPs) with quantum
accuracy.

#20
Spatial AI Market
$3.78B

Market
Overview

●○○○
○

●●●●
●

●●●●
○

●●●○
○

●●●●
○

Spatial Computing Generative AI Materials &
Chemicals Technology Market to reach $3.78B in
2026, driven by 3D simulation and generative AI.

#21
INX & Albert Invent
Collab

Corporat
e

Strategy

●●○○
○

●●●●
○

●●●○
○

●●●○
○

●●●●
●

INX collaborates with Albert Invent to integrate
AI-native R&D; operating systems, accelerating
material optimization and discovery.

#22
PhysicsX Raises
$135M

Funding
●●●●

○
●●●○

○
●●●●

○
●●●●

○
●●●●

●

PhysicsX raises $135M for AI to reduce industrial
engineering simulation from days to seconds,
with Siemens and Applied Materials investing.

#23
SES AI Battery
Research

Corporat
e

Strategy

●●●○
○

●●●●
○

●●●●
○

●●●○
○

●●●●
○

SES AI enhances 'vibe research' AI for battery
material discovery, shortening development
cycles for robotics, as reported by Korea Times.

#24
QC Potential
Explained

Overview
●○○○

○
●○○○

○
●●○○

○
●●○○

○
●●●●

●

Tech Guide explains quantum computing's
potential to accelerate drug discovery, materials
research, and financial optimization.

#25
America Makes
AI-AM

Funding
●●●○

○
●●○○

○
●●●●

○
●●●●

○
●●●●

●

America Makes awards $2M to 'AIM-4AM' project
to advance AI-based material qualification for
additive manufacturing, reducing testing.

#26
Prometheus $12B
Funding

Funding
●●●●

●
●●○○

○
●●●●

●
●●●●

○
●●●●

●

Prometheus, co-led by Jeff Bezos, raises $12B at
$41B valuation to develop AI to compress
engineering design cycles from years to months.

#27 WEF Closed-Loop AI Policy
●●●○

○
●●○○

○
●●●●

○
●●●○

○
●●●●

○

WEF recommends closed-loop integration of AI
and physical experimentation to accelerate
materials innovation for climate crisis.

#28
DeepMind GNoME
2.2M

Research
●●●●

●
●○○○

○
●●●●

●
●●●●

●
●●●●

○

Google DeepMind's GNoME discovers 2.2 million
stable crystal structures, with 380k practical,
ushering new era for energy material design.

#29 Fermilab Data Infra Infrastru
cture

●●●○
○

●●○○
○

●●●○
○

●●●●
○

●●●●
●

Fermilab builds Fermi Data Platform, a large-scale
data infrastructure, to support DOE's Genesis
Mission for AI-driven scientific discovery.
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#30 Biopolymer Data Std. Research
●●○○

○
●○○○

○
●●○○

○
●●●●

●
●●●●

○

Biopolymer data standardization is urgent to
enhance machine learning in materials discovery,
promoting transparency and reproducibility.

#31
Crystal Theory
Inverse

Research
●●●●

●
●○○○

○
●●●●

○
●●●●

●
●●●●

○

Formal theory for crystal structure prediction
using CG-DCGANs and GNNs revolutionizes
inverse design and material property prediction.

#32
ML Nanophotonic
Res.

Research
●●●●

●
●○○○

○
●●●○

○
●●●●

●
●●●●

○

ML unveils hidden nanophotonic resonances in
silicon-gold nanopillars, accelerating complex
material analysis for novel optical devices.

#33
Matforge AI
Scientists

Corporat
e

Strategy

●●●●
○

●●○○
○

●●●●
○

●●●○
○

●●●●
●

Matforge uses AI scientists, Google GNoME, and
Microsoft MatterGen to break semiconductor
material bottlenecks and discover novel crystals.

●●●●○ High ●●●○○ Med-High ●●○○○ Med ●○○○○ Low | Yellow highlight = featured article
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Three Questions That Demand Your Decision This Week

❶ Is your R&D; prepared for AI-driven 'Artificial General Engineers'?
Prometheus's $12B funding for AI to compress engineering design cycles from years to months (#26) signals a
paradigm shift. Does your current R&D; structure, talent, and data infrastructure allow you to compete with
this accelerated pace, or will your product development fall behind?

❷ How will China's 'AI for Science' strategy impact your supply chain?
China's aggressive AI4S strategy, exemplified by DeepChem's autonomous labs and Xiaomi's AI-designed alloys
(#06), aims for global leadership in advanced materials. Is your reliance on Chinese materials or components
creating a future vulnerability, or are you leveraging AI to secure domestic alternatives?

❸ Are you integrating physics-aware AI to ensure material stability?
Breakthroughs from US DOE (#01) and MIT (#03) in physics-aware and valence-constrained AI are critical for
designing chemically stable and functional materials. Is your AI strategy moving beyond statistical pattern
recognition to embed fundamental physics, ensuring the practical viability of AI-generated material candidates?

Opportunities vs. Threats for US/European Companies

Opportunity vs. Threat Matrix for US/European Companies

Opp. > Threat Both High

Low Impact Threat > Opp.

←
 O

pp
or

tu
ni

ty
 →

← Threat →

Prometh

ChinaAI

GigaLabDOE AI

GNoMECrysVCD PhysicsX

QUT QFX

Item Quadrant ↑ Opportunity ↓ Threat

● Prometh Critical Accelerate design Competitor lead

● ChinaAI Threat — Supply chain risk

● GigaLab Critical EU R&D; hub US/Asia gap

● DOE AI Opp. Leverage US tech —

● GNoME Critical New materials IP concentration

● CrysVCD Opp. Stable AI design —

● PhysicsX Critical Faster simulation Competitor speed
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● QUT QFX Ref. Battery-free tech —



Materials Informatics Weekly Intelligence Report | 2026-06-13 | Page 6

Deep Dive ① ― US DOE's Physics-Aware AI Framework
#01 | 2026/06/04 | Department of Energy | Tech Novelty●●●●● Proximity●●○○○ Market Impact●●●●● Data
Reliability●●●●○ US/EU Relevance●●●●●

The U.S. DOE has unveiled a physics-aware AI framework integrating foundation models, deep learning,
generative AI, and agent AI to dramatically enhance materials design. This aims to shorten
discovery-to-market time for critical technologies like batteries and structural materials.

By embedding fundamental physics (quantum mechanics, thermodynamics) into AI, the framework enables
accurate predictions for novel material properties, even before synthesis. Agent AI automates experiments
and optimizes processes in a closed-loop system, reducing human intervention.

▶ Strategic Analyst's Perspective

Strategic Analyst's Perspective: This framework is a significant step towards truly intelligent
materials design, moving beyond pure data correlation. [Opportunity] for US/EU materials and
device manufacturers to leverage this open-science approach, potentially through partnerships
with national labs, to accelerate their R&D; pipelines for next-gen products. [Threat] lies in the
complexity of integrating such advanced AI into existing R&D; workflows and the need for
highly skilled talent. Published numbers are realistic for lab conditions, but scaling to industrial
complexity remains a technical barrier. Next actions: [R&D;] Evaluate current AI integration
strategy against this physics-aware paradigm by end of quarter. [Strategy] Assess potential
collaboration models with DOE labs within 1 month.

Deep Dive ② ― Prometheus: $12B for AI General Engineer
#26 | 2026/06/12 | Tech Funding News | Tech Novelty●●●●● Proximity●●○○○ Market Impact●●●●● Data
Reliability●●●●○ US/EU Relevance●●●●●

Prometheus, co-led by Jeff Bezos, raised an astounding $12 billion to develop an 'artificial general engineer'
AI. This aims to drastically shorten engineering design cycles for complex physical products from years to
months.

The AI will autonomously generate designs from requirements, accelerate physical simulations, optimize for
manufacturability, and continuously learn. This covers jet engines, medical devices, semiconductors, and
advanced materials, requiring immense computational power.

▶ Strategic Analyst's Perspective

Strategic Analyst's Perspective: The sheer scale of this investment and ambition to create an
'artificial general engineer' is a game-changer. [Opportunity] for US/EU OEMs and device
manufacturers to partner with or acquire companies developing similar AI capabilities, or to
rapidly invest in internal AI-driven design platforms to stay competitive. [Threat] is existential:
if Prometheus succeeds, companies relying on traditional, lengthy design cycles will be
rendered obsolete. The vision is highly optimistic but backed by unprecedented capital.
Technical barriers include achieving true 'general' engineering intelligence and seamless
integration with diverse manufacturing processes. Next actions: [Executive] Form a
cross-functional task force (R&D;, Strategy, Procurement) to assess Prometheus's potential
impact on core product lines and competitive timelines within 1 month. [R&D;] Begin pilot
projects with generative AI for design optimization immediately.
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Deep Dive ③ ― Google DeepMind's GNoME: 2.2M Crystals
#28 | 2026/06/08 | DEV Community | Tech Novelty●●●●● Proximity●○○○○ Market Impact●●●●● Data
Reliability●●●●● US/EU Relevance●●●●○

Google DeepMind's GNoME (Graph Networks for Materials Exploration) discovered 2.2 million new stable
crystal structures, with 380,000 deemed practical. This surpasses all previously known inorganic materials,
transforming material discovery into a 'speed of discovery challenge'.

GNoME, combined with MatterGen's generative capabilities, ushers in a new era for computational screening
and generative design, especially for energy materials like perovskites and battery electrodes. This
dramatically accelerates exploration of material spaces.

▶ Strategic Analyst's Perspective

Strategic Analyst's Perspective: GNoME represents an academic breakthrough with profound
implications. The numbers are highly reliable, published by a leading AI research institution.
[Opportunity] for US/EU materials suppliers and OEMs to leverage these vast new material
candidates for next-generation products, potentially through licensing or open-source
initiatives. [Threat] is that Google DeepMind, or its partners, could gain a significant first-mover
advantage in commercializing these materials, creating new monopolies. The primary technical
barrier is the experimental validation and scalable synthesis of these predicted materials. Next
actions: [R&D;] Initiate internal projects to screen GNoME's database for relevant material
classes by end of quarter. [Business Dev] Explore potential partnerships or data access
agreements with Google DeepMind or its ecosystem within 1 month.

Other Notable Articles
MIT Researchers Introduce Valence Constraints (YouTube)
Tech Novelty●●●●● Proximity●●○○○ Market Impact●●●●○

MIT's CrysVCD ensures chemically stable AI-generated crystal structures, crucial for practical inverse design.

Dunia Innovations Invests €280M in Berlin GigaLab (Scouts by Yutori)
Tech Novelty●●●○○ Proximity●●●○○ Market Impact●●●●●

Massive EU investment in autonomous labs for AI-driven materials discovery signals a strong regional push.

China Pursues Global Leadership in Advanced Materials via AI for Science Strategy (UC Institute on Global Conflict and Cooperation)
Tech Novelty●●●○○ Proximity●●●●○ Market Impact●●●●●

China's aggressive AI4S strategy, with autonomous labs and industrial applications, poses a significant
competitive threat.

PhysicsX Raises $135M at ~$170M Total Funding for AI to Reduce Industrial Engineering Simulation from Days to Seconds (The AI World)
Tech Novelty●●●●○ Proximity●●●○○ Market Impact●●●●○

PhysicsX's AI dramatically accelerates industrial simulations, attracting major investors like Siemens and
Applied Materials.

London Researchers Dramatically Reduce Qubit Count for Crystalline Material Simulations on Quantum Computers (Quantum Zeitgeist)
Tech Novelty●●●●● Proximity●○○○○ Market Impact●●●○○

Breakthrough in quantum simulation efficiency for crystalline materials, advancing practical quantum
computing for materials science.
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Recommended Actions This Week

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

▍Immediate (this week)
• [Executive] Review competitive intelligence on AI-driven design acceleration (e.g., Prometheus,
PhysicsX) to identify immediate threats to product timelines.

• [R&D;] Assess current AI integration in materials R&D; identify critical gaps in physics-aware AI and
autonomous lab capabilities.

• [Procurement] Initiate a scan for emerging Chinese AI-driven material suppliers to understand
potential future supply chain risks.

▍Short-term (1 month)
• [Strategy] Develop a roadmap for integrating physics-aware generative AI (e.g., MIT CrysVCD, US
DOE framework) into materials design workflows.

• [Business Dev] Explore partnerships with AI startups (e.g., Apoha, PhysicsX) or academic institutions
(e.g., MIT, UW) for joint R&D; or technology licensing.

• [R&D;] Begin pilot projects for AI-accelerated simulation and material qualification, focusing on
high-value materials (e.g., AM, catalysts, batteries).

• [Legal/IP] Conduct an IP landscape analysis on AI-driven materials discovery, particularly for novel
crystal structures (e.g., GNoME) and inverse design.

▍Medium-long term (quarter+)
• [R&D;] Invest in developing or acquiring autonomous lab infrastructure (e.g., Berlin GigaLab model)
to enable closed-loop AI-driven experimentation.

• [Strategy] Formulate a long-term talent strategy to recruit and train materials scientists with strong
AI/ML and quantum computing expertise.

• [Procurement] Diversify supply chains and explore domestic/EU sourcing for critical materials,
leveraging AI for alternative material discovery.

• [Executive] Establish a dedicated fund for disruptive AI-driven materials innovation, mirroring the
scale of investments seen in Prometheus.
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U.S. DOE Pioneers Physics-Aware AI Framework to
Accelerate Materials Design and Discovery

OVERVIEW

The U.S. Department of Energy (DOE) has developed a physics-aware AI framework

integrating foundation models, deep learning, generative AI, and agent AI to

dramatically enhance materials design capabilities. This approach aims to significantly

shorten the time from materials discovery to market, accelerating the development of

critical technologies such as batteries, energy systems, and structural materials. By

embedding fundamental physics into AI models, the framework enables more

accurate and reliable predictions for novel material properties.

Published June 04, 2026  Department of Energy  USA



IN DEPTH

Key Findings

The U.S. Department of Energy (DOE) has unveiled a groundbreaking 'physics-aware AI
framework' designed to revolutionize materials design. This integrated framework
leverages cutting-edge AI technologies, including foundation models, deep learning,
generative AI, and agent AI, to enable the predictable design of material functionalities.
The objective is to dramatically reduce the timeframe from materials discovery to
commercialization, potentially shrinking development cycles from decades to mere years
or even months. This advancement holds immense promise for accelerating innovation
in critical sectors such as clean energy and advanced structural materials.

Technical / Clinical Details

At its core, the physics-aware AI framework integrates fundamental physical laws directly
into the AI learning process. Unlike traditional AI models that rely solely on data
patterns, this framework incorporates foundational scientific principles from quantum
mechanics, thermodynamics, and solid-state physics. This integration allows the AI to
understand the causal relationships governing material behavior, leading to more
accurate and reliable predictions of properties for novel compositions and structures,
even before physical synthesis. The system can precisely simulate and optimize material
characteristics in a virtual environment.

Foundation Models & Deep Learning: These components learn complex patterns
and physical constraints from vast material datasets, enabling high-fidelity prediction
of unknown material properties.

Generative AI: This capability allows for the autonomous generation of new material
compositions and structures that meet specific functional requirements, such as high
energy density battery materials or advanced heat-resistant structural alloys.

Agent AI: Acting as an autonomous scientific agent, this component plans
experiments, interfaces with robotic laboratory systems for material synthesis and
characterization, and iteratively optimizes processes in a closed-loop feedback
system, significantly reducing human intervention.

The DOE anticipates this framework will drive significant advancements in:



Battery Technology: Rapid discovery of higher-capacity, longer-lasting, and safer
next-generation battery materials.

Energy Systems: Development of highly efficient catalysts, solar cells, and
thermoelectric materials.

Structural Materials: Design of lightweight, high-strength, and corrosion-resistant
materials for aerospace, automotive, and defense applications.

Background & Context

The field of materials science has long been hampered by the protracted and costly
process of discovering and commercializing new materials. Traditional R&D workflows,
often reliant on human intuition and extensive experimental trial-and-error, consume
vast amounts of time and resources. While data-driven science and materials informatics
have gained traction, the DOE's new framework elevates this paradigm by deeply fusing
AI with fundamental physics. This strategic integration is crucial for enhancing industrial
competitiveness across manufacturing, energy, and defense sectors, establishing U.S.
leadership in advanced materials. It represents a significant departure from purely
empirical or purely computational methods, creating a hybrid approach that is both
efficient and scientifically robust.

Strategic Significance & Outlook

The DOE plans to expand this physics-aware AI framework through collaborations with
national laboratories, universities, and industrial partners. The long-term vision is to
achieve fully autonomous materials discovery platforms, where functional materials can
be designed and synthesized on demand. This capability is expected to yield novel
solutions for pressing global challenges, including climate change mitigation, national
security, and economic growth. Beyond materials science, the framework has the
potential to impact other scientific disciplines like chemistry, biology, and physics,
fundamentally transforming the scientific discovery process itself by offering
unprecedented speed and predictive power.

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

https://www.energy.gov/undersecretaryforscience/genesis-mission/designing-materials-predictable-functionality
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Topsoe Declares AI the 'Fifth Paradigm' for Next-Gen
Materials: Accelerating Catalysis, Electrolysis, and
Battery Innovation

OVERVIEW

Danish chemical catalyst leader Topsoe has officially designated Artificial Intelligence

as the 'fifth paradigm' in materials science. This strategic move aims to dramatically

accelerate the discovery and design of new materials, integrating predictive and

generative AI across critical domains like heterogeneous catalysis, high-temperature
electrolysis, and advanced battery technologies. The success of this AI-driven

approach will rely on high-quality data, careful bias management, and stringent

experimental validation to unlock unforeseen material discoveries and shorten

innovation cycles.

Published Published June 04, 2026  Topsoe  デンマーク



IN DEPTH

Background

Materials science is a cornerstone for tackling pressing global challenges such as climate
change, energy security, and resource sustainability. Historically, scientific discovery has
progressed through empirical observation, theoretical frameworks, computational
modeling, and data-driven methods. Artificial intelligence is now emerging as the 'fifth
paradigm' in scientific inquiry, offering unprecedented capabilities. Traditional materials
discovery processes are inherently time-consuming and expensive. AI is poised to disrupt
these bottlenecks by enabling significantly faster and more efficient innovation. Topsoe's
proactive stance highlights the accelerating industrial adoption of AI, effectively bridging
the gap between academic research and practical, scalable applications.

Key Findings

Topsoe, a leading Danish firm in chemical catalysts, has formally designated Artificial
Intelligence as the 'fifth paradigm' in materials science, marking a pivotal strategic shift
towards AI-driven innovation. This transformative approach integrates both predictive
and generative AI systems to dramatically accelerate the discovery and design of novel
materials, with the explicit goal of substantially shortening industrial innovation cycles.

Technical Details

Topsoe's AI initiatives are strategically concentrated across three mission-critical
domains: heterogeneous catalysis, high-temperature electrolysis, and advanced battery
technologies. These fields are paramount for enhancing energy conversion and storage
efficiency, directly supporting global sustainability objectives. AI models harness
extensive existing datasets and sophisticated simulation results to predict and generate
novel material structures and compositions. This capability allows for the exploration of
experimental design spaces vastly exceeding the limitations of conventional trial-and-
error methodologies. Consequently, it accelerates the identification of promising
material candidates and significantly increases the probability of discovering materials
with unforeseen or optimized functionalities. The AI-driven framework further optimizes
experimental design, automates complex data analysis, and delivers substantially more
accurate predictions of material properties.



Strategic Significance & Outlook

The overarching success of Topsoe's AI strategy is critically contingent upon several
factors: the quality and volume of proprietary data collected, the effective management
of potential AI model biases, and the rigorous experimental validation of all AI-
generated material candidates. Future endeavors will prioritize the development of even
more sophisticated AI models, enhancing seamless integration with autonomous
experimental platforms, often referred to as 'self-driving labs,' and rigorously
demonstrating the tangible, real-world impact of these AI-accelerated discoveries. This
ambitious undertaking is anticipated to contribute significantly to the development of
groundbreaking material solutions essential for a truly 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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MIT Researchers Introduce Valence Constraints in
Generative AI for Inverse Design of Chemically Stable
Crystal Structures

OVERVIEW

Researchers at MIT, led by Mouyang Cheng, have presented a novel approach to

integrate stringent constraints into generative AI for inverse materials design. By

employing structural motif constraints with diffusion models and introducing

'CrysVCD,' a valence-constrained generative framework, the AI can now produce
chemically valid and stable crystal structures. This method aims to guide broad

statistical generation toward targeted searches for functionally relevant materials,

significantly enhancing the efficiency of new material development.

Published June 04, 2026  YouTube  USA



IN DEPTH

Key Findings

Research presented by Mouyang Cheng and colleagues at the Massachusetts Institute of
Technology (MIT) marks a significant breakthrough in generative AI for inverse materials
design, addressing the critical challenge of ensuring chemical validity in generated
structures. They successfully developed a method that incorporates structural motif
constraints using diffusion models and a novel valence-constrained generative
framework called 'CrysVCD,' enabling AI to autonomously generate chemically valid and
stable crystal structures.

Technical / Clinical Details

Conventional generative AI models, while capable of producing a vast number of
material candidates, often struggle with generating structures that are chemically
unstable or physically impractical. The MIT team's approach tackles this limitation by
introducing two primary constraint mechanisms. First, diffusion models are trained to
learn and embed stable structural motifs—fundamental patterns of atomic arrangements
—into the generation process, ensuring structural integrity. Second, and more
profoundly, 'CrysVCD' integrates the fundamental chemical principle of valence directly
into the generative framework. This guides the atomic bonding to occur within
chemically plausible ranges. As a result, the AI transcends mere statistical pattern
generation, enabling an efficient exploration of meaningful crystal structures based on
elemental bonding characteristics. This technology has the potential to dramatically
narrow the search space for designing materials with specific functionalities, thereby
accelerating the development timeline.



Background & Context

Inverse materials design—the process of determining material structure and composition
from desired functionalities—is one of the most challenging and crucial problems in
contemporary materials science. With increasing demand for new materials meeting
specific performance requirements in energy, electronics, and biomedical fields,
traditional trial-and-error development methods have reached their limits. Generative AI
has emerged as a promising solution for inverse design, but its practical application has
been hampered by the lack of mechanisms to guarantee the chemical and physical
validity of generated materials. The MIT research effectively bridges this gap,
representing a significant step towards the practical implementation of AI-driven
materials development.

Strategic Significance & Outlook

The advent of constrained generative AI frameworks like CrysVCD provides materials
scientists with a powerful tool for discovering and designing new materials more
efficiently and reliably. This will accelerate the search for materials with specific catalytic
activities, highly efficient thermoelectric properties, or particular biocompatibility. Future
research will likely focus on integrating more complex chemical and physical constraints,
experimental validation of the generated materials, and enhancing scalability. This
technology holds the potential to fundamentally transform the material design process
and contribute to the realization of a sustainable society.

Source: https://www.youtube.com/watch?v=bmBRG0JGF-M

Collected: June 12, 2026 | Automated Research System (Gemini API)

https://www.youtube.com/watch?v=bmBRG0JGF-M


Apoha Raises $36 Million to Scale AI Platform for
Designing Proteins, Food Ingredients, and Novel
Materials

OVERVIEW

AI startup Apoha successfully secured $36 million in funding to expand its AI platform

for designing proteins, food ingredients, and new materials. Its 'Liquid State

Intelligence' generates data from materials' behavior under physical forces,

accelerating material discovery by training AI models with this unique information.
Apoha plans to collaborate across pharmaceutical, biotechnology, food and beverage,

and advanced materials sectors to broaden its market impact.

Published June 05, 2026  PPTI News  USA



IN DEPTH

Key Findings

AI startup Apoha has successfully completed a $36 million funding round aimed at
scaling its AI platform, which innovates the design of proteins, food ingredients, and a
wide array of novel materials. This substantial investment underscores the potential of
Apoha's proprietary AI technology to accelerate material discovery and development
across multiple critical industrial sectors.

Technical / Clinical Details

At the core of Apoha's technology is its 'Liquid State Intelligence' AI platform. This
platform generates detailed data from how materials behave when subjected to physical
forces such as heat, pressure, and shear. This dynamic behavioral data elucidates subtle
interactions crucial to material function and performance that cannot be captured by
static structural information alone. Apoha utilizes this uniquely generated dataset to train
its AI models, enabling more accurate and efficient design of proteins, food ingredients,
and new materials. Examples include designing enzymes with specific functions,
developing food additives with optimized texture or nutritional value, or creating
advanced materials that perform under extreme conditions. This approach is expected to
significantly reduce the time and cost associated with traditional materials development,
addressing key R&D bottlenecks.

Background & Context

In many modern industries, particularly pharmaceuticals, biotechnology, food and
beverage, and advanced materials, the discovery of highly functional novel materials is
key to competitive advantage. However, materials development often remains reliant on
trial-and-error, leading to prolonged development cycles and extensive resource
consumption. AI, especially generative AI and materials informatics approaches, is
emerging as a promising solution to these challenges, and Apoha's funding round
indicates active investment in this space. By using data derived from physical behavior,
the company aims to capture dynamic material properties often overlooked by other
data-driven approaches.



Strategic Significance & Outlook

The $36 million raised will be used to enhance Apoha's AI platform's computational and
data processing capabilities, expanding its application to a broader range of materials.
The company plans to deepen collaborations with leading firms in the pharmaceutical,
biotechnology, food and beverage, and advanced materials sectors. This strategy aims to
tailor Apoha's AI technology to specific industry needs and deliver real-world outcomes.
This is expected to accelerate the identification of new drug candidates, the
development of sustainable food solutions, and the creation of next-generation high-
performance materials, positioning Apoha as a central player in AI-driven innovation
across these fields.

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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Beyond Screening: Generative AI Transforms Materials
Discovery with Practical Inverse Design, PatSnap
Report Highlights IBM and Fujitsu Patents

OVERVIEW

A new PatSnap report reveals a fundamental shift in materials discovery, propelled by

AI-driven generative chemistry from passive screening to active inverse design

workflows. This transformation integrates deep generative models, LLMs,

reinforcement learning, and autonomous lab systems. Notably, IBM's 2026 patent
emphasizes the industrialization of generative AI through practical constraints like

synthesizability and cost, while Fujitsu's 2025 patent highlights the integration of

sustainability governance into AI-based material design.

Published Published June 10, 2026  PatSnap  多国籍



IN DEPTH

Background

The rapid and efficient discovery and development of novel functional materials are
paramount for industrial competitiveness and global sustainability. Traditionally,
materials exploration has been a resource-intensive endeavor, relying heavily on passive
screening—manual or simulation-based evaluation of a vast number of candidate
materials. This time-consuming and costly approach often creates significant bottlenecks
in development cycles. The advent of generative AI offers a paradigm-shifting solution,
enabling an active, 'inverse design' approach where material structures are
autonomously generated based on desired properties. This capability promises to unlock
new avenues for materials development and overcome long-standing challenges. Patent
data, reflecting concrete intellectual property filings by leading companies, clearly
indicates that generative AI is rapidly moving beyond academic research to serious
industrial adoption within R&D processes.

Key Findings

A comprehensive research report by PatSnap illuminates a profound transformation
underway: AI-driven generative chemistry is fundamentally reshaping the paradigm of
materials discovery. The industry is actively moving from a reactive, passive material
screening approach to a proactive, active inverse design workflow. This revolution is
being significantly accelerated by the strategic integration of advanced deep generative
models, Large Language Models (LLMs), reinforcement learning algorithms, and
increasingly sophisticated autonomous laboratory systems.



Technical Details

The PatSnap report provides a granular analysis, citing specific patent applications, to
demonstrate how generative AI is now incorporating critical practical constraints into
material design. For instance, IBM's 2026 patent application, titled 'Constrained
Generation Using Generative AI Foundation Models,' underscores a robust commitment
to industrializing generative AI. This patent details a method for directly embedding
factors crucial for real-world industrial application—such as material synthesizability
(ease of manufacture) and manufacturing cost—into the generative process itself. This
innovative approach substantially increases the likelihood that AI-proposed material
candidates are not merely theoretically optimal but also practically manufacturable and
economically viable at scale. Complementing this, Fujitsu's 2025 patent on AI-based
sustainable material design showcases a progressive move towards environmentally
conscious material development. This patent focuses on integrating sustainability
governance—encompassing principles like the selection of low-environmental-impact
raw materials and ensuring end-of-life recyclability—directly into generative models.
These pioneering technologies collectively signal a maturation of AI, evolving to support
design processes that consider not only primary material function but also its entire
lifecycle impact.

Strategic Significance & Outlook

The synergistic convergence of generative AI and autonomous lab systems is poised to
dramatically accelerate the materials discovery process, bringing the industry closer to
the realization of fully automated 'self-driving labs.' This transformative capability will
empower researchers to efficiently explore more complex material systems and
previously overlooked, high-potential regions within the vast materials space.
Furthermore, the strategic integration of practical constraints, such as synthesizability
and sustainability, directly into AI models will significantly broaden the applicability and
industrial impact of generative AI. This will foster faster product development cycles,
drive environmentally responsible innovation, and create new competitive advantages.
Looking ahead, key challenges include securing the high-quality, comprehensive data
essential for training sophisticated AI models and developing robust systems to
streamline the rapid experimental validation of AI-generated material candidates.



Source: https://www.patsnap.com/fr/resources/blog/rd-blog/ai-generative-chemistry-for-materials-
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China Pursues Global Leadership in Advanced Materials
via AI for Science Strategy: DeepChem Autonomous
Labs, Xiaomi Lightweight Alloys Highlight Progress

OVERVIEW

China is aggressively pushing its 'AI for Science (AI4S)' strategy, integrating AI into

advanced materials science to achieve global competitive advantage. Domestic firms

are already delivering results: DeepChem developed autonomous 'intelligent labs' for

high-throughput experiments, while Xiaomi utilized AI for designing lightweight
metal alloys. DPTech's AI models have also optimized sodium-ion cathode material

production, underscoring China's strong focus on industrial AI applications.

Published June 04, 2026  UC Institute on Global Conflict and Cooperation  China



IN DEPTH

Key Findings

China is actively promoting its national 'AI for Science (AI4S)' strategy, with a particular
focus on integrating AI technologies into advanced materials science to gain global
competitive advantages. This comprehensive strategy spans from basic research to
industrial applications, with Chinese companies already demonstrating concrete
achievements.

Technical / Clinical Details

China's AI4S strategy emphasizes integrating AI into every stage of materials
development. For instance, DeepChem has developed autonomous 'intelligent labs'
capable of screening and synthesizing materials at significantly higher speeds than
traditional experimental methods. These labs combine robotics and AI to manage
experimental design, execution, data analysis, and subsequent experiment planning in a
seamless workflow. Xiaomi, on the other hand, has leveraged AI to accelerate the design
of lightweight metal alloys used in products like smartphones, successfully optimizing
both material performance and cost-efficiency. Furthermore, DPTech has developed an
AI model to optimize the production process for sodium-ion cathode materials, a
promising next-generation battery material for electric vehicles and stationary energy
storage. This model enhances production efficiency and stabilizes material quality,
thereby accelerating the commercialization of these materials. These examples
demonstrate China's commitment to positioning AI not just as a research tool but as a
practical technology for solving specific industrial challenges and accelerating product
development.



Background & Context

Materials science is a foundational field for many strategic industries, including clean
energy, information and communication technology, aerospace, and defense. The
discovery and development of new materials typically require years to decades and
enormous costs. AI has the potential to dramatically accelerate and streamline this
process. The Chinese government views AI's potential as indispensable for strengthening
national competitiveness and achieving technological self-reliance, backing it with
substantial investment and policy support. Particularly amidst intensifying technological
competition with the United States, China aims to seize future technological leadership
by placing AI at the core of its scientific research and industrial applications.

Strategic Significance & Outlook

China's AI4S strategy will continue to be a priority, with the application of AI in advanced
materials expected to expand further. The proliferation of autonomous labs and
improved AI model accuracy will accelerate the pace of material discovery and enable
the creation of novel materials. This initiative is anticipated to be a key driver for China to
lead the world in areas such as sustainable energy, high-performance electronics, and
advanced manufacturing. Both in terms of international collaboration and competition,
the progress of China's AI-driven materials science will significantly impact the global
scientific and technological landscape.

Source: https://ucigcc.org/blog/inside-chinas-ai-for-science-strategy/
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London Researchers Dramatically Reduce Qubit Count
for Crystalline Material Simulations on Quantum
Computers

OVERVIEW

Researchers at the London Centre for Nanotechnology (LCN) have developed a

'periodic symmetry-adapted encoding' framework, significantly reducing the number

of qubits required for electronic structure simulations of crystalline materials on

quantum computers. This novel approach leverages inherent crystal symmetries to
reduce both qubit and CNOT gate counts for materials like diamond and silicon. This

breakthrough enables more efficient and accurate quantum simulations of complex

materials, marking a significant step towards practical quantum computing.

Published June 11, 2026  Quantum Zeitgeist  UK



IN DEPTH

Key Findings

Researchers at the London Centre for Nanotechnology (LCN) have announced an
innovative technique, the 'Periodic Symmetry-Adapted Encoding' framework, that
dramatically reduces the number of qubits and CNOT gates required for electronic
structure simulations of crystalline materials on quantum computers. This breakthrough
holds the potential to vastly improve the efficiency and accuracy of quantum simulations
for complex materials.

Technical / Clinical Details

Quantum computers offer the potential to revolutionize drug discovery and materials
science by simulating the intricate electronic structures of molecules and materials.
However, this typically demands a large number of qubits and complex quantum gate
operations (such as CNOT gates), posing significant challenges for current noisy
intermediate-scale quantum (NISQ) devices. The LCN research team addressed this by
embedding the inherent periodic symmetries of crystalline materials directly into their
algorithms. Specifically, by utilizing the symmetries in a material's atomic arrangement,
they reduce the redundancy of information required for simulation, allowing for a more
efficient representation of quantum states. Applying this 'Periodic Symmetry-Adapted
Encoding' framework to representative crystalline materials like diamond and silicon,
they demonstrated not only a significant reduction in qubit count but also a decrease in
CNOT gate count, which measures quantum circuit depth. This enables more efficient
simulation of larger and more complex crystalline material behaviors with fewer
resources, even on current quantum computers.



Background & Context

Quantum simulation in materials science is crucial for designing new materials with
specific functionalities, understanding catalytic reaction mechanisms, and researching
exotic quantum materials such as superconductors and topological materials. However,
these simulations have been computationally prohibitive for classical supercomputers,
limiting their capabilities. Quantum computers offer a way to overcome this barrier, but
the limited number of qubits and high error rates have been obstacles to practical
application. The LCN research represents a vital step towards enabling more practical
materials simulations within the constraints of existing quantum hardware, significantly
contributing to the advancement of quantum materials science.

Strategic Significance & Outlook

This 'Periodic Symmetry-Adapted Encoding' framework is expected to be applicable not
only to diamond and silicon but also to a wide range of crystalline materials. Future
research will likely focus on applying this method to more complex crystal structures and
diverse material systems, such as alloys and ceramics, to further validate its generality
and efficiency. The reduction in qubit count enhances feasibility on existing NISQ devices
and promotes the efficient utilization of computational resources in the development of
future large-scale, fault-tolerant quantum computers. This acceleration in new materials
discovery using quantum computers promises breakthroughs in various fields, including
clean energy, high-performance electronic devices, and aerospace materials.

Source: https://quantumzeitgeist.com/quantum-simulation-crystalline-materials/
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International Team, Including Tohoku University,
Accelerates Methane Pyrolysis Catalyst Discovery with
AI-Driven Platform 'DigMethpy'

OVERVIEW

An international research team, including Tohoku University, developed 'DigMethpy,'

an AI-driven digital catalyst platform to accelerate methane pyrolysis catalyst

discovery. The platform integrates scientific literature, experimental data,

computational simulations, ML models, and LLMs in a closed-loop workflow to
predict promising molten catalyst candidates for hydrogen production. DigMethpy is

poised to dramatically streamline catalyst development and advance hydrogen

production technologies, contributing to greenhouse gas reduction.

Published June 04, 2026  Tohoku University  Japan



IN DEPTH

Key Findings

An international research team, including Tohoku University, has announced the
development of 'DigMethpy,' an AI-driven digital catalyst platform designed to
dramatically accelerate the discovery of catalysts for methane pyrolysis—the process of
decomposing methane into hydrogen and solid carbon. This innovative platform has the
potential to significantly enhance the efficiency of catalyst research and contribute to the
development of clean hydrogen production technologies that do not emit greenhouse
gases.

Technical / Clinical Details

DigMethpy is not a single tool but a comprehensive system integrating multiple
advanced information technologies. At its core, it incorporates the following elements:
First, it features the ability to automatically extract and analyze relevant information from
scientific literature and existing databases. Second, it integrates data obtained from
laboratory experiments with results from computational simulations, such as Density
Functional Theory (DFT). This combined data is then processed by Machine Learning
(ML) models and Large Language Models (LLMs) to predict catalyst performance under
specific reaction conditions. The most crucial feature of this platform is its 'closed-loop
workflow.' This automates an iterative process where AI proposes new catalyst
candidates, simulations and experiments evaluate their performance, and these results
are fed back into the AI model for further learning and optimization. This enables rapid
prediction of promising molten catalyst candidates, which are essential for high-
efficiency methane decomposition at lower temperatures, a key challenge in clean
hydrogen production.



Background & Context

Methane pyrolysis is gaining attention as a promising technology for building a
sustainable hydrogen energy economy because it produces solid carbon as a byproduct,
rather than CO2, when hydrogen is generated from fossil fuels. However, developing
high-performance catalysts is essential to improve the efficiency and economic viability
of this process. Traditional catalyst discovery has been a time-consuming and costly trial-
and-error process, with the discovery of practical catalysts acting as a bottleneck. AI and
materials informatics are expected to be powerful tools to solve this challenge and
dramatically improve the speed and efficiency of catalyst development. The Tohoku
University research highlights Japan's international contribution in this field.

Strategic Significance & Outlook

The DigMethpy platform has potential applications beyond methane pyrolysis catalyst
discovery, extending to catalyst development for various other chemical reactions. Future
research will involve further experimental and pilot-scale validation of catalyst candidates
predicted by DigMethpy. If this technology is commercialized, it is expected to
significantly contribute to reducing clean hydrogen production costs, expanding
hydrogen infrastructure, and lowering greenhouse gas emissions. Furthermore, the
integration of AI, ML, LLMs, and computational chemistry is poised to become a new
standard in future materials science research, leading to accelerated discoveries in other
fields.

Source:
https://www.tohoku.ac.jp/en/press/an_aidriven_platform_for_accelerating_methane_pyrolysis_catalyst_discovery
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SCM Releases 'AMS2026' Software, Accelerating
Materials Chemistry Simulations with ML Potentials
and GPU Optimization

OVERVIEW

SCM announced the release of 'AMS2026' software, featuring major advancements in

machine learning potentials (eSEN, MACE, UMA) that expand chemical coverage for

biomolecules, catalysts, MOFs, and inorganic materials. This update delivers GPU-

optimized performance, enhanced electronic structure functions, improved OLED and
multiscale workflows, smart GUI tools, and VASP integration. AMS2026 streamlines

automated, reproducible research, significantly boosting materials simulation

productivity.

Published June 05, 2026  SCM (Scientific Computing & Modelling)  Netherlands



IN DEPTH

Key Findings

Scientific Computing & Modelling (SCM) has released 'AMS2026,' the latest version of its
comprehensive simulation software designed for researchers in materials science and
chemistry. This version is characterized by significant advancements in machine learning
potentials (eSEN, MACE, UMA), which substantially broaden the chemical coverage for
diverse material systems such as biomolecules, catalysts, metal-organic frameworks
(MOFs), and inorganic materials. The software features GPU-optimized performance,
enabling faster workflows and the derivation of more accurate results.

Technical / Clinical Details

AMS2026 simultaneously enhances the accuracy and efficiency of materials simulations
by integrating traditional physics-based computational methods with cutting-edge
machine learning techniques. Specifically, the new machine learning potentials—eSEN,
MACE, and UMA—allow for a faster and more precise description of interatomic
interactions, making large-scale molecular dynamics and Monte Carlo simulations
feasible. GPU-optimized computational kernels dramatically accelerate the execution
speed of these simulations, helping researchers solve complex problems in less time.
Furthermore, enhanced electronic structure calculation capabilities improve the accuracy
of predicting material electrical and optical properties, contributing to the design of
Organic Light-Emitting Diode (OLED) devices and advancements in multiscale modeling
workflows. The inclusion of smart Graphical User Interface (GUI) tools and integration
with the widely used VASP (Vienna Ab initio Simulation Package) are designed to enable
researchers to conduct computational studies more easily and reproducibly.



Background & Context

The discovery and development of new materials are driving innovation across many
industries, including energy, electronics, and pharmaceuticals. However, the process of
predicting material behavior at the atomic level and optimizing its functionality is a
complex challenge requiring vast computational resources and time. The advancements
in machine learning, particularly in machine learning potentials, have emerged as
powerful means to address this challenge. They allow for the simulation of large-scale
systems while significantly reducing the cost of high-precision calculations based on
quantum mechanics. The release of AMS2026 provides the latest research findings in this
field to industry and academia, supporting the acceleration of materials development
through the fusion of AI and high-performance computing.

Strategic Significance & Outlook

AMS2026 paves the way for materials scientists to explore more complex and realistic
material systems. It will enable deeper insights and faster design cycles in areas such as
biomolecule-material interactions, advanced catalytic reactions, the design of novel
MOFs, and the development of next-generation inorganic materials. The utilization of
GPUs will become increasingly indispensable for even larger simulations and AI model
training in the future, driving the overall development of the materials informatics field.
SCM is expected to continue providing automated and reliable computational science
tools through ongoing software development, addressing new challenges faced by
researchers.

Source: https://www.scm.com/news/ams2026-released/
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Queensland University of Technology Researchers
Discover Method to Control Quantum Effect, Paving
Way for Battery-Free Devices

OVERVIEW

A research team led by Queensland University of Technology (QUT) discovered a

method to control a quantum effect in advanced materials, potentially enabling

electronics to be powered without batteries. This 'nonlinear Hall effect' converts AC

electrical signals directly into DC, harvesting ambient energy to facilitate battery-free
devices. The technology demonstrates stability at room temperature and tunability by

temperature, marking a crucial step towards practical application.

Published June 04, 2026  ScienceDaily (Queensland University of Technology)  Australia



IN DEPTH

Key Findings

An international research team spearheaded by the Queensland University of Technology
(QUT) has made a groundbreaking discovery: a method to precisely control a specific
quantum effect in advanced materials. This finding opens up the possibility of
developing novel power sources that do not rely on traditional batteries, holding the
potential to revolutionize the design and functionality of electronic devices.

Technical / Clinical Details

At the heart of this research is a quantum phenomenon known as the 'nonlinear Hall
effect.' While the conventional Hall effect typically describes a voltage generated
perpendicular to both current and magnetic field, the QUT team discovered how to
manipulate a nonlinear Hall effect in certain advanced materials. This effect allows for the
direct conversion of alternating current (AC) electrical signals into direct current (DC)
even in the absence of a magnetic field. This property enables the efficient harvesting of
ambient AC energy, such as faint electromagnetic waves or thermal energy present in
the environment, and its conversion into usable DC power for devices. Theoretically, this
could allow electronic devices to be continuously powered without the need for
conventional batteries. The research team demonstrated that this effect functions stably
at room temperature and can also be tuned by adjusting the temperature. This
temperature tunability is critical for optimizing device performance to suit various
application needs.

Background & Context

Modern society relies heavily on an enormous number of battery-powered electronic
devices, from smartphones to IoT sensors and medical equipment. However, battery
charging, lifespan, and environmental impact consistently pose significant challenges.
The realization of battery-free devices would simultaneously solve these issues, providing
a major impetus for building a more sustainable and convenient society. Energy
harvesting utilizing quantum effects is one of the cutting-edge approaches to achieve
this goal, with the potential to collect energy even in environments where traditional
solar cells or vibration generators are inefficient or spatially constrained. The QUT
research paves the way for both theoretical understanding and practical applications in
this domain.



Strategic Significance & Outlook

While still in its early stages, this groundbreaking discovery has the potential to
significantly impact a wide range of application areas, including battery-free wearable
devices, environmental sensors, implantable medical devices, and remote IoT
infrastructure. Future research will focus on exploring and optimizing materials exhibiting
this nonlinear Hall effect, further improving energy conversion efficiency, and ensuring
miniaturization and durability for integration into actual devices. Should this technology
achieve commercial viability, it is expected to contribute to reducing the environmental
burden associated with battery manufacturing, playing a crucial role in creating a
sustainable future for electronics.

Source: https://www.sciencedaily.com/releases/2026/06/260603023917.htm
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U.S. DOE National Labs Accelerate Materials Science &
Energy Research by Fusing AI and Human Expertise

OVERVIEW

A new generation of materials scientists is accelerating materials discovery in energy

storage, aerospace, and manufacturing by combining traditional metallurgy expertise

with cutting-edge computational approaches, including AI. A May 2026 conference of

U.S. Department of Energy (DOE) national lab scientists discussed AI's role in

accelerating materials science and energy research, emphasizing that human

expertise is crucial for interpreting AI results and designing subsequent experiments.

Published June 11, 2026  AI & Tech News Engine  USA



IN DEPTH

Key Findings

In the field of materials science, a new generation of researchers is dramatically
accelerating the material discovery process by combining deep knowledge of traditional
metallurgy with cutting-edge computational approaches, including artificial intelligence
(AI). This blended approach is proving key to driving innovation in strategically vital
sectors such as energy storage, aerospace, and manufacturing.

Technical / Clinical Details

At the core of this new approach is the synergistic effect between human intuition and
experience-based knowledge (domain expertise) and AI's powerful data analysis and
pattern recognition capabilities. AI excels at proposing new material candidates or
predicting properties of existing materials from vast amounts of experimental data,
simulation results, and scientific literature. However, human expertise remains
indispensable for interpreting AI-generated results, particularly understanding the
underlying physical and chemical principles, and making strategic decisions about the
next course of experiments. This emphasis on 'AI-human collaboration' was a central
theme at a May 2026 conference gathering scientists from U.S. Department of Energy
(DOE) National Laboratories. Researchers recognize that while AI can identify trends and
anomalies in complex datasets, human creativity and deep understanding are crucial for
ultimate decision-making and generating new hypotheses. This leads to a more efficient
R&D cycle where AI quickly identifies 'what' to do, while humans determine 'why' it's
needed and 'how' to proceed.



Background & Context

Materials science is a fundamental discipline essential for addressing many
contemporary challenges, including the transition to clean energy, the development of
high-performance aircraft, and the realization of advanced manufacturing technologies.
Historically, traditional materials development has been a time-consuming and costly
trial-and-error process, acting as a bottleneck. The evolution of AI has the potential to
change this by dramatically expanding the materials exploration space and accelerating
the pace of discovery. The fact that leading government agencies like the DOE are
promoting this AI-human collaborative approach indicates that AI is widely accepted not
merely as a tool but as part of a new paradigm for scientific discovery. This reflects a
positive vision where AI augments human capabilities, enabling us to tackle more
challenging scientific problems rather than replacing human roles.

Strategic Significance & Outlook

The integration of AI and human expertise will continue to be a central trend in materials
science research. This approach is expected to have a particularly significant impact in
areas such as energy storage (e.g., next-generation batteries), aerospace materials (e.g.,
lightweight and high-strength composites), and advanced manufacturing (e.g., materials
for additive manufacturing). Looking ahead, AI is expected to develop more
sophisticated hypothesis-generation capabilities, allowing human researchers to focus
on more complex and strategic decision-making. Furthermore, new tools and
methodologies for optimizing AI-human interaction will likely emerge. This collaborative
relationship is poised to drive scientific discovery at an unprecedented pace and depth,
contributing to the realization of a sustainable and technologically advanced society.

Source: https://www.frontiernews.ai/news/article/the-next-generation-of-materials-scientists-is-her-
37fe081a

Collected: June 12, 2026 | Automated Research System (Gemini API)

https://www.frontiernews.ai/news/article/the-next-generation-of-materials-scientists-is-her-37fe081a
https://www.frontiernews.ai/news/article/the-next-generation-of-materials-scientists-is-her-37fe081a


German Federal Ministry of Education and Research
Funds ASCEND Project with €30M to Accelerate AI-
Driven Catalyst Development via Autonomous Labs

OVERVIEW

The German Federal Ministry of Education and Research (BMFTR) launched the

'ASCEND' project, investing €30 million across six research and industry partners,

including Helmholtz-Zentrum Berlin and BASF, to accelerate AI-driven catalyst

development. This initiative leverages digital catalysis technologies combining AI,
simulation, and autonomous self-driving labs (SDLs) to expedite the discovery of

high-performance materials for sustainable chemical production. AI will

autonomously build and update digital twins and design experiments within an

iterative learning loop.

Published June 05, 2026  e-conversion  Germany



IN DEPTH

Key Findings

The German Federal Ministry of Education and Research (BMFTR) has launched the
'ASCEND' project, backed by €30 million in funding and involving six leading research
institutions and industrial partners, including Helmholtz-Zentrum Berlin (HZB) and the
global chemical company BASF. The primary objective of this project is to dramatically
accelerate AI-driven catalyst development and streamline the discovery of high-
performance materials essential for sustainable chemical production.

Technical / Clinical Details

The ASCEND project aims to fundamentally transform the catalyst development process
by combining state-of-the-art AI technologies, advanced computational simulations, and
autonomous self-driving laboratories (SDLs). Specifically, AI will play two main roles:
Firstly, AI will autonomously build and update digital twins of materials. These models
accurately represent real-world material properties and behaviors in a virtual space,
enabling rapid evaluation during the initial material design phase. Secondly, AI will
design experiments based on an iterative learning loop. The SDLs will autonomously
execute experiments proposed by AI, and the generated data will be fed back to the AI
in real-time. This closed-loop system allows the AI model to continuously refine its
predictions and efficiently guide the search towards the most promising catalyst
candidates. For example, it is expected to discover catalysts with higher selectivity,
activity, and stability for specific chemical reactions in a fraction of the time and cost
compared to traditional methods.



Background & Context

Catalysts are indispensable materials in the chemical industry, energy production, and
environmental technology, and their performance improvement directly leads to
enhanced process efficiency, reduced energy consumption, and the realization of a
sustainable society. However, the discovery and optimization of high-performance
catalysts have been extremely time-consuming and costly, requiring the exploration of a
vast number of material compositions and structural combinations. Advancements in AI,
simulation, and robotics offer the potential to break through this traditional bottleneck,
giving rise to new R&D paradigms like materials informatics and autonomous labs. The
substantial €30 million investment by the German government demonstrates a strong
commitment to establishing European leadership in this field and accelerating the
transition to sustainable chemistry.

Strategic Significance & Outlook

The ASCEND project is expected not only to dramatically improve the efficiency of
catalyst development but also to pave the way for the discovery of new types of catalytic
materials and reaction pathways. This digital catalysis technology holds promise for
diverse industrial applications, including pharmaceutical manufacturing, polymer
production, and exhaust gas treatment. Moving forward, the project will aim to enhance
the accuracy and robustness of AI models, strengthen the autonomy of SDLs, and
achieve industrial-scale demonstration. This is expected to further boost Germany's, and
by extension Europe's, international competitiveness in sustainable chemical
technologies. Furthermore, insights gained from this project will contribute to
accelerating AI-driven discoveries in other areas of materials science.

Source: https://www.e-conversion.de/ai-driven-catalyst-development-en/
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University of Washington Accelerates Stacked Atomic
Sheet and Quantum Computer Material Development
by Fusing AI and Quantum Computing

OVERVIEW

University of Washington researchers have demonstrated how combining artificial

intelligence (AI) and quantum computing significantly accelerates the development of

quantum materials. One study (PNAS, June 2) used AI to simulate complex quantum

behaviors of stacked atomic sheets. Another (Nature Communications, June 8)
showed quantum computers generating self-improving design loops to discover new

components for future quantum computers. These complementary tools aim to build

comprehensive material datasets.

Published June 09, 2026  University of Washington  USA



IN DEPTH

Key Findings

Researchers at the University of Washington (UW) have demonstrated an innovative
approach that dramatically accelerates the discovery and development process for
quantum materials by integrating two cutting-edge technologies: artificial intelligence
(AI) and quantum computing. This combined strategy opens new avenues for
understanding complex quantum phenomena and creating novel materials that will form
the foundation of next-generation technologies.

Technical / Clinical Details

UW's research leverages the complementary strengths of both AI and quantum
computing. Specifically, in a study published in PNAS on June 2, 2026, AI models
successfully simulated the behavior of complex quantum systems, such as stacked
atomic sheets (e.g., layered structures of 2D materials like graphene), with high precision.
This indicates that AI can efficiently learn and predict many-body quantum interactions
that have been notoriously difficult for traditional computational methods to decipher.
Furthermore, another study published in Nature Communications on June 8, 2026,
demonstrated the ability of quantum computers themselves to generate self-improving
material design loops. This system autonomously explores candidates for new
superconducting or topological materials—components for future quantum computers
—evaluates their properties, and feeds the results back into the next design cycle to
efficiently discover optimal materials. AI excels at data-driven prediction and pattern
recognition, while quantum computers are inherently adept at complex quantum
mechanical calculations. Combining these tools enables material design beyond
traditional limitations.



Background & Context

Quantum materials are foundational for future technologies such as superconductivity,
quantum information science, and high-performance electronics. However, the discovery
and optimization of these materials have been extremely challenging and time-
consuming due to their complex quantum behaviors. While AI and quantum computing
are each promising solutions to this challenge, their integration is expected to yield
synergistic effects unattainable by individual technologies. Pioneering research in this
field by major institutions like the University of Washington is crucial for strengthening
U.S. scientific and technological leadership and accelerating the development of next-
generation industries.

Strategic Significance & Outlook

The combination of AI and quantum computing has the potential to fundamentally
transform the speed and depth of discovery across a wide range of materials science
fields. The UW research team aims to build comprehensive datasets on the properties of
diverse materials using these complementary tools. In the future, this integrated
approach is expected to become a standard method for more rapidly discovering
innovative materials required for various applications, including clean energy storage,
high-performance sensors, and new types of computing devices. This progress will play a
vital role in elucidating unexplored areas of materials science and expanding humanity's
technological frontiers.

Source: https://www.washington.edu/news/2026/06/09/quantum-materials-ai-artificial-intelligence-
quantum-computing/
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NUS Designs Catalyst for Urea Fertilizer Production
from CO2 and Waste Nitrates, Integrating LLMs, DFT,
and Experimentation

OVERVIEW

Researchers at the National University of Singapore (NUS) developed a

computationally guided strategy, integrating Large Language Models (LLMs), Density

Functional Theory (DFT), and experimental validation, to design a cadmium-modified

iron oxide catalyst. This catalyst efficiently produces urea from carbon dioxide (CO2)
and nitrates. This integrated approach accelerates catalyst discovery by identifying

optimal design principles and suppressing undesirable side reactions, demonstrating

the potential of AI and simulation in sustainable chemical transformations.

Published June 04, 2026  NUS Faculty of Science  Singapore



IN DEPTH

Key Findings

Researchers at the National University of Singapore (NUS) have designed a
groundbreaking catalyst capable of efficiently producing urea fertilizer, essential for crop
growth, from carbon dioxide (CO2)—a major greenhouse gas—and nitrogenous waste
(nitrates). This achievement, accomplished by integrating a computationally guided
strategy using Large Language Models (LLMs) and Density Functional Theory (DFT) with
experimental validation, opens new avenues for sustainable chemical synthesis.

Technical / Clinical Details

The research team focused on an electrochemical process to convert CO2 and nitrates
into urea. To streamline this process, they first leveraged LLMs to extract extensive
information on candidate catalyst materials from existing scientific literature and
databases, identifying promising elemental combinations and structural motifs. Next,
DFT calculations were employed to simulate the electronic structure and reaction
pathways of these candidates in atomic detail, deriving design principles to maximize
catalytic activity and selectivity. Based on these computational results, the team
synthesized a cadmium-modified iron oxide catalyst. Experimental validation confirmed
that this catalyst exhibited high efficiency and selectivity in producing urea from CO2
and nitrates, effectively suppressing undesirable side reactions (e.g., generation of
nitrogen gas or ammonia) that have been challenges with conventional methods. This
tripartite approach—knowledge discovery via LLMs, theoretical optimization via DFT, and
experimental validation—proved key to breaking bottlenecks in catalyst design for
complex chemical transformations.



Background & Context

Reducing CO2 emissions and valorizing nitrogenous waste are among the most pressing
environmental challenges facing modern society. Simultaneously, the sustainable
production of urea fertilizer is critically important due to increasing global food demand.
Traditional urea production is energy-intensive and emits significant CO2. The NUS
research offers a potential solution to both these problems, embodying the concept of
'carbon recycling' by transforming CO2 from a mere waste product into a valuable
chemical. Advancements in AI and computational science are enabling innovation in
such complex catalyst design with speeds and accuracies previously unattainable by
conventional methods.Strategic Significance & Outlook

While the designed cadmium-modified iron oxide catalyst is currently a laboratory-scale
achievement, its high efficiency and selectivity suggest significant potential for future
scaling and commercialization. The research team will focus on improving catalyst
durability, reducing costs, and evaluating performance under a wider range of reaction
conditions. If this technology is commercialized, it is expected to contribute to reducing
CO2 emissions in the chemical industry and advancing sustainable agriculture. Moreover,
this computationally guided strategy, integrating LLMs, DFT, and experimentation, will
pave the way for applications in other multiphase catalytic reactions and complex
molecular design, serving as a model case for further expanding the role of AI in
materials science.

Source: https://www.science.nus.edu.sg/blog/2026/06/a-smarter-catalyst-to-turn-carbon-dioxide-and-

waste-into-fertiliser/
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Dunia Innovations Invests €280M in Berlin GigaLab to
Industrialize AI-Driven Materials Discovery

OVERVIEW

Dunia Innovations has invested €280 million in the Berlin GigaLab facility, marking a

significant step towards industrializing AI-driven materials discovery. This massive

investment focuses on applied research in energy storage, catalysis, semiconductors,

and critical raw material alternatives. It represents one of Europe's largest

commitments to autonomous lab infrastructure in materials science.

Published June 08, 2026  Scouts by Yutori  Germany



IN DEPTH

Key Findings

Dunia Innovations has announced a monumental investment of €280 million into the
Berlin GigaLab facility, which is being constructed in the German capital to vigorously
advance the industrialization of AI-driven materials discovery. This strategic move aims
to accelerate innovation cycles in materials science and provide solutions to key
challenges facing Europe, particularly in energy, electronics, and resource management.

Technical / Clinical Details

The Berlin GigaLab will serve as a next-generation autonomous lab infrastructure,
integrating state-of-the-art AI technologies with highly automated robotic experimental
systems. Within this facility, a 'closed-loop learning' process will be executed: AI models
generate candidate material designs, robots autonomously synthesize and characterize
them, and the resulting data is fed back to the AI in real-time. This process minimizes
human intervention, enabling the rapid and efficient exploration and optimization of a
vast number of material candidates. The GigaLab's research activities will focus on the
following key areas:

Energy Storage: Pursuing breakthroughs in clean energy storage technologies
through the development of next-generation battery materials and fuel cell materials.

Catalysis: Aiming to discover novel catalysts that enhance chemical reaction
efficiency and reduce environmental impact.

Semiconductors: Supporting advancements in the electronics industry through the
development of high-performance and sustainable semiconductor materials.

Critical Raw Material Alternatives: Exploring and developing new substitute
materials for rare and geopolitically risky raw materials.

This facility is designed to fundamentally shift materials science R&D from traditional
trial-and-error approaches to data-driven and AI-driven methodologies.



Background & Context

Accelerating innovation in materials science is crucial for addressing climate change,
driving digitalization, and ensuring economic security. The European Union (EU)
considers reducing dependence on critical raw materials and enhancing autonomy in
clean technology sectors as urgent priorities. The fusion of AI and autonomous labs is
anticipated to be a powerful means to solve these challenges, with the potential to
dramatically reduce the time and cost associated with conventional materials
development. Dunia Innovations' investment signifies Europe's strong commitment to
establishing global leadership in this field and making large-scale practical
advancements.

Strategic Significance & Outlook

The €280 million investment in Berlin GigaLab will redefine the speed and scale of
research and development in materials science. Going forward, the GigaLab is expected
to collaborate with partners across various industrial sectors to deliver concrete results
from AI-driven materials discovery. This will accelerate the market introduction of new
products and strengthen overall industrial competitiveness and sustainability in Europe.
The facility will also serve as a hub for nurturing the next generation of materials
scientists and AI engineers, contributing to the long-term construction of an innovation
ecosystem.

Source: https://scouts.yutori.com/e1b7f8cf-7ae1-46ca-b4cc-1df816cd7649

Collected: June 12, 2026 | Automated Research System (Gemini API)

https://scouts.yutori.com/e1b7f8cf-7ae1-46ca-b4cc-1df816cd7649


Researchers Develop 'React-OT' AI for Fast and
Accurate Prediction of Chemical Reaction Transition
States

OVERVIEW

Researchers have developed 'React-OT,' a machine learning approach capable of

predicting chemical reaction transition states with unprecedented speed and

accuracy. This technology will significantly accelerate development processes in drug

discovery, catalyst design, and materials science. React-OT overcomes the cost
constraints of traditional computational methods, enabling more comprehensive

exploration of complex reaction networks and rapid screening of potential reaction

mechanisms.

Published June 10, 2026  The Research Code  Unknown



IN DEPTH

Key Findings

Researchers have introduced 'React-OT,' a novel machine learning approach capable of
predicting the transition states—the most critical intermediate phases—of chemical
reactions with unparalleled speed and high accuracy. This groundbreaking technology
holds the potential to dramatically shorten research and development cycles across
diverse fields such as drug discovery, catalyst design, and advanced materials science.

Technical / Clinical Details

When a chemical reaction proceeds, reactants transform into products through a high-
energy intermediate state known as the transition state. Precisely identifying the energy
and structure of this transition state is crucial for understanding and controlling reaction
rates and selectivity. However, traditional computational chemistry methods (e.g.,
Density Functional Theory, quantum chemical calculations) are computationally intensive,
requiring vast amounts of time and resources for large molecules or complex reaction
networks. React-OT addresses this bottleneck by leveraging machine learning models.
Specifically, it learns transition state characteristics from large datasets of existing
reactions and then rapidly predicts the structure and energy of transition states for
unknown reaction systems. This method has been shown to maintain a comparable level
of accuracy while reducing computational costs by orders of magnitude compared to
traditional ab initio calculations. This enables the screening of complex multi-step
reactions and reaction pathways for a vast number of catalyst candidates within practical
timescales, which was previously difficult to explore. For instance, it can quickly identify
optimal reaction conditions or catalysts for synthesizing specific target molecules,
dramatically improving the efficiency of lead compound optimization in drug discovery
and the design of new catalytic materials.



Background & Context

The chemical, pharmaceutical, and materials industries constantly pursue innovation in
new product development. However, understanding and optimizing the underlying
chemical reactions has often been a resource- and time-intensive process. Particularly,
the search for transition states is one of the most challenging problems in computational
science, serving as a major factor limiting the pace of innovation. Advances in AI,
especially deep learning models, are beginning to offer new solutions to such complex
scientific challenges. The development of React-OT demonstrates that the application of
machine learning in materials informatics and cheminformatics is yielding concrete
breakthroughs across a wide range of areas, from fundamental chemical reaction
understanding to industrial applications.

Strategic Significance & Outlook

React-OT has the potential to be a game-changer in the design and optimization of
chemical reactions. Moving forward, this technology will likely expand its applicability to
more diverse reaction types and material systems, evolving towards automated
generation and evaluation of entire complex reaction networks. This will enable
pharmaceutical companies to design synthesis pathways for new drug candidates more
efficiently, and chemical companies to develop greener and more economical catalytic
processes. For materials scientists, it will become a powerful tool for designing molecules
and polymers with specific functionalities, contributing to the advancement of green
chemistry for a sustainable society. The practical implementation of this technology will
accelerate R&D and generate a new wave of innovation.

Source: https://www.theresearchcode.com/articles/ai-predicts-chemical-reaction-pathways
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IJCRT.org Paper Argues AI and Mathematical Modeling
Fusion Revolutionizes Materials Engineering,
Accelerating Discovery

OVERVIEW

A paper published on IJCRT.org argues that the combination of mathematical

modeling and AI is revolutionizing materials engineering by providing predictive

insights and accelerating materials discovery. Machine learning, deep learning, and

reinforcement learning are being utilized for property prediction, microstructure
analysis, and process optimization of alloys, polymers, catalysts, and battery materials.

The U.S. Materials Genome Initiative (MGI) is highlighted as a key driver accelerating

discovery through this synergy.

Published June 06, 2026  IJCRT.org  India



IN DEPTH

Key Findings

A recent paper published on IJCRT.org asserts that the powerful fusion of mathematical
modeling and artificial intelligence (AI) is bringing about revolutionary changes in the
field of materials engineering, dramatically accelerating the pace of new material
discovery and development. This combination provides unprecedented predictive
insights and efficient solutions to complex challenges that materials scientists have
traditionally faced.

Technical / Clinical Details

The paper elaborates on how core AI technologies such as machine learning (ML), deep
learning (DL), and reinforcement learning (RL) are being applied across various aspects of
materials engineering. Specifically, AI models, trained on vast amounts of experimental
and simulation data, excel in the following tasks:

Property Prediction: Accurately predicting physical, chemical, and mechanical
properties of materials like alloys, polymers, catalysts, and battery materials before
experiments are conducted. This significantly reduces the trial-and-error process.

Microstructure Analysis: Elucidating complex relationships between a material's
microstructure (e.g., grain boundaries, phase separation, defects) and its macroscopic
properties, providing guidance for optimizing material performance.

Process Optimization: AI adjusts parameters of material manufacturing processes
(e.g., heat treatment, additive manufacturing) to derive optimal conditions for
efficiently producing materials with desired properties.

The paper particularly highlights the U.S. 'Materials Genome Initiative (MGI)' as a key
driver that promotes this synergy between AI and mathematical modeling, contributing
to accelerated materials discovery through data sharing, standardization, and
computational tool development. MGI's goal is to halve the time and cost to bring new
materials to market.



Background & Context

The discovery of new materials is an indispensable element for the progress of many
innovative technologies, including clean energy, medicine, aerospace, and information
technology. However, traditional materials development has largely been a trial-and-
error process, which is time-consuming and costly, limiting the pace of innovation. While
mathematical modeling has been used in materials science for a long time, the advent of
AI has dramatically enhanced its predictive and data analysis capabilities. This fusion
enables materials scientists to efficiently explore more complex systems and material
spaces that were difficult to investigate using traditional empirical rules.

Strategic Significance & Outlook

The integration of AI and mathematical modeling will continue to be a crucial trend
shaping the future of research and development in materials engineering. Further
improvements in the accuracy and interpretability of AI models are expected.
Furthermore, enhanced collaboration between AI and autonomous laboratory systems
may lead to fully automated material discovery platforms, potentially further shortening
the time-to-market for new materials. This progress is predicted to accelerate the
creation of innovative material solutions necessary for a sustainable society, bringing
significant economic value to industries.

Source: https://www.ijcrt.org/papers/IJCRT2606170.pdf
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arXiv Paper Identifies Six Open Questions in Machine-
Learned Interatomic Potential Foundation Models

OVERVIEW

A new arXiv paper reviews the rapid advancements of machine learning (ML) in

atomic modeling and the growing centrality of interatomic potentials in materials

science. It discusses six open questions as key challenges and opportunities for

developing ML interatomic potential (MLIP) foundation models. The paper

emphasizes the need for multi-fidelity and multi-modal models capable of predicting

diverse spectroscopic and microscopic data from material structures, aiming to

enhance the reliability and versatility of atomic-scale materials simulations.

Published June 11, 2026  arXiv  USA



IN DEPTH

Key Findings

A new paper published on arXiv provides a detailed review of the rapid advancements in
machine learning (ML) within the field of atomic modeling, specifically analyzing how
machine-learned interatomic potentials (MLIPs) have become indispensable tools in
materials science. The paper presents six key open questions that need to be addressed
for the further advancement of MLIP foundation models, emphasizing that the
development of multi-fidelity and multi-modal models represents the next frontier.

Technical / Clinical Details

Interatomic potentials play a central role in computational methods for simulating the
physical properties of materials at the atomic level. Traditional potentials were
constructed based on empirical parameterization or ab initio calculations, involving a
trade-off between accuracy and computational cost. MLIPs, by learning from high-
precision data derived from quantum mechanical calculations (e.g., Density Functional
Theory), enable simulations to operate at the speed of classical molecular dynamics while
maintaining near-quantum accuracy. This makes large-scale and long-duration
simulations feasible. The six open questions discussed in the paper primarily highlight
the limitations and potentials faced by MLIP foundation models. These include, for
example, the robustness of predictive capabilities across diverse chemical environments
and extreme conditions (high temperature, high pressure), the quantification of biases
and uncertainties in training datasets, and the necessity for multi-modal learning that
integrates various types of data (spectroscopic data, microscopic images, reaction
pathways). Specifically, multi-fidelity learning and multi-modal models, which can predict
material properties using data of different resolutions and types, not just single structural
information, are expected to significantly enhance the versatility and predictive power of
MLIPs.Background & Context



Understanding material behavior at the atomic level is indispensable in many scientific
and technological fields, including material design, drug discovery, and catalyst
identification. The advent of MLIPs has significantly advanced computational tools for
deepening this understanding, enabling the exploration of complex material systems
previously unreachable by traditional simulation methods. However, MLIP foundation
models are still in their early stages, with limitations in their applicability and reliability.
This paper systematically organizes these challenges faced by the entire MLIP
community and contributes importantly to promoting the healthy development of the
field by outlining future research directions.

Strategic Significance & Outlook

Resolving the challenges presented in this paper will provide a roadmap for evolving
MLIP foundation models into more robust and versatile tools. The development of multi-
fidelity and multi-modal models will enable AI to provide materials scientists with deeper
insights, not just structural information, but also how materials interact with light,
electrons, and interatomic forces. This is expected to further enhance the speed and
accuracy of AI-driven materials discovery, accelerating the creation of sustainable energy
materials, high-performance electronics, and new medical technologies. MLIPs will
continue to play a central role at the forefront of materials science research.

Source: https://arxiv.org/html/2606.07327v2
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arXiv Paper Presents 'AutoPot': Automated, Massively
Parallel Workflow for Constructing Machine-Learning
Potentials

OVERVIEW

A new preprint on arXiv introduces 'AutoPot,' an automated and massively

parallelized workflow for constructing Machine Learning Interatomic Potentials

(MLIPs). MLIPs bring quantum accuracy to atomic modeling, enabling quantum-

accurate multiscale simulations crucial for exploring how chemical composition
changes affect material properties. AutoPot leverages active learning strategies, such

as Moment Tensor Potentials, to address the challenges of creating comprehensive

training sets, significantly boosting computational efficiency in materials science.

Published June 09, 2026  arXiv  USA



IN DEPTH

Key Findings

A preprint paper released on arXiv introduces 'AutoPot,' a novel workflow designed to
fully automate and massively parallelize the construction process of Machine Learning
Interatomic Potentials (MLIPs). This innovative approach brings quantum-level accuracy
to atomic modeling of materials, enabling the exploration and prediction of a wide range
of material properties with unprecedented efficiency.

Technical / Clinical Details

MLIPs have resolved a long-standing challenge in materials simulation by combining
quantum mechanical accuracy with the computational speed of classical molecular
dynamics. However, a bottleneck in constructing high-accuracy MLIPs has been the
creation of appropriate training datasets, typically generated from ab initio calculations
of atomic forces and energies. These training datasets must cover various possible
material structures, temperatures, pressures, and chemical compositions, requiring
significant expertise and computational resources for their generation. AutoPot
dramatically lowers the barrier to MLIP construction by automating this complex data
generation process. Specifically, it integrates state-of-the-art active learning strategies,
such as Moment Tensor Potentials (MTPs). Active learning is a method where an MLIP
identifies regions where its predictions are highly uncertain and then requests additional
ab initio calculations in those regions to efficiently expand its training dataset. AutoPot
executes this process on a massively parallel scale, rapidly generating comprehensive
and optimized training datasets to build robust and accurate MLIPs. This enables
quantum-accurate simulations on a large scale to explore how subtle changes in
chemical composition affect material properties like structural stability, mechanical
strength, and thermal conductivity.



Background & Context

The discovery and design of new materials are key drivers of innovation in many
industries, including energy, electronics, aerospace, and biomedicine. To efficiently
develop high-performance materials, accurate simulations at the atomic level are
indispensable, but traditional computational methods have struggled to adequately
capture the properties of large-scale or complex materials. The emergence of MLIPs has
been anticipated to bridge this gap, but human and computational resource bottlenecks
in their construction have hindered their practical application. Automated workflows like
AutoPot represent a significant advancement in the field of materials informatics,
promoting the democratization of materials development by making high-accuracy
MLIPs accessible to more researchers and engineers.Strategic Significance & Outlook

The introduction of AutoPot will significantly expand the applicability of MLIPs, enabling
research into complex multicomponent alloys, polymer composites, and interfacial
phenomena that were previously computationally intractable. In the future, AutoPot is
expected to integrate with autonomous laboratory systems, leveraging both
experimental and computational data to evolve into a fully automated materials
discovery platform. This will dramatically shorten the cycle from material design to
characterization and final synthesis, significantly reducing the time-to-market for new
materials. This technology is anticipated to contribute substantially to the development
of sustainable energy materials, high-performance devices, and innovative
manufacturing technologies.

Source: https://arxiv.org/html/2601.01185v2
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Spatial Computing and Generative AI: Propelling the
Materials & Chemicals Market to $3.78 Billion by 2026,
Intel Forecasts

OVERVIEW

Intel Market Research projects the global Spatial Computing Generative AI Materials

& Chemicals Technology market to reach $3.78 billion by 2026. This rapid growth is

driven by the convergence of spatial computing platforms and generative AI,

enabling advanced capabilities like 3D molecular simulation and optimized synthesis
pathway generation. Key industry players are actively forming strategic partnerships

and launching cloud-based generative design services to leverage this transformative

trend.

Published Published June 07, 2026  Intel Market Research  多国籍



IN DEPTH

Background

This article summarizes a market research report published by Intel Market Research,
focusing on the 'Spatial Computing Generative AI Materials & Chemicals Technology'
market. The report analyzes the current status and future projections of this burgeoning
sector, specifically targeting technologies where spatial computing platforms and
generative AI converge to unlock innovative applications across materials science,
chemistry, and manufacturing. The study encompasses the entire global market,
providing forecasts for the period spanning 2026 to 2034.

Key Findings

According to the report, the global Spatial Computing Generative AI Materials &
Chemicals Technology Market is projected to reach $3.78 billion by 2026. This market is
poised for rapid expansion, primarily driven by spatial computing technologies enabling
real-time 3D simulation of molecular structures. Concurrently, generative AI is leveraging
these simulations to propose optimal material designs and efficient synthesis pathways.
This synergistic technological convergence is significantly accelerating product
development cycles in critical sectors, including advanced manufacturing, healthcare,
and energy storage. To capitalize on this trend, major market players are actively forging
strategic partnerships and introducing cloud-based generative design services, aiming to
bolster their competitiveness and spearhead market growth.

About Intel Market Research

Intel Market Research is a global research firm specializing in comprehensive market
analyses across diverse industry sectors. The company provides in-depth insights into
emerging market trends, growth drivers, challenges, and competitive landscapes, thereby
empowering organizations to make informed strategic decisions.

Source: https://www.intelmarketresearch.com/spatial-computing-generative-ai-materials-chemicals-
technology-market-48735
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INX and Albert Invent Announce Strategic
Collaboration to Accelerate AI-Powered Innovation
Across R&D Operations

OVERVIEW

Materials science company INX announced a strategic collaboration with Albert

Invent, a provider of AI-native R&D operating systems, to foster AI-driven innovation

across its R&D operations. Albert Invent will assist INX's scientific teams in collecting

and organizing experimental data, designing experiments using proprietary data,
predicting formulation performance, and leveraging AI tools for material

optimization. The partnership aims to build an AI-enabled R&D infrastructure and

accelerate discovery throughout all experiments.

Published June 09, 2026  Business Wire  USA



IN DEPTH

Key Findings

INX, a leading company in the field of materials science, has announced a strategic
collaboration with Albert Invent, a premier provider of AI-native R&D operating systems.
This partnership is designed to accelerate AI-driven innovation across INX's global
Research & Development (R&D) operations, aiming to streamline the new material
development process and reduce time-to-market.

Technical / Clinical Details

The core of this partnership lies in deeply integrating Albert Invent's AI platform into
INX's R&D workflows. Albert Invent's system offers powerful tools to address the data
challenges faced by INX scientists. Specifically, Albert will assist with the following
functions:

Experimental Data Collection and Organization: Efficiently collecting diverse,
unstructured experimental data and organizing it into an AI-friendly format.

Experiment Design Using Proprietary Data: Training AI models with INX's rich,
accumulated experimental data and insights to generate intelligent suggestions for
optimizing new experimental conditions and material compositions.

Formulation Performance Prediction: AI models will predict the physical, chemical,
and functional performance of various material formulations in advance, reducing the
number of unnecessary experiments and saving development costs and time.

Leveraging AI Tools for Material Optimization: Scientists can utilize AI tools
through an intuitive interface to efficiently explore and design materials with target
properties.

This integration will allow INX to leverage data-driven insights from AI, creating an
environment where researchers can focus on more complex problems. It establishes an
R&D 'digital twin,' enabling continuous learning and optimization throughout the
experimental lifecycle.



Background & Context

In materials science, the discovery of materials with novel properties is key to product
innovation. However, the R&D process often involves extensive time, cost, and trial-and-
error, becoming a bottleneck for innovation. Recent advancements in AI and materials
informatics offer the potential to fundamentally change this situation. Specialized
companies like Albert Invent are responding to this need by providing solutions that
support the digitalization and AI integration of R&D processes. A well-established
materials company like INX partnering with an AI startup clearly indicates that AI is
increasingly becoming central to R&D strategies across the industry.

Strategic Significance & Outlook

This strategic alliance will help INX establish a strong competitive advantage in
developing next-generation high-performance materials. By building an AI-enabled R&D
infrastructure, the development of new inks, coatings, or specialty chemicals is expected
to accelerate, contributing to improved product performance, cost reduction, and
enhanced sustainability. Furthermore, this partnership could create ripple effects as a
success story for AI and digitalization in the materials science sector, influencing other
industry players. Both companies are expected to play a crucial role in shaping the future
of materials R&D through ongoing collaboration.

Source: https://www.businesswire.com/news/home/20260609783241/en/INX-Announces-Strategic-
Collaboration-with-Albert-Invent-to-Unlock-AI-Powered-Innovation-Across-Its-RD-Operations
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PhysicsX Raises $135M at ~$170M Total Funding for AI
to Reduce Industrial Engineering Simulation from Days
to Seconds

OVERVIEW

London-based AI startup PhysicsX successfully raised $135 million in Series B funding,

bringing its total funding to nearly $170 million, for its deep learning-powered AI

technology that reduces industrial engineering simulation time from days to seconds.

Strategic investors including Siemens and Applied Materials participated, indicating
market acceptance of AI as a foundational layer for industrial design.

Published June 09, 2026  The AI World  UK



IN DEPTH

Key Findings

PhysicsX, a London-based AI startup, has successfully secured a substantial $135 million
in Series B funding for its deep learning-powered AI technology, which dramatically cuts
industrial engineering simulation times from days to mere seconds. This funding round
brings the company's total capital raised to nearly $170 million, clearly demonstrating
the growing importance of AI in industrial applications.

Technical / Clinical Details

PhysicsX's AI platform employs advanced deep learning models combined with physical
laws, known as 'Physics-informed AI,' to address bottlenecks in physical simulations.
Traditional industrial engineering simulations, such as aerodynamic analysis for aircraft
engines, thermal management for electric vehicle (EV) components, and stress analysis
for semiconductor parts, are computationally intensive and typically require days, or
even weeks, to complete. PhysicsX's AI learns these complex physical phenomena and
generates highly accurate predictions at high speed, drastically accelerating the design
cycle. The company's technology enables engineers to evaluate design changes in near
real-time, allowing for thousands of design iterations within practical timescales. This
capability significantly improves performance and reliability during the early stages of
product development, thereby reducing time-to-market.

Background & Context

Key modern industries, including manufacturing, automotive, and semiconductor sectors,
face challenges in enhancing product performance, reducing costs, and achieving
sustainability. Innovation in materials science and engineering design is indispensable for
addressing these challenges. However, conventional simulation tools have limited the
scope of design exploration due to their computational cost and time. AI, particularly
deep learning models integrated with physics knowledge, has the potential to break
these constraints and fundamentally transform the engineering design process. The
investment by strategic players like Siemens (a German industrial conglomerate) and
Applied Materials (a U.S. semiconductor equipment giant) in PhysicsX signifies a broad
recognition that this AI technology generates concrete value and competitive advantage
in the industrial sector.



Strategic Significance & Outlook

This $135 million funding round will be a crucial driver for PhysicsX to further develop its
AI platform and expand its deployment across more industrial sectors. Going forward,
the company will focus on enhancing the versatility and accuracy of its AI models, as well
as improving user-friendliness as a software tool. The significant acceleration of
industrial engineering simulations will fundamentally change product design, testing,
and optimization processes, enabling the quicker market introduction of more
sustainable and higher-performing products. PhysicsX's technology is expected to serve
as a powerful example of how AI can become an integral part of industrial infrastructure,
accelerating innovation across the entire value chain from design to manufacturing.

Source: https://theaiworld.org/news/physicsx-raises-135m-to-bring-ai-to-engineering
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Korea Times Reports SES AI to Enhance 'vibe research'
AI for Battery Material Discovery in Response to
Robotics Boom

OVERVIEW

The Korea Times reported that Boston-based battery company SES AI is focusing on

'vibe research,' an AI-driven approach for battery material discovery, to meet

increasing demand from the robotics sector. The company's 'Molecular Universe'

platform enables researchers to guide and tune material discovery via simple
prompts, significantly shortening battery development cycles from years to weeks.

This platform will help battery manufacturers rapidly screen and develop new high-

capacity cells required for humanoid robots.

Published June 10, 2026  The Korea Times  South Korea



IN DEPTH

Key Findings

The Korea Times, a leading South Korean media outlet, has reported that SES AI, a
Boston-based battery technology company, is intensifying its 'vibe research'—an AI-
driven approach for battery material discovery—to meet the escalating demand from the
robotics sector. The company's 'Molecular Universe' platform is touted for its potential to
drastically shorten battery development cycles from traditional years to mere weeks.

Technical / Clinical Details

SES AI's 'vibe research' is a proprietary AI-driven platform designed to streamline the
complex material exploration process. Central to this platform is a system called
'Molecular Universe,' which allows researchers to 'guide' and 'tune' the discovery of
battery materials with desired properties through intuitive and simple prompts.
Conventional battery material development is a time-consuming and costly process,
involving manual or empirical searches for optimal chemical compositions and structural
combinations from a vast number of possibilities. However, 'Molecular Universe' enables
a closed-loop process where AI models learn from existing data, generate and evaluate
new material candidates, and then propose the next steps for exploration based on these
results. This allows battery manufacturers to much more rapidly screen and develop new
materials, specifically tailored for 'high-capacity cells' required by humanoid robots. The
AI predicts a wide range of performance metrics, including material stability, energy
density, lifespan, and safety, focusing on the most promising candidates for experimental
validation, thereby minimizing wasted development resources.

Background & Context

The proliferation of electric vehicles (EVs), increased demand for stationary energy
storage, and the recent emergence of humanoid robots have led to an explosive
demand for high-performance battery materials. Humanoid robots, in particular, require
extremely high-capacity and safe batteries to support their complex movements and
extended operational periods. However, existing battery technologies often struggle to
meet these demanding requirements. In this context, AI-driven material discovery is
positioned as one of the most promising approaches to achieve breakthroughs in next-
generation battery technology. SES AI's efforts aim to address these rapidly evolving
market needs and establish a competitive edge in the battery industry.



Strategic Significance & Outlook

SES AI's 'vibe research' platform is expected to significantly improve the efficiency of
battery material development, particularly accelerating the commercialization of high-
capacity batteries for robotics. Moving forward, SES AI is anticipated to further enhance
the accuracy and versatility of its AI models, exploring materials that can meet more
diverse application needs. This technology will not only push the performance limits of
batteries but also contribute to reducing development costs and shortening time-to-
market, playing an indispensable role in advancing sustainable energy solutions and
next-generation robotic technologies. The coverage by Korean media indicates high
interest in the company's technology within the Asian market as well.

Source: https://www.koreatimes.co.kr/business/tech-science/20260611/ses-ai-eyes-robotics-boom-with-

vibe-research-tool-for-battery-materials
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U.S. Tech Guide Explains Quantum Computing's
Potential to Accelerate Drug Discovery, Materials
Research, and Financial Optimization

OVERVIEW

Tech Guide explains that quantum computing promises significant advancements in

drug discovery, materials research, cryptography, and financial optimization in the

near future, fields where classical solvers have reached practical limits. Quantum

computers can simulate molecular structures and chemical reactions more efficiently.
Hybrid quantum-classical workflows and quantum-inspired tools are already being

piloted in aerospace and defense industries, achieving performance gains without

waiting for large-scale quantum hardware.

Published June 11, 2026  Tech Guide  USA



IN DEPTH

Key Findings

A recent explanatory article by Tech Guide clearly outlines quantum computing's
potential to bring groundbreaking advancements in the near future to fields such as
drug discovery, materials research, cryptography, and financial optimization—areas
where conventional computational methods are reaching their practical limits. The article
particularly emphasizes the efficiency of quantum computers in simulating molecular
structures and chemical reactions.

Technical / Clinical Details

Quantum computing is an entirely new computational paradigm designed to solve
specific types of problems that are intractable for classical computers. By leveraging the
principles of quantum mechanics that govern the behavior of atoms and molecules,
quantum computers are expected to simulate complex molecular interactions in drug
discovery processes and chemical reactions that determine the properties of new
materials with unprecedented accuracy and speed. Traditionally, these simulations
required immense time and computational resources, becoming virtually impossible for
large molecules or complex reaction pathways. The article highlights that even with
large-scale, fault-tolerant quantum hardware not yet fully practical, hybrid quantum-
classical workflows and quantum-inspired tools are already generating tangible value.
Hybrid quantum-classical workflows combine the strengths of classical computers and
quantum processors, executing parts of quantum algorithms on the quantum processor
and offloading the remaining computations to a classical computer. Quantum-inspired
tools, on the other hand, execute optimization methods inspired by quantum algorithms
on classical computers, achieving superior performance over traditional algorithms for
certain challenges. These technologies are reportedly being piloted in the aerospace and
defense industries for optimizing material properties and simulating complex systems,
already achieving concrete performance improvements.



Background & Context

In the 21st century, the pace of scientific discovery and technological innovation is
heavily reliant on computational power. Optimization and simulation problems in many
fields, including drug discovery, materials science, finance, and logistics, are becoming
increasingly complex, pushing against the computational limits of classical computers.
Quantum computing offers new solutions to these 'computationally hard problems,'
holding the potential to revolutionize industries. Governments, academia, and
corporations are recognizing the potential of this technology and investing heavily in
research and development. In materials research specifically, quantum simulations are
crucial for the development of clean energy materials, high-performance batteries, and
superconductors, and advancements in this area are expected to accelerate
breakthroughs in these fields.

Strategic Significance & Outlook

Quantum computing is projected to continue its rapid development, with further
improvements in hardware performance and algorithm sophistication expanding its
range of applications. In the near future, particularly with the evolution of hybrid
quantum-classical approaches, contributions to practical problem-solving are expected
in areas such as target discovery in drug development, new catalyst design in materials
science, risk optimization in financial markets, and complex optimization problems in
supply chain management. Until large-scale quantum hardware is fully realized,
quantum-inspired algorithms will continue to provide performance enhancements for
existing challenges by applying quantum insights on classical computers. This
technology holds the potential to become a powerful tool for overcoming scientific and
engineering challenges that humanity has not been able to solve thus far.

Source: https://www.bqpsim.com/blogs/quantum-computing
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America Makes Awards $2M to Advance AI-Based
Material Qualification for Additive Manufacturing

OVERVIEW

America Makes and NCDMM awarded $2 million to the 'Artificial Intelligence for

Material Allowables in Additive Manufacturing (AIM-4AM)' project. This initiative will

leverage machine learning to map process-structure-property relationships for 17-

4PH stainless steel produced by laser powder bed fusion (LPBF). The goal is to reduce

extensive physical testing and accelerate the qualification time and cost for additive

manufacturing materials.

Published June 11, 2026  America Makes / NCDMM  USA



IN DEPTH

Key Findings

America Makes and NCDMM, the U.S. national additive manufacturing (AM) technology
innovation institute, have awarded $2 million to a crucial project titled 'Artificial
Intelligence for Material Allowables in Additive Manufacturing (AIM-4AM).' This funding
represents a strategic step towards revolutionizing the qualification process for AM
materials through AI, aiming to facilitate the rapid certification and commercialization of
high-performance materials.

Technical / Clinical Details

The AIM-4AM project will harness the power of machine learning (ML) to address the
long-standing challenges of delays and high costs in material qualification within the
additive manufacturing sector. Specifically, it targets 17-4PH stainless steel produced by
laser powder bed fusion (LPBF) technology. The project will integrate the following key
elements:

Data Collection and Integration: Gathering and consolidating vast amounts of data
related to various manufacturing parameters in the LPBF process (e.g., laser power,
scan speed, powder characteristics), the material's internal structure (microstructure),
and its resulting mechanical properties (e.g., strength, ductility, fatigue life).

Machine Learning Model Development: Developing ML models that learn the
complex, non-linear relationships between process, structure, and properties from
these intricate datasets. The ML models will be used to predict how specific process
parameters influence final material properties and to identify optimal manufacturing
conditions.

Reduction of Physical Testing: As the developed ML models become capable of
reliably predicting material behavior, they will enable a significant reduction in the
extensive physical testing traditionally required. This will dramatically decrease the
time and cost associated with testing.

This approach will shorten the time required for additive manufacturing material
qualification, allowing manufacturers to bring new materials to market more rapidly.



Background & Context

Additive manufacturing (3D printing) is a transformative manufacturing technology with
the potential to create innovative products across diverse industries like aerospace,
medical, and automotive. However, ensuring the reliability and quality of AM parts
requires that the materials used meet stringent qualification standards. Traditional
material qualification processes are heavily reliant on physical testing, which is time-
consuming and costly, thus acting as a bottleneck to the widespread adoption and
industrialization of AM technology. AI, particularly machine learning, offers a powerful
means to solve this challenge by enabling data-driven approaches in materials science
and manufacturing. Investment in this area by national innovation institutes like America
Makes demonstrates the U.S.'s strong commitment to strengthening its competitiveness
in advanced manufacturing.

Strategic Significance & Outlook

The success of the AIM-4AM project will fundamentally transform the additive
manufacturing material qualification process, establishing a faster and more cost-
effective methodology. Following its demonstration with 17-4PH stainless steel, this AI-
based qualification approach is expected to be expanded to other AM materials and
processes. This will accelerate the development and commercialization of new alloys,
composites, and ceramics, paving the way for broader adoption of AM technology across
a wider range of industries. In the long term, AI will play a critical role in standardizing
quality assurance in additive manufacturing and streamlining the entire process from
design to manufacturing and certification, thereby accelerating innovation cycles
throughout the manufacturing sector.

Source: https://3dprintingindustry.com/news/america-makes-awards-2m-to-advance-ai-based-material-
qualification-252240/
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Bezos Co-Led Prometheus Raises $12B at $41B
Valuation to Develop AI Compressing Engineering
Design Cycle

OVERVIEW

Prometheus, co-led by Jeff Bezos, raised an astounding $12 billion in Series B funding,

valuing the company at $41 billion, to develop AI tools that drastically shorten

engineering design cycles from years to months. The company aims to build an

'artificial general engineer' that accelerates design-to-manufacturing for complex
physical products like jet engines, medical devices, semiconductors, advanced

materials, and consumer electronics. This massive funding will be allocated to

securing computational power comparable to leading AI labs.

Published June 12, 2026  Tech Funding News  USA



IN DEPTH

Key Findings

Prometheus, co-led by Jeff Bezos, has successfully raised an astounding $12 billion in
Series B funding, valuing the company at $41 billion. This monumental investment is set
to fuel the company's ambitious goal of developing AI tools that dramatically compress
the engineering design cycle for complex physical products from years to mere months.
Prometheus is aiming to build what it describes as an 'artificial general engineer.'

Technical / Clinical Details

The 'artificial general engineer' that Prometheus seeks to develop integrates the latest
advancements in AI, particularly generative AI and physics-informed AI, to eliminate
multiple bottlenecks in traditional design processes. This AI system will accelerate the
entire cycle, from initial design phases to manufacturing, for a wide range of complex
physical products, including jet engines, medical devices, semiconductors, advanced
materials, and consumer electronics. Specifically, the AI will augment human engineers'
capabilities by autonomously performing tasks such as:

Design Generation from Requirements: Given product functional requirements and
performance targets, the AI will generate multiple design proposals, including optimal
material selection, component geometries, and manufacturing processes.

Accelerated Physical Simulation: The AI will evaluate the performance (e.g.,
strength, thermal conductivity, fluid dynamics) of generated designs with much
higher speed and accuracy than traditional physical simulations.

Manufacturability Optimization: The AI will ensure that designs account for
manufacturing process constraints (e.g., additive manufacturing, CNC machining) and
optimize them to minimize production costs and time.

Iterative Learning Loops: By feeding back results from physical simulations and
prototype testing to the AI, it builds a self-evolving design system that continuously
improves its algorithms.



Because this AI can perform thousands of design iterations far faster than humans can
manually, it will dramatically shorten product development lead times and enable more
innovative products to reach the market. A significant portion of the $12 billion raised is
reportedly allocated to securing the immense computational power required for training
such AI models, comparable to that of leading AI labs.

Background & Context

Modern industries face dual pressures of increasing product complexity and shortening
time-to-market. Particularly, the design-to-manufacturing cycle for physical products
involves multi-stage processes such as material selection, simulation, prototyping, and
testing, typically taking several years. This has been a major factor limiting the pace of
innovation. Advances in AI are anticipated to provide powerful means to address this
challenge, and AI's potential in engineering is beginning to be recognized as equal to, or
even greater than, its impact in computer science. The fact that influential investors like
Jeff Bezos are pouring such massive sums into this field sends a strong signal that this
vision is viable and has the potential to generate significant economic returns.

Strategic Significance & Outlook

The success of Prometheus's 'artificial general engineer' will fundamentally transform
how products are developed, ushering in a new era of technological innovation.
Compressing design cycles will enable companies to achieve more innovation with fewer
resources, directly leading to increased competitiveness. Future focus areas will include
further refinement of AI models, expansion of applications into various industrial sectors,
and optimization of human-AI collaborative design workflows. This technology is
expected to contribute to sustainable manufacturing, improved resource efficiency, and
the proliferation of higher-performance products, significantly impacting the global
industrial ecosystem.

Source: https://techfundingnews.com/bezos-prometheus-lands-12b-series-b-at-41b-valuation-to-build-
ai-that-compresses-the-engineering-design-cycle/
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World Economic Forum Recommends Closed-Loop
Integration of AI and Physical Experimentation to
Accelerate Materials Innovation and Address Climate
Crisis

OVERVIEW

The World Economic Forum emphasizes that AI is crucial for accelerating materials

innovation to address the climate crisis, necessitating closed-loop integration of AI

with physical experimentation. In this system, AI proposes material candidates,

automated experiments test them, and results are fed back to the AI model for

iterative improvement. Better materials driven by AI-enabled platforms will contribute

to climate action by extending product lifespans, reducing waste, and improving the

reliability of clean technologies.

Published June 11, 2026  The World Economic Forum  Switzerland



IN DEPTH

Key Findings

The World Economic Forum (WEF) has underscored the critical role of Artificial
Intelligence (AI) in accelerating materials innovation, proposing it as an indispensable
element for tackling the climate crisis. To achieve this goal, the WEF suggests that
integrating AI with physical experimentation in a 'closed-loop system' is essential, as this
would dramatically streamline the process of discovering and optimizing new materials.

Technical / Clinical Details

The closed-loop system advocated by the WEF refers to an advanced workflow where AI
and automated physical experiments continuously interact. Specifically, it consists of the
following steps:

AI Proposal of Candidate Materials: AI models leverage vast data and
computational power to generate potential material candidates that meet specific
functional requirements (e.g., energy efficiency, durability, sustainability).

Automated Experimental Testing: The generated material candidates are rapidly
and precisely synthesized by autonomous lab systems (automated experimental
apparatus combining robotics and sensor technology), and their properties are
evaluated.

Feedback to AI Model and Iterative Improvement: Results obtained from
experiments (e.g., performance data, synthesis success rates) are fed back to the AI
model in real-time. The AI learns from this new data, improving the accuracy of its
predictions and proposals, and generating more refined material candidates for the
next experimental cycle.

This iterative optimization process significantly reduces the manual trial-and-error that
has bottlenecked materials development, shortening the time from new material
discovery to market introduction. The WEF points out that 'better materials' developed
through AI-enabled platforms will make significant contributions to climate action by
extending product lifespans, reducing waste in manufacturing processes, and improving
the reliability and efficiency of clean technologies such as renewable energy systems and
electric mobility.



Background & Context

Climate change is an urgent global challenge, and addressing it requires innovative
material technologies that enable improved energy efficiency, reduced CO2 emissions,
and sustainable resource utilization. However, traditional materials development
processes have been a major barrier due to their time and cost. Advances in materials
informatics and AI offer powerful means to solve this challenge. The emphasis on this
theme by international bodies like the World Economic Forum indicates that AI-driven
materials innovation is not merely an academic pursuit but is recognized as part of a
concrete policy agenda for solving global challenges.

Strategic Significance & Outlook

The closed-loop integration of AI and physical experimentation will continue to be a
central trend in materials science research. This approach is expected to accelerate the
development of key materials in the clean energy sector, including batteries, catalysts,
solar cells, and lightweight composites. In the future, the development of more advanced
AI models and increasingly autonomous lab systems will allow human researchers to
focus on more complex scientific and strategic challenges. This technology is expected to
expand its role as a critical tool for maximizing the speed of scientific discovery and the
potential for practical application in global efforts to address the climate crisis.

Source: https://www.weforum.org/stories/2026/06/the-next-climate-breakthrough-may-come-from-
materials-too-small-to-see/
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Google DeepMind's GNoME Discovers 2.2 Million New
Crystal Structures, Propelling Clean Energy Material
Design into a New Era

OVERVIEW

Google DeepMind's GNoME AI has identified an unprecedented 2.2 million new

stable crystal structures, including 380,000 deemed practical, surpassing all previously

known inorganic materials. This monumental achievement dramatically accelerates

clean energy material discovery, transforming it from a 'materials problem' into a
'speed of discovery challenge.' The synergy between GNoME's exploration and

MatterGen's generative capabilities ushers in a new era for computational screening

and generative design of advanced energy materials.

Published Published June 08, 2026  DEV Community  多国籍



IN DEPTH

Background

The transition to clean energy stands as one of the most pressing challenges of our time,
crucial for addressing climate change and fostering a sustainable society. The success of
this global imperative is intrinsically linked to the discovery and development of high-
performance and cost-effective materials. Historically, materials science research has
been a laborious, trial-and-error process, demanding substantial time and resources,
which has often created a significant bottleneck in bringing new materials to market.
However, recent advancements in artificial intelligence (AI), particularly the convergence
of deep learning models and high-performance computing, are fundamentally
transforming this landscape. This offers the potential to accelerate materials discovery by
orders of magnitude. The engagement of global AI research leaders like Google
DeepMind in this field, coupled with their concrete achievements, clearly signifies AI's
emergence as a new paradigm for scientific discovery.

Key Findings

Artificial intelligence (AI) is dramatically accelerating the discovery of clean energy
materials, effectively shifting the research paradigm from a 'materials problem' to a
'speed of discovery challenge.' Google DeepMind's Graph Networks for Materials
Exploration (GNoME) has achieved the astounding feat of identifying an unprecedented
2.2 million new stable crystal structures in a single, focused effort. Of these, an
impressive 380,000 structures are deemed practical and synthesizable, a number that
significantly surpasses the total count of inorganic materials previously known to
humanity.



Technical / Clinical Details

Google DeepMind's GNoME is a sophisticated deep learning model founded on graph
neural networks (GNNs). This model is meticulously trained on extensive datasets of
known materials, enabling it to predict the stability of novel crystal structures with
remarkable accuracy. This AI-powered system empowers materials scientists to rapidly
screen vast material spaces—a task that would typically consume months or even years
for human researchers—now within mere days. The identification of 2.2 million stable
crystal structures underscores the immense, previously untapped potential within the
materials science exploration space. A particularly noteworthy aspect is that 380,000 of
these identified stable structures are predicted to be experimentally synthesizable,
paving concrete pathways for their industrial application. The synergistic combination of
GNoME's unparalleled exploration capabilities and MatterGen's (a generative model also
developed by Google DeepMind) generative power truly marks a new era in materials
design. MatterGen learns the intricate patterns of stable structures identified by GNoME
and subsequently possesses the capability to intelligently generate novel material
structures tailored to specific functional requirements. This powerful interplay between
the two models is poised to dramatically accelerate computational screening and
generative design for high-performance energy materials, including critical components
for perovskite solar cells and advanced lithium-ion battery electrodes.

Strategic Significance & Outlook

The potent combination of GNoME and MatterGen is poised to revolutionize discovery
processes across a multitude of material fields, extending beyond energy materials to
encompass superconductors, catalysts, and advanced electronic materials. Future
endeavors will focus critically on the experimental validation of materials predicted by
these AI models and the optimization of their synthesis processes for practical
implementation. Should this technology be scaled for commercial application, it holds
the promise of substantially reducing the cost of clean energy technologies and
accelerating their widespread adoption. Furthermore, AI's emerging capacity to
autonomously design and simulate materials will liberate human materials scientists,
allowing them to concentrate on more complex, strategic, and fundamental research
challenges, thereby playing a vital role in further expanding humanity's technological
frontiers.



Source: https://dev.to/keithjmackay/the-clean-energy-breakthrough-thats-coming-13mf
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Fermilab Builds Large-Scale Data Infrastructure for AI-
Driven Scientific Discovery, Supporting DOE's Genesis
Mission

OVERVIEW

Fermilab provides the Fermi Data Platform, a secure and large-scale data

infrastructure, to support the U.S. Department of Energy's (DOE) Genesis Mission,

aimed at fostering AI-driven scientific discovery. This platform offers AI-enabled data

storage and access tools, enabling advanced AI research across various fields,
including materials science. It is expected to significantly accelerate the discovery

process by allowing scientists to focus on key insights.

Published June 11, 2026  Fermilab  USA



IN DEPTH

Key Findings

Fermilab (Fermi National Accelerator Laboratory) has established the 'Fermi Data
Platform,' a secure and large-scale data infrastructure designed to enable AI-driven
scientific discovery and support the ambitious 'Genesis Mission' spearheaded by the U.S.
Department of Energy (DOE). This platform aims to dramatically enhance the speed and
depth of research and development across a wide range of fields, including materials
science, through efficient management, access, and analysis of vast scientific data.

Technical / Clinical Details

The Fermi Data Platform is a comprehensive system integrating state-of-the-art data
storage technologies, high-performance networking, and AI-optimized data processing
tools. Its design philosophy centers on maximally supporting the DOE's Genesis
Mission's goal of 'AI-Driven Science.' Specifically, it features:

Large-Scale Data Storage: Securely and robustly stores petabyte, and even exabyte,
scale data generated from diverse scientific fields such as physics experiments,
materials science simulations, and biological data.

AI-Enabled Data Access and Processing: Provides optimized interfaces and tools for
data scientists and AI researchers to efficiently access large datasets and utilize them
for training and inference of machine learning models. This includes distributed file
systems, high-speed data transfer protocols, and data catalog services.

Security and Compliance: Implements stringent security protocols and data
governance to protect sensitive scientific data, ensuring compliance with federal
regulatory requirements.

Interoperability: Supports standardized data formats and APIs (Application
Programming Interfaces) to facilitate data and computational resource sharing across
different research institutions and projects.

This robust data infrastructure frees scientists from tasks like data management and
movement, allowing them to concentrate on higher-value research activities such as AI
model development, generating new scientific hypotheses, and unraveling unexplained
phenomena.



Background & Context

Modern scientific research faces an explosive increase in data volume due to the
sophistication of experimental apparatus and simulations. This 'data deluge,' while
offering new discovery opportunities, also creates challenges in managing, analyzing,
and interpreting data. Artificial intelligence is expected to be a powerful tool to address
this challenge and uncover hidden patterns and relationships from data. The DOE's
Genesis Mission aims to maximize AI's potential and accelerate scientific breakthroughs
in broad fields, including materials science, high-energy physics, and climate science.
Fermilab's efforts form the foundation for achieving this national goal.

Strategic Significance & Outlook

The Fermi Data Platform will continue to play a central role in AI-driven research within
the DOE's scientific community. Future efforts will focus on further improving scalability,
integrating with more advanced AI models, and linking with new computational
paradigms such as quantum computing. The evolution of this data infrastructure is
expected to open new avenues for materials scientists to design more complex material
systems, resolve bottlenecks in clean energy technologies, and unravel unexplored
scientific domains. This will strengthen U.S. leadership in science and technology and
accelerate the creation of innovative technologies that will shape the future of society.

Source: https://news.fnal.gov/2026/06/fermilab-storage-infrastructure-enables-ai-driven-scientific-and-
research-discovery-for-does-genesis-mission/
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Urgency for Biopolymer Data Standardization to
Enhance Machine Learning in Materials Discovery

OVERVIEW

The integration of machine learning with biopolymer datasets critically requires

robust data standardization to maximize its potential. Researchers, journals, and data

providers share a responsibility to improve transparency by promoting structured

supplemental data and metadata-rich formats that support automation,

reproducibility, and reuse. This imperative will accelerate the discovery and

development of novel biomaterials across diverse industries.
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IN DEPTH

Key Findings

A recent discussion in Biomacromolecules highlights the critical need for data
standardization to fully leverage machine learning (ML) in biopolymer science. The report
emphasizes that integrating Large Language Models (LLMs) with existing
cheminformatics and materials informatics platforms hinges on improving data quality,
reproducibility, and sharing efficiency for biopolymer datasets.

Technical Details and Challenges

The paper identifies significant hurdles in applying LLMs to materials science, primarily
due to the lack of structured and metadata-rich biopolymer data. Current datasets are
diverse and inconsistently formatted, which can severely impact the training and
predictive accuracy of ML models. Key issues include:

Data Quality and Accuracy: The reliability of ML models is directly proportional to
the quality of their input data. Inaccurate or incomplete data can lead to erroneous
predictions and inefficient material discovery.

Reproducibility and Transparency: Ensuring the reproducibility of scientific findings
necessitates clear documentation and sharability of datasets, preprocessing methods,
and associated metadata. This is crucial for collaborative research and aggregating
material databases.

Interoperability: A common standard format is essential for seamless data exchange
and integration across different research institutions and platforms. This will foster
greater collaboration and accelerate scientific progress in materials science.

While LLMs offer the potential to automate data curation and knowledge extraction,
significantly reducing researchers' workloads, this automation demands highly structured
input data to be effective.



Industry Context and Future Outlook

Driving data standardization is directly linked to accelerating R&D in biopolymer science.
Researchers, academic journals, and data publishers have a collective responsibility to
advocate for structured supplemental data and metadata-rich formats that facilitate
automated workflows, research reproducibility, and data reusability. This will enhance
overall scientific transparency and efficiency. For instance, in areas like novel material
development using biopolymers, drug delivery systems, and biocompatible materials,
accelerated AI/ML application is expected to enable the discovery and development of
innovative materials in significantly shorter timeframes. This movement is poised to
impact broad industries, including biotechnology, pharmaceuticals, and medical devices,
driving new value creation.

Source: https://pubs.acs.org/doi/10.1021/acs.biomac.6c00211
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Formal Theory for Crystal Structure Prediction
Revolutionizes Inverse Design and Material Property
Prediction

OVERVIEW

A groundbreaking formal theory for crystal structure prediction has been introduced,

detailing the inverse design of crystal structures using Constrained Crystal Deep

Convolutional Generative Adversarial Networks (CG-DCGANs) and material property

prediction via Graph Neural Networks (GNNs). This research significantly reduces
trial-and-error in new material development, enabling efficient design of crystal

structures with specific functionalities. It promises to dramatically enhance the

accuracy and speed of computational materials science.
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IN DEPTH

Key Findings

A seminal research paper has been published on a formal theory for crystal structure
prediction, referencing the inverse design of crystal structures using Constrained Crystal
Deep Convolutional Generative Adversarial Networks (CG-DCGANs) and applications to
material property prediction using Graph Neural Networks (GNNs). This theory promises
to bring unprecedented efficiency and accuracy to the design of new materials with
specific functionalities, further enhancing the role of AI in materials science, and is poised
to accelerate discovery.

Technical Details and Mechanisms

Crystal structure is a fundamental determinant of a material's physical and chemical
properties, making its prediction a central challenge in new material development.
However, the search space for possible crystal structures is vast, and high-fidelity
methods like first-principles calculations are computationally expensive. The formal
theory proposed in this paper is innovative in several aspects:

Inverse Design via Generative Models: CG-DCGANs generate new crystal structures
(inverse design) with desired properties from learned data distributions of existing
crystal structures. This opens the path from 'properties to structure,' contrasting with
the traditional 'composition to structure' approach. This enables direct design of
materials to meet specific functional requirements such as electrical conductivity,
thermal conductivity, or mechanical strength.

Property Prediction via Graph Neural Networks (GNNs): GNNs represent crystal
structures as graphs and learn/predict material properties from interatomic bonds
and geometric arrangements. This effectively captures complex material interactions,
allowing for rapid and high-accuracy property evaluation.

Integration with Mathematical Optimization: The proposed theory incorporates
Generalized Disjunctive Programming, allowing physical constraints such as crystal
space group symmetry to be directly embedded into the design process. This ensures
that the generated structures are physically stable and experimentally feasible.

These technologies bridge the gap between 'experiment' and 'theory' in computational
materials science, significantly shortening the design-to-realization cycle.



Industry Context and Future Outlook

The advancements in this formal theory and associated AI technologies hold the
potential to accelerate the discovery and development of groundbreaking new materials
in fields such as semiconductors, batteries, superconductors, and catalysts. For instance,
highly efficient solar cell materials, ultra-low-loss data transmission materials, and
innovative pharmaceutical intermediates could be designed in much shorter timeframes
than ever before. The ability to inversely design crystal structures is expected to shift the
R&D strategy from 'exploration' to 'design,' fundamentally transforming the competitive
landscape in materials innovation. This research marks a significant milestone in
demonstrating how computational materials science will advance to its next frontier
driven by AI.

Source: https://arxiv.org/html/2606.07927v1
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Machine Learning Unveils Hidden Nanophotonic
Resonances in Silicon-Gold Nanopillars, Accelerating
Complex Material Analysis

OVERVIEW

Machine learning (ML) has revealed previously undetectable hidden nanophotonic

resonances in silicon-gold nanopillars. A new ML workflow decodes low-loss EELS

data, transforming noisy nanoscale spectra into spatial maps of optical resonances.

This breakthrough dramatically accelerates the characterization of complex
nanophotonic materials and paves the way for novel optical device development.

Published June 11, 2026  npj Computational Materials  Global



IN DEPTH

Key Findings

A groundbreaking application of machine learning (ML) technology has, for the first
time, unveiled hidden nanophotonic resonances within silicon-gold nanopillars that were
previously difficult to detect. Reported in 'npj Computational Materials,' this achievement
demonstrates a new ML workflow's success in accurately analyzing low-loss Electron
Energy Loss Spectroscopy (EELS) data, converting noisy nanoscale spectra into clear
spatial maps of optical resonances.

Technical Details and Mechanisms

Nanophotonic materials are expected to find applications in next-generation devices
such as ultra-fast communication, high-efficiency sensors, and high-density data storage
by controlling light-matter interactions at the nanoscale. However, identifying and
understanding the optical properties of these materials, especially resonance modes in
complex nanostructures, has been extremely challenging with conventional experimental
methods. The ML workflow developed in this study possesses the following technical
aspects:

Advanced EELS Data Decoding: EELS is a powerful technique for measuring electron
excitations in materials under an electron microscope, but the resulting spectra are
often noisy and require expert knowledge and significant time for analysis. The ML
model demonstrates the ability to extract hidden resonance signals from this complex
spectral data with high sensitivity.

Spatial Mapping of Optical Resonances: The ML algorithm analyzes the spatial
variations in EELS data to accurately map where and what type of optical resonances
exist within the nanopillars. This allows for a visual understanding of the relationship
between nanostructure design and optical properties.

Complex Nanoscale Interactions Elucidation: The unique resonance phenomena
arising from the combination of silicon and gold, materials with different plasmonic
properties, were systematically elucidated for the first time by the ML model. This
provides new insights into the design principles of multi-component nanomaterials.

This approach is a breakthrough in revealing nanoscale optical behaviors that traditional
physical models and simulations could not capture.



Industry Context and Future Outlook

The emergence of this ML workflow marks a significant breakthrough for nanophotonics
research and industrial applications. The ability to rapidly and accurately characterize
complex nanophotonic materials will drastically shorten the R&D cycle. This will
accelerate the development of next-generation optical technologies, including smaller
and higher-performance integrated optical circuits, more sensitive biosensors, and
efficient optical energy conversion devices. Particularly in fields like optical
communications, quantum information, and medical diagnostics, innovative devices
based on new design principles are expected to be created. This research clearly
demonstrates that machine learning is a powerful tool expanding the frontiers of
fundamental scientific research and enabling discoveries previously thought impossible.

Source: https://www.azonano.com/news.aspx?newsID=41731
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Matforge Leverages AI Scientists to Break
Semiconductor Material Bottlenecks, Aided by Google
GNoME and Microsoft MatterGen for Novel Crystal
Discovery

OVERVIEW

San Francisco startup Matforge is deploying AI scientists to discover new

semiconductor materials, aiming to alleviate material bottlenecks in the $1 trillion

chip demand. This effort is bolstered by Google DeepMind's GNoME project, which

predicted 2.2 million novel crystal structures, and Microsoft's MatterGen model, which

showed significant progress in inorganic material generation. Berkeley Lab's FORUM-

AI, an open-source agent AI platform integrating computational prediction,

autonomous synthesis, and experimental validation, is also advancing, poised to

revolutionize semiconductor material development.
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IN DEPTH

Key Findings

San Francisco-based startup Matforge is addressing critical material bottlenecks in the
semiconductor industry by leveraging AI scientists. The company aims to accelerate the
supply of new materials to meet the projected $1 trillion chip demand, driven by AI-
powered material discovery. This initiative is supported by groundbreaking achievements
in AI-driven material exploration, notably Google DeepMind's GNoME project, which
predicted 2.2 million novel stable crystal structures, and Microsoft's MatterGen model,
demonstrating significant advancements in inorganic material generation.

Technical Details and Collaborative Examples

The semiconductor industry constantly requires new materials with capabilities beyond
existing ones to overcome miniaturization limits and meet new functional requirements.
Traditional material discovery has been a time-consuming and costly trial-and-error
process, but AI scientists and generative AI models are fundamentally changing this.

Matforge's AI Scientists: Matforge develops a system where AI agents learn from
material science literature, generate hypotheses, run simulations, and propose
experimental plans. This allows for rapid identification of material candidates and
synthesis pathways often overlooked by humans, efficiently discovering materials with
the potential to significantly enhance semiconductor performance.

Google DeepMind's GNoME Project: GNoME (Graph Networks for Materials
Exploration) successfully predicted 2.2 million novel stable crystal structures using
graph neural networks trained on physical laws and existing material data. This scale
far surpasses existing material databases, opening new frontiers in fundamental
materials science research, especially for applications in energy storage and
superconducting materials.

Microsoft's MatterGen Model: MatterGen is an AI model capable of generating
atomic arrangements and properties of inorganic materials based on natural
language descriptions and structural constraints. This makes conceptual design of
new materials meeting specific requirements much easier than before.



Berkeley Lab's FORUM-AI: Developed by Lawrence Berkeley National Laboratory,
FORUM-AI is an open-source agent AI platform integrating computational prediction,
autonomous synthesis, and experimental validation. This represents a crucial step
towards realizing 'self-driving labs,' where AI designs materials, robots synthesize and
characterize them, and AI learns from the results for the next cycle, dramatically
shortening the material discovery cycle time.

The combination of these technologies has the potential to shorten the material
development process from years to months.

Background, Industry Context, and Future Outlook

Global semiconductor demand is skyrocketing, projected to reach $1 trillion annually by
2026. Innovative materials are essential to meet this demand and push the boundaries of
Moore's Law. AI scientists and generative AI models are emerging as the most promising
solutions to overcome this material bottleneck. The collaboration between startups like
Matforge, tech giants like Google and Microsoft, and national laboratories will have a
profound impact not only on the semiconductor industry but on all sectors requiring
high-performance materials, including clean energy, aerospace, and healthcare. AI-driven
materials science is widely recognized as a foundational pillar for technological
innovation in the coming decades, and related R&D investments are expected to
accelerate further.

Source: https://www.founderland.ai/articles/ai-scientists-target-semiconductor-bottleneck-as-chip-
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