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This Week's Keyword

AI-Driven Discovery
Accelerating Materials & Robotics R&D

32
articles

Total Articles Analyzed

10
countries

Source Countries/Regions

50%
perf. boost

AI Chip Performance

12+
labs

Self-Driving Labs

All 32 Articles This Week ― 5-Axis Evaluation Matrix
How to read columns ― Tech Novelty: degree of breakthrough Market Proximity: closeness to commercialization Market Impact:
industry-wide effect Data Reliability: quantitative data & peer review US/EU Relevance: direct impact on US/European companies & supply
chains

# Article Title Type Tech
Novelty

Market
Proximity

Market
Impact

Data
Reliability

US/EU
Relevance Summary

#01
Unsupervised ML for
Li-

Research
●●●●

○
●●○○

○
●●●●

○
●●○○

○
●●●○

○

New unsupervised ML framework accelerates
novel lithium battery material discovery by
overcoming dimensionality reduction challenges.

#02
IBM Sub-1nm
NanoStack

Research
●●●●

●
●●○○

○
●●●●

●
●●●●

○
●●●●

●

IBM unveils sub-1nm 'NanoStack' semiconductor
technology, targeting 50% AI chip performance
boost or 70% energy reduction.

#03
AI for Sustainable
Catalyst

Research
●●●○

○
●●○○

○
●●●●

○
●●●○

○
●●●●

○

AI and ML drive breakthroughs in sustainable
catalyst design, expanding applications from CO2
conversion to polymer recycling.

#04
AI for MOMs &
Self-Driv

Research
●●●●

○
●●○○

○
●●●○

○
●●●○

○
●●●○

○

AI extends metal-organic material design to
dynamic networks, with self-driving labs
accelerating synthesis.

#05
LBNL A-Lab
Self-Driving

Research
●●●●

○
●●●○

○
●●●●

○
●●○○

○
●●●●

●

Lawrence Berkeley Lab's A-Lab, an AI-driven
self-driving lab, accelerates materials discovery
by autonomously learning from experiments.

#06
Chalmers ML
Potentials

Research
●●●○

○
●●○○

○
●●●○

○
●●○○

○
●●●●

●

Chalmers University highlights automated
training of ML interatomic potentials for
computational chemistry and materials research.

#07
NNIP Uncertainty
Quant.

Research
●●●○

○
●●○○

○
●●●○

○
●●●●

●
●●●●

○

Ensemble uncertainty quantification for neural
network interatomic potentials enhances
computational materials science reliability.

#08
Awesome AI for
Science

Resource
●●●○

○
●●●●

○
●●●●

○
●●●○

○
●●●●

●

Google DeepMind and Meta lead a curated GitHub
list of AI tools and datasets to accelerate scientific
discovery.

#09 Tohoku DigCat 4.0 Research
●●●●

○
●●●○

○
●●●●

○
●●●●

○
●●●○

○

Tohoku University unveils 'DigCat 4.0,' an
AI-powered digital catalysis platform to
accelerate catalyst discovery.

#10 Edinburgh SSNGNN Research
●●●●

○
●●○○

○
●●●○

○
●●●●

●
●●●●

●

Edinburgh University develops Solid Solution
Nested Graph Neural Network (SSNGNN) to
improve property prediction for complex solid
solutions.

#11
NUS AI for Energy
Mat.

Event
●●○○

○
●○○○

○
●●○○

○
●●●○

○
●●○○

○

National University of Singapore to host AI for
Energy Materials workshop, accelerating
discovery in Asia.
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#12 Notre Dame GDTs Research
●●●●

○
●●○○

○
●●●○

○
●●●●

●
●●●●

●

Notre Dame advances molecular discovery for gas
separation polymer membranes using
data-centric ML and Graph Diffusion
Transformers.

#13
Tokyo Tech
Interpretabl

Research
●●●●

○
●●○○

○
●●●○

○
●●●●

○
●●●○

○

Tokyo Tech develops interpretable AI to elucidate
material property prediction mechanisms,
enabling efficient material design.

#14
MIT LLM
Hallucination

Research
●●●●

○
●●○○

○
●●●●

○
●●●○

○
●●●●

●

MIT consortium tackles LLM hallucination in
materials science to accelerate battery and
semiconductor development.

#15
US DOE Autonomous
Labs

Corporat
e

Strategy

●●●●
○

●●●○
○

●●●●
●

●●●○
○

●●●●
●

US DOE promotes AI-driven autonomous labs to
accelerate scientific discovery in energy and
biotechnology.

#16
Latent Genetic
Algorithm

Research
●●●●

●
●○○○

○
●●●●

○
●●●●

●
●●●●

○

Novel Latent Genetic Algorithm (LGA) for crystal
structure prediction dramatically improves
efficiency by overcoming energy landscape
challenges.

#17
Foundation Models &
BO

Research
●●●●

○
●●○○

○
●●●●

○
●●●●

●
●●●●

○

New Bayesian materials design workflow
integrates foundation models and
surrogate-gated generation to reduce
computational cost.

#18
US DOE AI
Ecosystem

Corporat
e

Strategy

●●●●
○

●●●○
○

●●●●
●

●●●○
○

●●●●
●

US DOE advances AI innovation ecosystem,
strengthening research with autonomous labs at
its core.

#19
LLM Autonomous
Research

Research
●●●●

●
●○○○

○
●●●●

○
●●●●

●
●●●●

○

Autonomous LLM research loop optimizes crystal
graph networks for improved bandgap prediction
accuracy in new materials design.

#20
XAI for
Electrocatalysis

Review
●●●○

○
●●○○

○
●●●○

○
●●●●

●
●●●●

○

Review on explainable AI (XAI) for
electrocatalysis and photocatalysis design
improves transparency and efficiency.

#21
Citrine AI for
Chemicals

New
Product

●●●○
○

●●●●
○

●●●●
○

●●●○
○

●●●●
●

Citrine Informatics' AI enhances resilience in
specialty chemical manufacturing, reducing
supply chain risks.

#22 2D Materials DCF Research
●●●○

○
●●○○

○
●●●○

○
●●●●

●
●●●●

○

Comparative study on 2D material structural
representations finds Dynamic Collision
Fingerprint (DCF) promising for interpretability.

#23 Biomaterial Scaffolds Research
●●●○

○
●●○○

○
●●○○

○
●●●●

●
●●○○

○

Data-driven discovery of calcium-phosphate
biomaterial scaffolds using materials informatics
and ML clustering for efficiency.

#24
MARVEL Project 12th
Ann

Research
●●●○

○
●●●○

○
●●●●

○
●●●○

○
●●●●

●

MARVEL project celebrates 12 years of
transforming materials discovery through
quantum mechanics and AI, rebuilding
computational science.

#25
Labimus Robot
Benchmark

Research
●●●●

○
●●○○

○
●●●○

○
●●●●

●
●●●●

○

First benchmark 'Labimus' for humanoid robots in
chemical labs emerges, bridging automated
experimentation and dexterous manipulation.

#26 Berkeley Lab EcoBOT Research
●●●●

○
●●●○

○
●●●●

○
●●●●

○
●●●●

●

Berkeley Lab develops 'EcoBOT,' an autonomous
lab to enhance reproducibility in plant-microbe
research and accelerate bioenergy discovery.

#27
Ca6FeNi
High-Pressure

Research
●●●●

●
●○○○

○
●●●●

○
●●●●

●
●●●●

○

Novel high-pressure phase Ca6FeNi discovered in
Ca-Fe-Ni ternary system, with foundation models
revolutionizing crystal structure prediction.

#28
ORNL AI &
Operations

Corporat
e

Strategy

●●●●
○

●●●○
○

●●●●
●

●●●○
○

●●●●
●

Oak Ridge National Lab advances autonomous
science by integrating AI with operations
workforce, operating over 12 self-driving labs.
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#29 Bosch AI & Fetch.ai
Corporat

e
Strategy

●●●○
○

●●●○
○

●●●●
○

●●●○
○

●●●●
●

Bosch strengthens AI initiatives, partnering with
Fetch.ai to build a decentralized Web3/AI
ecosystem for advanced tech development.

#30 MatSciFig Dataset Research
●●●●

○
●●○○

○
●●●○

○
●●●●

●
●●●●

○

Large-scale multimodal dataset 'MatSciFig'
released, unlocking materials science visual
records for data-driven discovery.

#31 ASPIRE Robotics Research
●●●●

●
●●○○

○
●●●●

○
●●●●

●
●●●●

○

ASPIRE, an autonomous skill discovery system for
robotics, emerges, streamlining real robot
programming with Sim-to-Real transfer.

#32
Saama Life Sciences
AI

Corporat
e

Strategy

●●●○
○

●●●●
○

●●●●
○

●●●○
○

●●●●
●

Saama wins 'AI Breakthrough Award' for its
AI-driven platform accelerating life sciences
development and clinical trials.

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

❶ Is your semiconductor roadmap obsolete?
IBM's sub-1nm NanoStack (#02) promises 50% performance boost or 70% energy reduction for AI chips. This
3D integration could redefine chip scaling. Are your R&D; teams evaluating sequential 3D integration or risking
a multi-year competitive gap?

❷ How will autonomous labs impact your R&D; budget?
The US DOE, LBNL, and ORNL are heavily investing in AI-driven autonomous labs (#15, #05, #28), aiming to
accelerate discovery by orders of magnitude. Can your current R&D; infrastructure compete with self-driving
systems that learn 24/7 and adapt experiments autonomously?

❸ Are your AI models trustworthy for critical materials?
LLM 'hallucinations' are a known risk (#14), and interpretability is crucial for materials design (#13, #20). How
are your teams ensuring the reliability and physical interpretability of AI predictions for high-stakes applications
like battery or catalyst development?

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 →

IBMChip

AutoLab

MLMat

TrustAI

SCM AIRoboLab

Catalyst

Biomat

Item Quadrant ↑ Opportunity ↓ Threat

● IBMChip Critical New AI chip designs Competitor lead

● AutoLab Critical Faster R&D; cycles Lagging adoption

● MLMat Opp. Efficient material design Missed innovation

● TrustAI Opp. Trustworthy AI tools AI misinformation

● SCM AI Critical Supply chain resilience Supply chain exposure

● RoboLab Opp. Lab automation Manual process lag

● Catalyst Opp. Green tech edge Inefficient R&D;
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● Biomat Ref. Niche bio-discovery Limited market
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Deep Dive ① ― IBM's Sub-1nm NanoStack for AI Chips
#02 | 2026/06/25 | Data Center Knowledge | Tech Novelty●●●●● Proximity●●○○○ Market Impact●●●●● Data
Reliability●●●●○ US/EU Relevance●●●●●

IBM has unveiled 'NanoStack,' a sub-1nm semiconductor technology employing sequential 3D integration to
vertically stack transistors. This innovation is projected to deliver up to 50% higher performance or 70%
lower energy consumption compared to previous 2nm technologies, specifically targeting AI workloads.

This research device addresses Moore's Law limits by increasing transistor density and enabling diverse
material combinations within stacked layers. It's a foundational technology for next-gen AI processors,
intensifying competition among leading chip manufacturers like NVIDIA, Intel, and TSMC.

▶ Strategic Analyst's Perspective

Strategic Analyst's Perspective: IBM's NanoStack is a genuine breakthrough, pushing beyond
current scaling limits. While still a research device (Proximity 2), the stated performance gains
(50% perf, 70% energy reduction) are highly realistic given the shift to 3D integration.
Technical barriers include manufacturing yield, thermal management, and integration with
existing fab processes. [Opportunity] for US/EU OEMs to gain a significant competitive edge in
AI hardware. [Threat] for those reliant on traditional scaling or slower to adopt 3D integration,
risking obsolescence. Next actions: [R&D;] Initiate feasibility studies on sequential 3D
integration by Q4 2026. [Strategy] Assess competitive landscape and potential partnerships
with IBM or other 3D integration leaders by Q1 2027.

Deep Dive ② ― US DOE Accelerates Autonomous Labs
#15 | 2026/06/26 | Department of Energy | Tech Novelty●●●●○ Proximity●●●○○ Market Impact●●●●● Data
Reliability●●●○○ US/EU Relevance●●●●●

The U.S. Department of Energy (DOE) is prioritizing AI-driven autonomous laboratories to accelerate
scientific discovery in energy, computing, and biotechnology. Examples include LBNL's A-Lab for materials
and PNNL's BacterAI for optimizing microbes in bioproduction.

These initiatives aim to dramatically enhance research efficiency by creating closed-loop systems for
autonomous prediction, synthesis, and testing. This approach is critical for national economic
competitiveness and security, addressing challenges in energy materials and drug development.

▶ Strategic Analyst's Perspective

Strategic Analyst's Perspective: The DOE's aggressive push for autonomous labs is a clear
signal of strategic intent. The published examples like A-Lab and BacterAI are credible
demonstrations of early-stage success, but scaling these to industrial relevance will require
significant investment and standardization. Technical barriers include robust robotic
manipulation, real-time data integration across diverse instruments, and advanced AI for
complex decision-making. [Opportunity] for US/EU companies to partner with national labs,
develop specialized AI/robotics for specific material/bio applications, and gain early access to
transformative R&D.; [Threat] for companies maintaining traditional, slow R&D; cycles, risking
being outpaced by competitors leveraging these autonomous platforms. Next actions:
[Executive] Formulate a corporate strategy for autonomous R&D; adoption by Q4 2026.
[R&D;] Pilot an autonomous experimental workflow in a key area by Q2 2027.
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Deep Dive ③ ― ASPIRE: Autonomous Robot Skill Discovery
#31 | 2026/07/02 | Hugging Face (arXiv paper page) | Tech Novelty●●●●● Proximity●●○○○ Market
Impact●●●●○ Data Reliability●●●●● US/EU Relevance●●●●○

ASPIRE (Agentic Skill Programming through Iterative Robot Exploration) is a continuous learning system that
autonomously develops and refines robot control programs for dexterous manipulation and household tasks.
It features a closed-loop execution engine for fault diagnosis and an expanding skill library.

The system demonstrates superior Sim-to-Real transfer and zero-shot generalization, significantly reducing
real-world robot programming effort. This breakthrough is crucial for advancing service and industrial
robotics, enabling robots to learn and adapt to diverse, uncertain environments.

▶ Strategic Analyst's Perspective

Strategic Analyst's Perspective: ASPIRE represents a significant leap in robotic autonomy,
particularly its ability to learn from failures and generalize skills. The claims of Sim-to-Real
transfer and zero-shot generalization are ambitious but plausible given the rapid advancements
in reinforcement learning and foundation models for robotics. Technical barriers include the
computational cost of training, safety in real-world deployment, and the complexity of truly
open-ended learning. [Opportunity] for US/EU robotics manufacturers and automation
integrators to develop more versatile and easily programmable robots for manufacturing,
logistics, and service industries. [Threat] for companies relying on traditional, labor-intensive
robot programming, facing higher operational costs and slower deployment. Next actions:
[R&D;] Investigate ASPIRE's underlying algorithms for integration into internal robotics
platforms by Q1 2027. [Business Dev] Explore partnerships with robotics AI research groups by
Q2 2027.

Other Notable Articles
Google DeepMind & Meta: Awesome AI for Science (GitHub)
Tech Novelty●●●○○ Proximity●●●●○ Market Impact●●●●○ US/EU Relevance●●●●●

A critical resource for researchers, democratizing access to cutting-edge AI tools and datasets for scientific
discovery.

LLM Autonomous Research Loop for Bandgap (arXiv)
Tech Novelty●●●●● Proximity●○○○○ Market Impact●●●●○ US/EU Relevance●●●●○

An autonomous LLM research loop optimizes crystal graph networks, improving bandgap prediction crucial
for semiconductor design.

Bosch AI & Fetch.ai Web3 Ecosystem (Bosch)
Tech Novelty●●●○○ Proximity●●●○○ Market Impact●●●●○ US/EU Relevance●●●●●

Bosch's partnership to build a decentralized Web3/AI ecosystem could redefine industrial AI applications and
data exchange.

MARVEL Project 12th Anniversary (EurekAlert!)
Tech Novelty●●●○○ Proximity●●●○○ Market Impact●●●●○ US/EU Relevance●●●●●

Celebrating 12 years, MARVEL has built a robust foundation for AI-driven materials research, integrating QM,
HPC, and ML.

Saama Life Sciences AI (Saama (AI Breakthrough Awards))
Tech Novelty●●●○○ Proximity●●●●○ Market Impact●●●●○ US/EU Relevance●●●●●
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Saama's AI-driven platform and Agentic AI Framework are accelerating clinical development and
commercialization in life sciences.
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Recommended Actions This Week

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

▍Immediate (this week)
• [Executive] Review IBM's NanoStack announcement and convene a cross-functional team (R&D;,
Strategy, Procurement) to assess competitive implications for semiconductor roadmaps.

• [R&D;] Task materials science and AI teams to evaluate the 'awesome-ai-for-science' GitHub
repository (#08) for immediately applicable tools and datasets.

• [Procurement] Initiate a review of current specialty chemical suppliers and identify critical components
that could benefit from AI-driven supply chain resilience tools (#21).

▍Short-term (1 month)
• [R&D;] Develop a pilot project plan for integrating interpretable AI (XAI) into a materials property
prediction workflow, focusing on high-value applications like catalysts or battery materials (#13, #20).

• [Strategy] Begin benchmarking internal R&D; cycle times against the projected acceleration from
AI-driven autonomous labs, as highlighted by US DOE initiatives (#15, #18).

• [Legal/IP] Conduct an IP landscape analysis around advanced ML for materials discovery (e.g., Latent
Genetic Algorithms, Foundation Models) to identify potential licensing opportunities or threats (#16,
#17, #19).

▍Medium-long term (quarter+)
• [R&D;] Establish a dedicated 'Autonomous Lab' task force to explore the feasibility and ROI of
deploying self-driving lab systems, drawing insights from LBNL's A-Lab and ORNL's initiatives (#05,
#28).

• [Business Dev] Investigate strategic partnerships or acquisitions in robotics AI, particularly companies
developing systems for dexterous manipulation and continuous learning like ASPIRE (#31).

• [Strategy] Develop a long-term talent strategy to recruit and train materials scientists, chemists, and
engineers proficient in AI/ML and robotics for future R&D; operations.
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#01 Unsupervised ML Accelerates Novel Lithium
Battery Material Discovery by Overcoming
Dimensionality Reduction Challenges

OVERVIEW

A groundbreaking statistical framework leverages unsupervised machine learning

(ML) to significantly accelerate the discovery of novel lithium-based battery materials.

This approach uniquely mitigates information loss during dimensionality reduction by

dynamically determining optimal embedding dimensions for high-dimensional
inorganic material data. By directly featurizing crystallographic information files into

numerical descriptors, the method promises a dramatic leap in the efficiency and

accuracy of exploring new material candidates, potentially revolutionizing battery

development.

Published Published June 25, 2026  未公表研究  Unknown



IN DEPTH

Background

Lithium-ion batteries are indispensable for electric vehicles and grid-scale renewable
energy storage, yet their continued performance and cost enhancements hinge on the
discovery of novel materials. Conventional materials science relies on arduous, costly,
and often trial-and-error experimental methods. Materials informatics, particularly the
integration of machine learning (ML), has emerged as a critical pathway to overcome
these bottlenecks. This research is particularly notable for its utilization of unsupervised
learning, which enables the exploration of genuinely innovative material spaces, free
from the constraints of human intuition or existing knowledge, thereby forging a new
frontier for AI applications in battery material science.

Key Findings

This groundbreaking research introduces an unsupervised machine learning (ML)
framework that dramatically accelerates the discovery of novel lithium-based battery
materials. A key innovation is its ability to directly convert crystallographic information
files (CIFs) into numerical descriptors suitable for ML models. Unlike conventional
methods that rely on predetermined, fixed low-dimensional embeddings, this framework
intelligently ascertains the optimal intrinsic embedding dimensionality of the high-
dimensional material data. This dynamic approach critically minimizes information loss,
allowing the model to accurately capture intricate material properties and explore
entirely new material candidates, rather than being confined to known chemistries or
existing database entries.



By effectively circumventing the inherent data loss associated with dimensionality
reduction, this robust statistical methodology offers a significant leap in the efficiency
and precision of material exploration. The framework's adaptability extends beyond
lithium batteries, showing promise for a broad spectrum of inorganic materials, including
functional materials, alloys, and catalysts. Looking ahead, this technology is poised for
integration with autonomous experimental systems – 'self-driving laboratories' – to
establish closed-loop material design, synthesis, and characterization platforms. Such
advancements are anticipated to drastically shorten R&D cycles, driving transformative
innovations across vital sectors like energy storage, electronics, and aerospace.

Source: #
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#02 IBM Unveils Sub-1nm 'NanoStack' Semiconductor
Technology, Targeting 50% AI Chip Performance Boost
or 70% Energy Reduction

OVERVIEW

IBM has announced a sub-1-nanometer 'NanoStack' semiconductor technology,

designed to extend chip scaling for AI workloads. This research device employs

sequential 3D integration to vertically stack transistor structures, enabling increased

transistor density and diverse material combinations. This innovation is projected to
deliver up to 50% higher performance or 70% lower energy consumption compared

to previous 2nm technologies.
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Key Findings

IBM has introduced a sub-1-nanometer "NanoStack" semiconductor technology,
promising a significant leap in performance for AI workloads. This innovative architecture
aims to achieve up to a 50% performance increase or a remarkable 70% reduction in
energy consumption compared to its predecessor, the 2nm technology.

Technical Details

The NanoStack technology utilizes sequential 3D integration to vertically stack transistor
structures. This method dramatically increases transistor density per unit area, allowing
for more complex and compact circuitry within the chip. Furthermore, it provides the
flexibility to combine different materials within individual stacked layers, enabling novel
functionalities and optimizations that were previously challenging with traditional planar
designs. This 3D stacking approach is critical for addressing the immense computational
demands and memory bandwidth bottlenecks of advanced AI models, serving as a
foundational technology for next-generation AI processors.

Background and Industry Context

The semiconductor industry is approaching the physical limits of Moore's Law, making it
increasingly difficult to achieve performance gains solely through transistor
miniaturization. The rapid advancement of AI specifically demands ever-increasing
computational resources and chips with higher performance and lower power
consumption. IBM's NanoStack tackles this challenge through a 3D integration approach,
diverging from the conventional miniaturization path. Leading chip manufacturers like
NVIDIA, Intel, and TSMC are also actively pursuing various forms of 3D integration,
indicating that this technology will intensify competition across the semiconductor
industry for AI-optimized chips.



Strategic Significance and Outlook

While still a research-phase device, the NanoStack technology holds immense potential
to revolutionize AI accelerators, High-Performance Computing (HPC), and data center
infrastructure. Its practical implementation could enable real-time processing of more
complex AI models, extend battery life for edge AI devices, and reduce operational costs
for data centers, thereby expanding the applicability of AI across numerous sectors. IBM
aims to leverage this technology to maintain its leadership in future computing
capabilities.

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

with-nanostack
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#03 AI and Machine Learning Drive Breakthroughs in
Sustainable Catalyst Design, Expanding Applications
from CO2 Conversion to Polymer Recycling

OVERVIEW

The integration of Artificial Intelligence (AI) and Machine Learning (ML) is

fundamentally transforming catalyst design and sustainable chemical process

development. These technologies accelerate new catalyst discovery through

predictive modeling, high-throughput screening, and mechanistic insights. Significant
applications are emerging across CO2 conversion, methane reforming, hydrogen

production, polymer recycling, and photocatalysis, with platforms like PHOTOREAC

and QMOF bridging the gap from experimentation to practical deployment. This

advancement promises to dramatically enhance efficiency and sustainability within

the chemical industry.
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Key Findings

This research highlights the transformative impact of Artificial Intelligence (AI) and
Machine Learning (ML) integration on catalyst design and sustainable chemical
processes. These technologies are dramatically accelerating the discovery and
optimization of novel catalysts across diverse fields, including CO2 conversion, methane
reforming, hydrogen production, polymer recycling, and photocatalysis.

Technical / Clinical Details

AI and ML frameworks offer sophisticated predictive modeling, high-throughput
screening capabilities, and atomic-level mechanistic insights that significantly
outperform traditional trial-and-error approaches. By leveraging vast datasets from DFT
calculations, experimental results, and scientific literature, models are built to predict
catalyst activity, selectivity, and stability with high accuracy. This enables the efficient
identification of promising candidates from thousands to millions of potential materials,
a scale previously unattainable.

Predictive Modeling and High-Throughput Screening: AI models accurately
forecast catalyst performance under specific reaction conditions, substantially
reducing experimental costs and time. This facilitates material exploration at
unprecedented speeds.

Mechanistic Insights: ML models elucidate detailed, atomic-scale mechanisms of
catalytic reactions, providing new guidelines for more rational catalyst design. This is
critical for optimizing active sites and reaction pathways.

Key Application Areas:

CO2 Conversion: Designing highly efficient catalysts to transform atmospheric
CO2 into valuable chemicals and fuels.

Methane Reforming and Hydrogen Production: Enhancing the efficiency of
hydrogen generation as a clean energy source.

Polymer Recycling: Developing catalysts that enable the upcycling of waste
plastics.

Photocatalysis: Applications in environmental technologies such as solar-driven
water splitting and pollutant degradation.



Platform Utilization: Data-driven platforms like PHOTOREAC, QMOF, and
PhotoCatDB provide training data for AI/ML models and link experimental outcomes
with computational predictions, accelerating the transition from research to
application. These platforms also foster data sharing and collaboration among
researchers, addressing fragmentation in materials discovery.

Background & Context

The chemical industry, particularly catalyst development, faces pressing demands for
reduced environmental impact and increased resource efficiency. Traditional catalyst
development is a time-consuming and costly process, making new breakthroughs
challenging. The introduction of AI and ML offers a powerful solution to these
challenges, enabling more sustainable and economical chemical processes. These
technologies are poised to play an indispensable role in advancing green chemistry and
transitioning towards a circular economy.

Strategic Significance & Outlook

With AI and ML becoming standard tools in catalyst design, the coming years are
expected to see a surge in innovative catalyst discoveries. Integration with autonomous
laboratory systems will further shorten materials discovery cycles, leading to the
development of new chemical reactions and materials at unparalleled speeds. This will
have profound implications across a wide range of industrial sectors, including energy
storage, environmental remediation, and pharmaceutical manufacturing.

Source: https://www.mdpi.com/2227-9717/14/12/1866
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#04 AI活用で金属有機材料設計を動的ネットワークへ拡
張、自己駆動型ラボが合成加速

OVERVIEW

This paper proposes extending AI-driven design of metal-organic materials (MOMs)

beyond traditional crystalline MOFs to dynamic coordination networks, such as metal-

polyphenol networks (MPNs). It integrates process-aware, interface-sensitive, and

function-oriented AI strategies with machine learning, multimodal characterization,

active learning, and closed-loop experimentation to optimize these dynamic

networks. This approach dramatically accelerates material synthesis and screening,

demonstrating AI's potential to revolutionize complex material system design and

pave the way for next-generation materials development.

Published Published June 30, 2026  MDPI  International



IN DEPTH

Background

MOMs, including MOFs and MPNs, are highly versatile materials with applications
spanning gas storage and separation, catalysis, sensing, and drug delivery. However,
their vast compositional and structural diversity presents a significant challenge for
traditional discovery methods. The integration of AI into materials design addresses this
bottleneck by enabling a more systematic and efficient exploration of the design space,
moving beyond serendipitous discoveries.

Key Findings

This prospective paper proposes extending the design of metal–organic materials
(MOMs) using AI from crystalline metal–organic frameworks (MOFs) to dynamic
coordination networks, such as metal–polyphenol networks (MPNs). This shift
emphasizes the need for process-aware, interface-sensitive, and function-oriented AI
approaches to optimize dynamic networks by integrating machine learning, multimodal
characterization, active learning, and closed-loop experimentation.

Technical Details

The proposed AI-driven design framework for MOMs aims to leverage advanced
computational techniques to navigate the vast design space of these materials. The core
technical approach involves three synergistic AI strategies:

Process-aware AI: This component focuses on understanding how synthesis
conditions and pathways influence the final material properties, allowing for more
precise control over the fabrication process.

Interface-sensitive AI: Designed to analyze and predict the interactions between the
material and its environment, crucial for applications involving sensing, catalysis, or
separation.

Function-oriented AI: This directs the design process towards achieving specific
performance targets by identifying structural motifs and compositions that yield
desired functionalities.

The methodology integrates several advanced computational tools:



Machine Learning (ML): Utilized to identify complex relationships between material
composition, structure, and properties from vast datasets of experimental and
computational results.

Multimodal Characterization: Combines data from various experimental techniques
(e.g., optical, electrical, mechanical, chemical analyses) to provide a comprehensive
understanding of material behavior, enhancing the accuracy and reliability of AI
models.

Active Learning: An iterative process where the AI model intelligently suggests the
next most informative experiment to perform, reducing the number of trials and
errors.

Closed-Loop Experimentation: Automates the entire discovery cycle, from
prediction and synthesis to characterization and data analysis, with the AI
continuously learning and refining its predictions.

The paper also highlights the potential of self-driving labs to accelerate the synthesis
and screening of both MOFs and MPNs. These autonomous laboratories can perform
experiments, collect data, and adapt synthesis recipes in real-time, drastically speeding
up the discovery process from months or years to days or weeks.

Strategic Significance & Outlook

This AI-guided expansion of MOM design holds immense strategic significance for the
future of materials science. By enabling the discovery of new dynamic networks with
tailored properties, it can unlock advancements in areas such as high-efficiency catalysts,
selective gas adsorbents, and responsive biomaterials. The development of self-driving
labs, coupled with these advanced AI algorithms, promises a future where novel
materials can be discovered and optimized at an unprecedented pace, driving innovation
across energy, environmental, and biomedical sectors globally. This shift represents a
fundamental transformation in how materials research is conducted, emphasizing
intelligent automation and data-driven insights.

Source: https://www.mdpi.com/3042-6723/1/3/10
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#05 AI駆動型自己駆動型ラボ、ローレンス・バークレー研
究所のA-Labが材料発見を加速

OVERVIEW

Self-driving labs are fundamentally transforming materials science by autonomously

executing experiments and learning from both successes and failures. Lawrence

Berkeley National Laboratory's A-Lab exemplifies this with a closed-loop system that

automatically corrects synthesis failures and optimizes recipes. Integrating machine

learning and robotics, this technology promises to dramatically accelerate inorganic

materials discovery, with initiatives like the University of Toronto's Acceleration

Consortium building broader networks across scientific disciplines.
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Background

Traditional materials discovery is often a laborious, time-consuming, and resource-
intensive process, heavily reliant on expert intuition and manual experimentation. This
bottleneck limits the pace of innovation in critical sectors. Self-driving labs address these
challenges by automating repetitive tasks, leveraging AI to glean insights from data, and
enabling a more systematic exploration of materials with reduced human bias. This
paradigm shift is crucial for accelerating the development of advanced materials for
energy, electronics, healthcare, and environmental applications.

Key Findings

Self-driving labs are revolutionizing scientific discovery by autonomously executing
experiments and learning continuously from both successful and unsuccessful outcomes.
Lawrence Berkeley National Laboratory's A-Lab stands out as a prime example,
demonstrating a closed-loop system capable of adapting synthesis recipes in response
to experimental failures, significantly accelerating inorganic materials discovery.

Technical Details

The concept of a self-driving lab integrates advanced AI, robotics, and computational
tools to create an autonomous research platform. Key technical aspects include:

Automated Experimentation: Robotic systems perform synthesis, characterization,
and testing protocols without direct human intervention. This allows for continuous
operation, 24/7, dramatically increasing experimental throughput and reproducibility.

Machine Learning for Optimization: AI models continuously analyze real-time
experimental data, including both expected results and unforeseen failures. This
enables the AI to learn from each iteration, refine hypotheses, and suggest optimized
experimental parameters or synthesis recipes. A-Lab specifically highlights its ability
to identify and respond to synthesis failures, intelligently adjusting conditions to
achieve desired material properties.

Closed-Loop Discovery: The entire scientific workflow, from hypothesis generation
and experimental design to execution, data analysis, and subsequent decision-
making, is automated and interconnected. This iterative feedback loop accelerates the
discovery cycle, enabling rapid exploration of vast materials spaces.



A-Lab at Lawrence Berkeley National Laboratory is a pioneering example in inorganic
materials discovery, demonstrating how a system can autonomously respond to
synthesis challenges. Beyond individual labs, initiatives like the Acceleration Consortium
at the University of Toronto are building ecosystems of self-driving labs that integrate
robotics, AI, and diverse scientific disciplines, fostering interdisciplinary breakthroughs.

Strategic Significance & Outlook

The advancement of self-driving labs represents a profound shift in scientific
methodology, akin to the impact of high-throughput screening in drug discovery. By
minimizing human intervention in routine experimental work, researchers can reallocate
their intellectual capital to higher-level problem-solving and conceptual innovation. The
ability to autonomously learn from failures and adapt experimental strategies will lead to
faster discovery of novel materials with enhanced properties. This technology is poised
to drive significant economic and societal impact by accelerating R&D in numerous
industries and enabling the creation of sustainable, high-performance materials for
future challenges.

Source: https://thesequence.substack.com/p/the-sequence-opinion-884-self-driving
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#06 チャルマース工科大学、計算化学・材料研究で機械学
習原子間ポテンシャルの自動訓練を強調

OVERVIEW

A recent AI4Science seminar at Chalmers University of Technology underscored the

transformative impact of machine learning (ML) on computational chemistry and

materials research. The event highlighted the crucial role of automated training

pipelines for ML interatomic potentials and the development of extensive, high-

quality materials databases. This approach promises a paradigm shift, enabling high-
precision, efficient simulations that drastically reduce the computational cost of

quantum chemical calculations while maintaining accuracy.
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Background

Traditional computational materials science relies heavily on quantum mechanical
calculations, which, despite their high accuracy, are computationally expensive and limit
the study of large-scale or long-duration phenomena. ML interatomic potentials offer a
compelling solution by providing near-first-principles accuracy at a fraction of the
computational cost. This enables researchers to explore complex material behaviors,
analyze defects, and predict material durability across various applications, from energy
storage to catalysis and semiconductors.

Key Findings

The AI4Science Seminar at Chalmers University of Technology highlighted the
transformative role of machine learning (ML) in computational chemistry and materials
research, specifically emphasizing molecular characterization and ML interatomic
potentials. The discussions underscored the critical need for automated training
pipelines for ML interatomic potentials and the creation of large, high-quality materials
databases, positioning them as foundational elements for next-generation materials
science.

The seminar further elaborated on significant advancements and future directions in
applying ML to fundamental scientific problems. A core theme was the development and
application of ML interatomic potentials, designed to mimic the accuracy of quantum
chemical calculations (first-principles methods) with significantly reduced computational
cost, thus allowing for the simulation of larger systems and longer timescales than
previously possible.

Automated Training Pipelines (e.g., autoplex): Speakers emphasized the
development of automated pipelines for training ML interatomic potentials. These
systems can autonomously generate and refine potentials from first-principles data,
dramatically reducing the manual effort and expertise required. This automation
accelerates the iteration cycle of potential development, leading to more robust and
accurate models.



Large-Scale, High-Quality Material Databases: The performance of ML models is
intrinsically linked to the quality and quantity of their training data. The seminar
highlighted the importance of curating and expanding large, high-quality materials
databases, potentially augmented by generative models. These databases serve as
the bedrock for training advanced ML models, ensuring their reliability and
generalizability across diverse material systems.

Enhanced Molecular Characterization: ML models are increasingly being used for
rapid and accurate prediction of molecular properties, including electronic structure,
thermodynamic behavior, and reaction pathways. This capability significantly
streamlines the screening process for novel materials and drug candidates.

The event convened experts from quantum chemistry, machine learning, and condensed
matter physics, fostering interdisciplinary discussions on how these cutting-edge
technologies can collectively accelerate scientific discovery.

The push for automated training of ML interatomic potentials and the expansion of high-
quality materials databases are set to redefine the landscape of computational materials
science. This will empower researchers to simulate and predict the behavior of complex
material systems at unprecedented scales. In the near future, ML-driven simulations are
expected to become a primary engine for new material discovery, playing a crucial role
in accelerating product development cycles across industries such as energy storage,
catalysis, semiconductor manufacturing, and biomaterials. This strategic integration of AI
holds the potential to unlock breakthroughs that were previously computationally
intractable.

Source: https://psolsson.github.io/AI4ScienceSeminar
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#07 ニューラルネットワーク原子間ポテンシャルにアンサ
ンブル不確実性定量化を適用し、計算材料科学を強化

OVERVIEW

A recent comparative study rigorously evaluates ensemble-based uncertainty

quantification (UQ) methods for Neural Network Interatomic Potentials (NNIPs),

aiming to develop robust machine learning interatomic potentials (MLIPs) as

alternatives to computationally expensive first-principles calculations. Focusing on a

carbon dataset, the research demonstrates NNIPs' potential for high reliability in both

in-distribution and out-of-distribution scenarios, significantly enhancing

computational materials science's accuracy and efficiency. This advancement

promises to accelerate the design and discovery of novel materials.
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Background

Accurate atomic-level simulations are fundamental to designing and discovering new
materials. However, high-fidelity first-principles calculations, such as Density Functional
Theory (DFT), are often computationally prohibitive for large systems or extended
simulation times. Machine Learning Interatomic Potentials (MLIPs) offer a compelling
alternative, providing near-DFT accuracy at a significantly reduced computational cost.
Crucially, integrating Uncertainty Quantification (UQ) into MLIPs is essential; it provides a
vital measure of confidence in predictions, enabling researchers to avoid expensive
experimental validations or further first-principles calculations for potentially unreliable
machine learning outputs. This integration is key to accelerating the iterative design-
and-test cycles in materials science.

Key Findings

A recent preprint on arXiv presents a comprehensive comparative study of ensemble-
based uncertainty quantification methods specifically for Neural Network Interatomic
Potentials (NNIPs), rigorously evaluating their performance. This research is driven by the
goal of developing robust MLIPs that can serve as powerful and cost-effective
alternatives to traditional first-principles methods, thereby enhancing the accuracy and
efficiency of computational materials science.

The study delves into various ensemble-based UQ techniques applied to NNIPs,
highlighting UQ's critical role in assessing the reliability of MLIP predictions, especially
when extrapolating to novel or unknown atomic configurations and conditions. A carbon
dataset, chosen for its diverse bonding and structural complexities, served as the rich
testbed for evaluating these methods. Key aspects investigated include:

Ensemble Methods: The fundamental principle involves training multiple NNIP
models and leveraging the variance among their predictions to quantify uncertainty.
Techniques like Bootstrap Aggregating (Bagging) or Monte Carlo Dropout were
employed to generate the necessary ensemble of models.



In-distribution vs. Out-of-distribution Scenarios: The evaluation meticulously
covered both scenarios where input data aligns with the training data's distribution
(in-distribution) and, more critically for materials discovery, where it lies outside (out-
of-distribution). Reliable UQ in out-of-distribution contexts is paramount, as it signals
when a model's predictions might be less dependable, thus necessitating further first-
principles calculations or experimental verification.

Carbon Dataset Focus: The intricate bonding environments and wide array of stable
and metastable phases inherent in carbon materials make them an ideal benchmark
for assessing the robustness and generalizability of MLIPs.

The findings underscore that these UQ methods significantly boost the trustworthiness
of NNIPs, making them more viable for practical applications where decision-making
hinges on prediction confidence. This addresses a major limitation often associated with
black-box ML models in scientific research.

These advancements in UQ for NNIPs are poised to profoundly elevate the reliability and
utility of MLIPs across computational materials science. Researchers can now confidently
deploy these tools in large-scale materials screening, optimization, and simulation
campaigns. This capability is instrumental for accelerating the discovery of advanced
materials vital for diverse fields, including energy technologies, catalysts, and
semiconductors. By delivering robust and quantifiable uncertainty estimates, these MLIPs
can more effectively guide experimentalists and theorists, minimizing resource waste and
speeding up innovation, ultimately solidifying AI-driven materials design as a
cornerstone of future global R&D endeavors.

Source: https://arxiv.org/html/2508.06456v2
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#08 Google DeepMindとMeta主導、科学的発見を加速す
るAIツールとデータセットの厳選リスト公開

OVERVIEW

A new 'awesome-ai-for-science' GitHub repository, a meticulously curated list of AI

tools and datasets, has been released to accelerate scientific discovery across physics,

chemistry, biology, and materials science. Spearheaded by advancements like Google

DeepMind's GNoME for crystal exploration and Meta's FAIRChem for materials

chemistry, this resource aims to democratize access to cutting-edge AI. It is designed

to foster knowledge sharing and collaboration, and includes comprehensive insights

into scientific LLMs, self-driving labs, and uncertainty quantification.
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Background

Scientific research faces an escalating challenge with the exponential growth of data and
the inherent complexity of fundamental problems. AI offers a powerful solution by
enabling more efficient data analysis, pattern recognition, and predictive modeling. In
materials science, where the design space for novel materials is astronomically large, AI-
driven exploration and prediction are indispensable. Curated resources like the
"awesome-ai-for-science" repository democratize access to these advanced tools,
lowering the barrier for researchers to adopt AI in their work and accelerating progress
across disciplines.

Key Findings

The "awesome-ai-for-science" GitHub repository has been released, providing a
meticulously curated list of AI tools, libraries, papers, datasets, and frameworks designed
to accelerate scientific discovery across diverse fields including physics, chemistry,
biology, and materials science. Notably, the repository highlights advancements such as
Google DeepMind's GNoME for crystal structure exploration and Meta's FAIRChem for
materials and chemistry, serving as a critical resource for fostering knowledge sharing
and collaboration within the scientific community utilizing AI.

Technical Details

The repository serves as a central hub for researchers seeking to integrate cutting-edge
AI methodologies into their scientific workflows. It categorizes and links to resources that
showcase practical applications and theoretical foundations of AI in science. Key
technical highlights include:

Google DeepMind's GNoME: This initiative focuses on the accelerated discovery of
stable inorganic compounds through computational methods. GNoME leverages
graph neural networks to predict novel crystal structures with high stability,
significantly expanding the known materials landscape. Its contributions include
identifying hundreds of thousands of new materials, many of which are predicted to
be synthesizable, offering potential breakthroughs in electronics and energy.



Meta's FAIRChem: Developed by Meta's Fundamental AI Research team, FAIRChem
provides foundational AI research for chemistry and materials. This includes large-
scale chemical datasets, advanced molecular modeling tools, and generative models
aimed at assisting the inverse design of new molecules and materials with desired
properties.

Scientific Large Language Models (LLMs): The repository features resources on
LLMs tailored for scientific applications, such as extracting information from vast
scientific literature, assisting in hypothesis generation, and automating aspects of
experimental design. This aims to augment researchers' ability to navigate and
synthesize complex scientific knowledge.

Self-Driving Labs and Uncertainty Quantification: It includes listings related to
autonomous laboratories that combine robotics and AI for automated
experimentation and learning. Furthermore, it covers uncertainty quantification (UQ)
techniques, which are crucial for evaluating the confidence levels of AI model
predictions. UQ helps researchers make informed decisions, especially in high-stakes
applications like materials discovery, by highlighting when models might be
extrapolating beyond their reliable domain.

Strategic Significance and Outlook

The "awesome-ai-for-science" GitHub repository is poised to significantly galvanize the
AI for Science community, fostering deeper collaboration and accelerating the adoption
of AI technologies. By providing a curated overview of the latest advancements and best
practices, it serves as an invaluable starting point for current and future scientists and
engineers. This collective effort is expected to accelerate breakthroughs not only in
materials science but also in biology, physics, environmental science, and beyond,
driving innovation that addresses global challenges and shapes future technological
landscapes.

Source: https://github.com/ai-boost/awesome-ai-for-science

Collected: July 03, 2026 | Automated Research System (Gemini API)

https://github.com/ai-boost/awesome-ai-for-science


#09 東北大学、AI駆動型デジタル触媒プラットフォーム
「DigCat 4.0」を発表し触媒発見を加速

OVERVIEW

Tohoku University researchers have unveiled 'DigCat 4.0,' an AI-powered digital

catalysis platform designed to significantly accelerate catalyst discovery and

development. By integrating experimental data, theoretical calculations, and scientific

literature, DigCat 4.0 provides curated, interoperable data and machine learning tools.

Future plans include incorporating autonomous experimentation and robotic labs to

create a fully self-driven, closed-loop discovery system, promising substantial

contributions to sustainable catalyst technologies.

Published Published June 30, 2026  東北大学  Japan



IN DEPTH

Background

Catalysts are indispensable in numerous sectors of modern society, including the
chemical industry, energy conversion, and environmental remediation. However, the
discovery and development of new, high-performance catalysts remain a time-
consuming and costly process. Advances in AI and materials informatics offer powerful
means to overcome these challenges. Digital platforms like DigCat 4.0 are key to
enhancing the efficiency of catalysis research and accelerating the creation of innovative
catalytic technologies necessary for a sustainable society.

Key Findings

Researchers at Tohoku University have unveiled "DigCat 4.0," an AI-powered digital
catalysis platform poised to usher in a new era of catalyst discovery. This platform
integrates experimental data, theoretical calculations, and scientific literature, providing
curated, interoperable data and machine learning tools to significantly accelerate the
catalyst development cycle. Future iterations are planned to incorporate a closed-loop
discovery system featuring autonomous experimentation and robot labs, further
advancing the self-driven nature of the discovery process.

Technical Details

DigCat 4.0 is engineered with several key functionalities and technical characteristics:

Data Integration and Curation: The platform centralizes and manages a wide variety
of catalysis-related data. This includes data generated in laboratories, theoretical
computational data from quantum chemistry and molecular dynamics simulations,
and knowledge extracted from existing scientific literature. All data is standardized
and curated for optimal utilization by machine learning models.

Interoperable Data Framework: Designed for seamless interaction between data
from different sources, this framework enables comprehensive analysis of the
relationships between catalyst performance, structure, and reaction mechanisms. This
approach prevents data silos and facilitates deeper insights.



Machine Learning Toolkit: Advanced machine learning algorithms are integrated to
support the prediction of novel catalyst candidate performance, optimization of
reaction pathways, and inverse design (designing catalyst structures from desired
properties). This allows for a significantly more efficient exploration compared to
traditional trial-and-error methods.

Future versions of DigCat 4.0 are slated to incorporate autonomous experimentation
features and robotic laboratories. This will realize a fully autonomous, closed-loop
discovery system where AI formulates catalyst design hypotheses, robots execute
experiments based on these hypotheses, and results are automatically analyzed and fed
back to the AI. This system is expected to drastically reduce catalyst development time,
allowing human researchers to focus on more complex challenges.

Strategic Significance & Outlook

DigCat 4.0 is expected to be at the forefront of AI-driven research in catalysis science.
The evolution of this platform promises breakthroughs in a wide range of fields,
including more environmentally friendly and highly efficient chemical processes, next-
generation energy devices like fuel cells and batteries, and CO2 capture technologies.
The realization of a closed-loop system, in particular, is anticipated to profoundly
transform the future of catalyst development, shortening industrial product development
cycles and enabling the market introduction of more competitive technologies.

Source:
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#10 エディンバラ大学、固溶体結晶の物性予測精度を向上
させるネスト型結晶グラフニューラルネットワークを開発

OVERVIEW

Researchers at the University of Edinburgh have developed the Solid Solution Nested

Graph Neural Network (SSNGNN), a novel AI framework that significantly boosts the

predictive accuracy for chemically intricate solid solution crystals. By hierarchically

integrating compositional and structural data through a sophisticated nested graph

architecture, SSNGNN outperforms conventional geometric deep learning models.

This breakthrough establishes a scalable machine learning paradigm for complex

materials design, poised to accelerate the discovery and development of novel high-

performance materials.

Published Published June 27, 2026  Edinburgh Research Explorer  UK



IN DEPTH

Background

The discovery and development of new materials are foundational to advancements
across critical sectors, including sustainable energy, high-performance electronics, and
advanced medicine. Solid solutions, in particular, are highly attractive due to their vast
range of tunable properties, making them crucial for applications from advanced alloys
to semiconductors. However, predicting their complex structure-property relationships
has historically been a significant hurdle due to the intricate arrangement of different
elements within their crystal lattices.

Machine learning, especially Graph Neural Networks (GNNs), has rapidly gained traction
in materials science due to its ability to directly process material structures as input. The
advent of SSNGNN marks a significant leap forward, expanding the applicability of GNNs
to highly complex material systems like solid solutions and further advancing the field of
materials informatics.

Key Findings

Researchers at the University of Edinburgh have unveiled the Solid Solution Nested
Graph Neural Network (SSNGNN), a versatile AI framework designed to dramatically
enhance the prediction accuracy of properties for chemically complex solid solution
crystals. SSNGNN achieves superior performance compared to existing geometric deep
learning models by adeptly addressing the challenges posed by localized structural
disorder inherent in solid solutions.

SSNGNN’s primary innovations lie in its unique architectural features:

Nested Graph Architecture: SSNGNN represents local, atomic-level information and
global, crystal-lattice-wide information within distinct hierarchical graph structures.
This allows the model to simultaneously capture individual atomic environment
changes and their broader impact on the overall crystal. For instance, it can precisely
model how subtle alterations in composition or bonding around a single atom
influence the electronic states or phonon properties of distant atoms within the
lattice.



Integrated Compositional and Structural Information: Unlike conventional models
that often process compositional and structural information separately or combine
them superficially, SSNGNN deeply integrates these within its nested graph
framework. This holistic integration enables the model to learn more sophisticated
feature representations, leading to precise predictions of how subtle structural
elements—such as atomic substitutions, defects, and local strains—in solid solutions
influence their macroscopic properties.

Superior Performance: SSNGNN has demonstrated significantly higher accuracy in
predicting diverse properties of solid solution crystals, including band gaps, elastic
moduli, and thermal conductivity, when benchmarked against existing GNN-based
models. This superior performance underscores SSNGNN’s capacity to effectively
discern critical relationships between local disorder and global crystal topology,
particularly vital in chemically complex systems.

This pioneering approach establishes a scalable machine learning paradigm for complex
materials design, laying the groundwork for faster and more accurate discovery of novel
materials. It holds particular relevance for the development of high-performance
functional materials, such as advanced alloys, thermoelectric materials, and
semiconductors, where solid solutions play a pivotal role.

Strategic Significance & Outlook

The introduction of SSNGNN opens transformative new avenues for the design and
optimization of solid solution crystals. This robust framework is poised to accelerate the
discovery of high-performance functional materials, ranging from high-temperature
superconductors to efficient catalysts, thereby expanding the frontiers of computational
materials science. Future research is expected to focus on further generalizing SSNGNN
and applying it to an even wider array of material systems.

Furthermore, the integration of SSNGNN with automated experimental systems, such as
self-driving laboratories, could drastically shorten discovery cycles. This synergy promises
to accelerate the global market introduction of chemically complex novel materials,
pushing the boundaries of what's possible in advanced materials engineering.

Source: https://www.pure.ed.ac.uk/ws/files/586167578/manuscript-NCS.pdf
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#11 シンガポール国立大学、エネルギー材料向けAIワーク
ショップを2026年7月に開催し発見加速

OVERVIEW

The National University of Singapore (NUS) will host an "AI for Energy Materials"

workshop on July 10, 2026, co-located with the Solid State Ionics Conference 2026.

Bringing together leading researchers in materials informatics and artificial

intelligence (AI), the event will explore cutting-edge techniques—including machine

learning force fields, graph neural networks for property prediction, and active

learning—to accelerate the discovery and optimization of next-generation energy

materials. This workshop represents a significant opportunity to advance AI

applications in materials science across Asia.

Published Published July 10, 2026  National University of Singapore (NUS)  Singapore



IN DEPTH

Background

The development of clean energy technologies is vital for addressing climate change and
achieving a sustainable society. However, the discovery and development of high-
performance energy materials remain a time-consuming and costly process. Materials
informatics and artificial intelligence (AI) are emerging as powerful tools for efficiently
exploring vast candidate material spaces and rapidly identifying promising materials. The
Southeast Asian region, in particular, holds significant potential for renewable energy
adoption and clean technology innovation, making such workshops crucial for
strengthening regional R&D capabilities.

Overview and Key Topics

The National University of Singapore (NUS) is hosting an "AI for Energy Materials"
workshop on July 10, 2026, in conjunction with the Solid State Ionics Conference 2026
(SSI-25). This event will bring together leading researchers in materials informatics and AI
to discuss cutting-edge technologies and challenges in accelerating energy materials
discovery. Key discussions will center on machine learning force field development for
electrolytes, graph neural network design for property prediction, and active learning for
experimental workflow optimization, marking a significant opportunity to advance AI
applications in materials science in the Asian region.

Technical Focus Areas

The workshop program focuses on several key themes concerning the application of AI
in energy materials science:

Machine Learning Force Field Development for Electrolytes: Electrolytes are
critical components determining the performance of batteries and fuel cells. Accurate
force fields are essential for their molecular dynamics simulations. Developing force
fields using machine learning (ML) enables simulations to achieve accuracy
comparable to first-principles calculations but at significantly higher speeds,
accelerating the search for new electrolyte candidates.



Graph Neural Network (GNN) Design for Property Prediction: GNNs are powerful
tools that can represent materials' atomic structures as graphs and predict properties
directly from these structures. The workshop will feature discussions primarily on
designing GNN architectures to accurately predict properties such as band gap, ionic
conductivity, and stability for various energy materials (e.g., electrode materials,
catalysts).

Experimental Workflow Optimization via Active Learning: Active learning is a
method where AI proposes the most informative experiments and learns from their
results, maximizing the efficiency of materials exploration. This approach minimizes
the number of experimental trials while rapidly identifying optimal energy material
compositions and synthesis conditions.

This workshop will serve as a platform to explore how these cutting-edge technologies
can transform the processes of energy material design, synthesis, and characterization,
contributing to the realization of next-generation clean energy technologies.

Strategic Impact and Outlook

The NUS workshop is expected to be an important platform for further advancing the
application of AI in the energy materials sector. The research outcomes and
technological advancements discussed are anticipated to accelerate the development of
a wide range of energy materials, including batteries, fuel cells, solar cells, and
thermoelectric materials. Through international cooperation and knowledge sharing,
pathways for more efficient and sustainable energy solutions will be envisioned. This will
enable industries to bring more competitive products to market and contribute to the
global energy transition.

Source: http://ssi-25.org/wp-content/uploads/2026/05/NUS_Workshop_on_AI_for_Energy_Materials-10th-

July-2026.pdf
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#12 ノートルダム大学、データ中心型MLと基盤モデルで
ガス分離ポリマー膜の分子発見を推進

OVERVIEW

A Ph.D. dissertation from the University of Notre Dame introduces a novel framework

leveraging data-centric machine learning and foundation models to significantly

accelerate molecular discovery, particularly for applications like gas separation

polymer membranes. The research details advancements in graph learning for

molecular property prediction and pioneers Graph Diffusion Transformers (GDTs) for

the inverse design of molecular structures based on desired properties. By integrating

data, models, synthesis planning, and experimental validation into a holistic AI

workflow, this work aims to achieve efficient and scalable molecular design.

Published Published July 02, 2026  University of Notre Dame (Curate ND)  USA



IN DEPTH

Background

Molecular discovery is a cornerstone process across numerous industries, from
pharmaceuticals and materials science to chemical engineering, yet it remains inherently
time-consuming and costly. Designing novel molecules with precise functionalities has
been particularly challenging, primarily due to the vast and complex chemical design
space. However, recent advancements in data-centric machine learning (ML) and,
notably, generative foundation models, are presenting powerful solutions to this long-
standing problem. These intelligent systems enable researchers to rapidly and efficiently
explore new molecular candidates, accurately predict their properties, and even suggest
viable synthesis pathways, thereby moving beyond traditional, often slow, trial-and-error
methods.

Key Findings

A recent Ph.D. dissertation from the University of Notre Dame introduces
groundbreaking approaches that leverage data-centric ML and foundation models to
significantly accelerate molecular discovery, with a specific emphasis on applications
such as advanced gas separation polymer membranes. The research details substantial
progress in several areas, including:

Data-Centric ML for Robust Predictions: The study underscores the critical role of
high-quality, diverse datasets in maximizing model performance and reliability. It
advocates for meticulous data collection, curation, preprocessing, and augmentation
strategies to empower ML models with more dependable predictive capabilities.

Graph Learning for Molecular Property Prediction: Molecules are intrinsically
represented as graph structures, enabling the use of Graph Neural Networks (GNNs)
to predict their physical and chemical properties, such as gas permeability, selectivity,
and stability. GNNs are uniquely effective as they directly model atomic bonds and
spatial relationships, efficiently capturing the intricate structural features that dictate
molecular behavior.



Graph Diffusion Transformers (GDTs) for Inverse Molecular Design: Moving
beyond conventional forward design—where properties of a given molecule are
predicted—this research pioneers inverse design. It focuses on generating novel
molecular structures based on a set of desired properties (e.g., high selectivity for a
specific gas). GDTs achieve this by combining powerful diffusion models with
Transformer architectures, allowing for the efficient exploration of vast molecular
design spaces and the generation of innovative structures. This capability marks a
crucial step toward discovering molecules with pre-specified functionalities.

The dissertation champions the integration of all phases of molecular discovery—
spanning data, models, synthesis planning, software tools, benchmarks, and
experimental validation—into a cohesive, comprehensive AI workflow. This holistic
strategy ensures that each stage is interconnected and optimized, dramatically
streamlining the entire discovery cycle. The practical application to gas separation
polymer membranes holds direct relevance for critical technological innovations in
energy and environmental sectors, including advanced CO2 capture and efficient
hydrogen purification.

Looking forward, the data-centric ML and GDT developments presented are poised to
profoundly reshape the landscape of molecular discovery. Beyond optimizing gas
separation, these methodologies hold immense promise for diverse fields such as drug
discovery, catalyst design, and the development of organic electronic materials. This
integrated AI workflow is expected to dramatically boost R&D efficiency, shorten product
development cycles in industry, and accelerate technological innovation globally.
Ultimately, the vision is for AI, synergistically integrated with human expertise, to enable
autonomous systems capable of discovering unknown molecules and maximizing their
functionalities, ushering in a new era of chemical and materials innovation.

Source: https://curate.nd.edu/articles/thesis/Data-

centric_Machine_Learning_and_Foundation_Models_for_Molecular_Discovery/32840285
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#13 東京科学大学、解釈可能なAIで材料特性予測のメカニ
ズムを解明し、効率的な材料設計を実現

OVERVIEW

Researchers at Tokyo Institute of Science have developed an interpretable AI (XAI)

methodology that reveals how AI models predict material properties, particularly light

absorption spectra, from atomic structures. This breakthrough extracts key features

from trained AI, clarifying complex structure-property relationships to enable more

efficient materials design. By demystifying AI's predictions, this approach empowers

material scientists to accelerate the discovery and development of novel materials,

overcoming the 'black box' limitations of conventional AI.

Published Published July 01, 2026  東京科学大学  Japan



IN DEPTH

Background

While AI applications in materials science are rapidly advancing, many AI models operate
as "black boxes," posing challenges due to the lack of transparency in their predictions.
This opacity hinders the reliability and practical utility of AI, especially in materials
development involving costly experiments or long-term applications. Interpretable AI
aims to overcome this challenge, enabling AI to be utilized not merely as a prediction
tool but as a partner for discovering new scientific insights. This fosters more effective
collaboration between AI and human expertise, thereby accelerating the materials
discovery process.

Key Findings

Researchers at the Institute of Science Tokyo have developed an interpretable AI (XAI)
methodology designed to unveil how AI models predict material properties, specifically
focusing on light absorption spectra, based on atomic structures. This innovative
approach extracts key features from trained AI models, clarifying the complex structure-
property relationships to facilitate more efficient materials design. This crucial
advancement overcomes the limitations of traditional black-box AI models, allowing
materials scientists to understand the rationale behind AI predictions and significantly
accelerating the new materials development process.

The developed XAI methodology delves into the internal workings of trained AI models
to identify which specific features within atomic structures contribute most significantly
to a given prediction. This involves quantitatively assessing which structural elements—
such as interatomic distances, bond angles, or local atomic arrangements—the AI
prioritizes when predicting, for instance, light absorption spectra. This provides a clear
visualization of "why" the model makes a particular spectral prediction. Crucially, highly
important features are then visualized in an intuitive manner, revealing their direct
correlation with material properties. This offers researchers profound physical insights,
elucidating how specific structural elements influence phenomena like light absorption—
for example, how certain functional groups or interatomic distances affect the shift or
intensity of absorption peaks.



By translating AI's learned structure-property knowledge into actionable design
guidelines, this method enables a far more efficient exploration and synthesis of new
materials with targeted light absorption properties, surpassing traditional trial-and-error
approaches. Light absorption spectra are fundamental for designing a diverse array of
functional materials, including advanced solar cells, photocatalysts, and display
technologies, thus opening new avenues for fine-tuning their performance.

This interpretable AI methodology is poised to deepen the integration of AI in materials
science beyond just light absorption, with potential applications extending to other
complex material properties like electrical conductivity, magnetism, and mechanical
strength. By fostering greater trust in AI predictions and enabling AI-driven material
design, this technology promises to significantly shorten new materials development
cycles, allowing industries to rapidly bring competitive products to market and driving
the creation of high-performance materials vital for a sustainable society.

Source: https://educ.titech.ac.jp/mat/eng/news/2026_07/069812.html
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#14 MITの生成AIコンソーシアム、LLMのハルシネーショ
ン問題解決でバッテリー・半導体材料開発を加速

OVERVIEW

The MIT Generative AI Impact Consortium is addressing the critical issue of

'hallucinations' in large language model (LLM)-based agents when applied to

materials science research. By developing mechanisms to ensure AI-generated

information aligns with physical laws and integrating human expertise with robotics,

the consortium aims to accelerate the discovery of advanced materials for batteries

and semiconductors. This initiative marks a crucial step towards more reliable and

trustworthy AI-driven materials design.
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IN DEPTH

Background

Batteries and semiconductors are foundational materials underpinning modern society's
digitalization and energy transition. Materials innovation in these areas is indispensable
for achieving a sustainable future, but the discovery of new high-performance materials
is an extremely challenging and time-consuming process. Generative AI, especially Large
Language Models (LLMs), holds immense potential to address this challenge due to their
powerful knowledge integration and generation capabilities. However, the inherent issue
of 'hallucinations'—the production of factually incorrect or nonsensical information—has
hindered their reliability and practical implementation. Leading research institutions like
MIT tackling this problem head-on is critical for enhancing the trustworthiness of AI-
driven materials design.

Key Findings

The MIT Generative AI Impact Consortium is making significant strides in accelerating
materials breakthroughs in fields such as batteries and semiconductors by directly
confronting the critical issue of 'hallucinations' that arise when large language model
(LLM)-based agents interact with computational tools in materials science research. Their
efforts are geared towards ensuring the reliability and practical application of AI in this
domain.

The consortium's research primarily focuses on several key technical aspects:

Addressing LLM Hallucination: While LLMs possess powerful generative capabilities,
they can also produce "hallucinations"—factually incorrect or nonsensical information.
In the context of materials science, this risk involves generating erroneous synthesis
pathways, unrealistic material properties, or information about non-existent
compounds. The consortium is developing mechanisms to ensure that LLM outputs,
particularly when interacting with computational tools (e.g., density functional theory
calculation packages, molecular dynamics simulation tools), align with physical laws,
chemical constraints, and existing experimental data. This includes strategies like fine-
tuning, integration with external knowledge bases, and implementing validation
steps.



Leveraging Foundation Models for Materials Discovery: The consortium explores
methods to specialize large, pre-trained foundation models for specific tasks in
materials science. This approach enables efficient exploration and design of new
compounds and processes, even with limited materials data. The goal is to maximize
the potential of foundation models, particularly in inverse design tasks where desired
properties are used to generate corresponding material structures.

Integrating Robotics and Human Input: The research also investigates how robotics
can effectively integrate input from human experts and extract general scientific
principles from limited experimental experience. This is crucial in the context of self-
driving labs, where optimizing human-AI-robot collaboration accelerates the
discovery cycle. For example, researchers are building collaborative models where
human scientists provide initial hypotheses or intuitions to robots, which then
autonomously execute experiments, with AI analyzing results and feeding back new
insights.

These efforts lay the groundwork for AI to become a more reliable partner in materials
science research. The consortium's work will enhance the trustworthiness of LLMs and
enable their widespread application in materials science, thereby ushering in a new era
of AI-driven materials discovery. Solving the hallucination problem directly translates
into concrete industrial applications, such as improving battery energy density,
enhancing semiconductor performance, and developing new catalysts. In the future,
seamless collaboration among humans, AI, and robotics is expected to realize "smart
labs" that autonomously explore and optimize unknown material systems. This will
dramatically shorten product development cycles and accelerate technological
innovation globally.

Source: https://genai.mit.edu/category/research/
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#15 米国エネルギー省、AI駆動型自律ラボ推進でエネルギ
ー・バイオテクノロジー分野の科学的発見を加速

OVERVIEW

The U.S. Department of Energy (DOE) is spearheading a transformative initiative to

accelerate scientific discovery in critical sectors like energy, computing, and

biotechnology through advanced AI-driven autonomous laboratories. Pioneering

projects like Lawrence Berkeley National Laboratory's A-Lab, which autonomously

predicts, synthesizes, and tests materials, and Pacific Northwest National Laboratory's

BacterAI, optimizing microbes for bioproduction with reinforcement learning,

highlight this effort. These strategic investments aim to dramatically enhance the

efficiency and pace of scientific research, unlocking breakthroughs essential for

national competitiveness and global challenges.
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IN DEPTH

Background and Context

The development of high-performance energy materials (e.g., next-generation battery
and fuel cell materials), microbes for producing new drugs and biofuels, and materials
supporting cutting-edge computing technologies like quantum computing, are directly
linked to national economic competitiveness and security. However, the traditional
"hypothesis-experiment-validation" cycle is time-consuming and costly, limiting the pace
of discovery. AI-driven autonomous labs are positioned as strategic investments to
overcome these bottlenecks and enable faster, more efficient scientific discovery.

Key Initiatives and Findings

The U.S. Department of Energy (DOE) is prioritizing the advancement of AI-driven
autonomous laboratories to accelerate scientific discovery of novel materials and
molecules across critical sectors such as energy, computing, and biotechnology.
Lawrence Berkeley National Laboratory's A-Lab serves as a successful illustration of a
closed-loop process for autonomous prediction, synthesis, and testing. Furthermore,
Pacific Northwest National Laboratory's BacterAI platform is optimizing microbes for
bioproduction through the synergistic combination of reinforcement learning and lab
automation. These initiatives aim to dramatically enhance the efficiency and pace of
scientific research and innovation.

Technical Deep Dive: How Autonomous Labs Work

The DOE's push for AI-driven autonomous labs integrates multiple cutting-edge
technologies and systems:

Lawrence Berkeley National Laboratory's A-Lab: Cited as a prime example of an
autonomous laboratory, A-Lab establishes a closed-loop process where AI predicts
material properties, robots autonomously synthesize materials based on these
predictions, and the synthesized materials are then automatically tested and
evaluated. This iterative cycle enables the discovery and development of optimal
materials with minimal human intervention, having demonstrated its effectiveness
particularly in the exploration of inorganic materials.



Pacific Northwest National Laboratory (PNNL)'s BacterAI Platform: BacterAI
optimizes microbes used in bioproduction by combining reinforcement learning with
lab automation. A reinforcement learning agent autonomously adjusts culture
conditions, nutrient formulations, and genetic modification strategies to explore the
most efficient bioproduction pathways. Automated experimental systems execute the
AI's decisions, collect real-time data, and feed it back to the AI, thereby accelerating
the discovery cycle.

Data-Driven Discovery: These labs are designed to automatically generate and
collect vast amounts of experimental data. AI then processes this data to recognize
patterns and generate new hypotheses, fostering the discovery of potential
relationships or non-intuitive insights that might be overlooked by human
researchers.

These systems transcend the boundaries of physics, chemistry, biology, and
computational science, driving discoveries across multiple scientific domains.

Strategic Outlook and Future Vision

The DOE's aggressive investment in AI-driven autonomous laboratories is fundamentally
transforming scientific methodology. This will enable the exploration of complex
materials and biological systems previously intractable, leading to expected
improvements in energy efficiency, accelerated drug development, and innovative
solutions to environmental challenges. In the future, these autonomous labs are
anticipated to collaborate and evolve into "networks of labs," addressing even larger and
more complex scientific problems, and providing groundbreaking solutions to
humanity's most pressing challenges.

Source: https://www.energy.gov/undersecretaryforscience/genesis-mission/achieving-ai-driven-

autonomous-laboratories
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#16 ArXivに潜在遺伝的アルゴリズムが登場：結晶構造予
測の効率を画期的に向上

OVERVIEW

A new 'Latent Genetic Algorithm (LGA),' detailed in an arXiv preprint, revolutionizes

crystal structure prediction (CSP) by leveraging latent representations learned from

pre-trained generalized interatomic potentials (GAPs). This approach transforms

rugged energy landscapes into continuous evolutionary coordinates, enabling more

efficient exploration of stable structures. LGA facilitates the inheritance of favorable

local structural motifs and can be integrated with property-driven genetic algorithms

to expedite the discovery of materials with specific desired characteristics.
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IN DEPTH

Background

Crystal structure prediction (CSP) is a foundational yet formidable challenge in materials
science, critical for the discovery and development of novel materials. Accurately
predicting the stable crystal structure of a compound is paramount to understanding its
inherent physical and chemical properties and identifying potential applications.
However, the combinatorial explosion of possible atomic configurations as the number
of atoms increases renders exhaustive searches computationally intractable. While
traditional genetic algorithms (GAs) offer efficient search strategies, they have historically
struggled with the discontinuous nature of real atomic coordinate spaces and the
complex, rugged topography of energy landscapes. The advent of the Latent Genetic
Algorithm (LGA) represents a significant leap forward, offering a potent solution by
synergistically combining artificial intelligence with computational materials science.

Key Findings

A recently published preprint on arXiv introduces the novel Latent Genetic Algorithm
(LGA) for crystal structure prediction (CSP), promising a substantial enhancement in
computational efficiency. The core innovation of LGA lies in its ability to map intricate
molecular and crystal structural information into a lower-dimensional, continuous “latent
space.” This latent space effectively encapsulates the complex patterns of interatomic
interactions, derived from extensive first-principles calculation data, as learned by pre-
trained, general-purpose interatomic potentials (GAPs).

Leveraging Latent Representations: Rather than directly manipulating actual atomic
coordinates, LGA executes genetic algorithm operations—such as mutation and
crossover—within this abstract latent space. This approach is highly efficient because
the latent space offers a continuous representation of physically meaningful structural
changes, leading to smoother and more effective structural exploration.

Overcoming Rugged Energy Landscapes: Traditional CSP methods often become
ensnared in local energy minima, making the identification of globally stable
structures exceedingly difficult. LGA circumvents this challenge by exploiting the
continuity of the latent space and the inherent physical insights gleaned by GAPs.
This enables the algorithm to effectively navigate and transcend energy barriers,
facilitating easier access to global optimal solutions.



Inheriting Favorable Local Motifs: Operations performed within the latent space are
designed to preserve chemically rational “local motifs”—such as specific bonding
networks or coordination environments—allowing them to be inherited into new
candidate structures without disruption. This mechanism significantly improves the
quality and chemical validity of the generated structures.

Integration with Property-Driven Design: A notable advantage of LGA is its
compatibility with property-driven genetic algorithms. This allows researchers to
efficiently target and explore structures possessing specific desired properties, such as
high thermoelectric performance or semiconductor structures engineered for
particular band gaps.

By effectively harnessing the knowledge embedded within pre-trained GAPs, LGA
dramatically improves the computational efficiency of structural exploration without
necessitating computationally expensive, direct first-principles calculations. This
methodological breakthrough is poised to profoundly impact the field of crystal
structure prediction. It is expected to accelerate the discovery of new materials,
particularly in complex multi-component systems and those with specific functionalities
that were previously intractable. Anticipated applications span a broad spectrum of
critical fields, including energy materials, catalysts, semiconductors, and superhard
materials. Looking ahead, LGA could be seamlessly integrated into autonomous
materials discovery platforms, contributing to fully self-driving AI loops for the design,
synthesis, and evaluation of novel materials. Such advancements would drastically
compress the material development lifecycle, thereby fueling rapid technological
innovation.

Source: https://arxiv.org/html/2606.29220v1
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#17 ArXivに基盤モデルとベイジアン最適化を統合した材
料設計ワークフローが登場、計算コストを削減

OVERVIEW

A new preprint introduces a novel Bayesian materials design workflow that integrates

surrogate-gated generation with foundation model embeddings. This approach,

leveraging pre-trained ORB embeddings and Gaussian processes, reliably identifies

high-performance material candidates while significantly reducing computational

costs. By deploying an inexpensive surrogate model between the material generator

and expensive evaluation oracles, the method dramatically accelerates closed-loop

crystal generation and materials discovery.
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IN DEPTH

Background

The discovery and development of new materials remain a significant bottleneck for
innovation across numerous fields, including sustainable energy, electronics, and
medicine. The 'inverse design problem' – engineering materials with specific desired
properties – is particularly challenging due to the immense design space and the high
costs associated with evaluating candidate materials. While Bayesian optimization offers
an efficient strategy for navigating this vast space, its computational demands can still
become prohibitive. This new research presents a practical solution to these challenges
by integrating foundation models with surrogate models, thereby accelerating the real-
world application of AI-driven materials design.

Key Findings

A recent preprint on arXiv introduces a novel Bayesian materials design workflow that
seamlessly integrates surrogate-gated generation with foundation model embeddings,
promising substantial enhancements in efficiency and reduced computational expense.
This approach, which marries pre-trained ORB embeddings with Gaussian processes, has
been rigorously evaluated and shown to be a highly reliable method for identifying high-
performance material candidates. A pivotal aspect of this methodology is the strategic
placement of an inexpensive surrogate model between the material generator and the
often-costly evaluation oracles (such as high-fidelity simulations or physical
experiments). This significantly slashes the computational burden associated with closed-
loop crystal generation, representing a groundbreaking leap forward in the efficiency of
materials discovery.

Technical Details

This novel workflow integrates multiple cutting-edge machine learning technologies
within a unified Bayesian optimization framework:



Leveraging Foundation Model Embeddings (ORB Embeddings): The workflow
harnesses "ORB embeddings" – low-dimensional vector representations derived from
foundation models pre-trained on extensive materials datasets. These embeddings
efficiently compress complex structural and compositional information, positioning
similar materials close together in the embedding space, which facilitates the efficient
characterization of diverse material properties.

Gaussian Processes (GPs): Gaussian Processes are utilized to model the relationship
between material properties and structure within the ORB embedding space. GPs are
indispensable in Bayesian optimization due to their ability to quantify uncertainty
(providing a measure of the model's confidence in its predictions), thereby guiding
the efficient selection of the most informative candidate points for subsequent
exploration.

Surrogate-Gated Generation: A primary hurdle in materials design is the
prohibitively high cost of simulations (e.g., first-principles calculations) or
experimental validation required to evaluate new candidate materials. This workflow
introduces an inexpensive and rapid "surrogate model" strategically positioned
between the generator (which proposes new material candidates) and the expensive
evaluation oracle (a high-fidelity simulator or experiment). The surrogate model
rapidly screens a vast number of candidates, forwarding only the most promising to
the costly oracle. This dramatically reduces overall computational expenditures while
efficiently identifying high-performance materials.

Closed-Loop Crystal Generation: This integrated workflow operates as a closed-
loop system, autonomously iterating through the generation of new crystal structures,
their property evaluation, and the determination of subsequent exploration steps. AI
continuously learns and adapts, optimizing the discovery process for target material
properties.

Compared to traditional exploration methods, this approach is poised to significantly
conserve computational resources and accelerate discovery rates, particularly in the
design of complex material systems.



Strategic Significance & Outlook

The introduction of this Bayesian materials design workflow is set to profoundly impact
the discovery process across materials science. By reducing computational costs and
boosting exploration efficiency, it will enable the rapid development of high-
performance materials for diverse applications, including advanced battery materials,
catalysts, semiconductors, and thermoelectric devices. Looking ahead, this approach
could be seamlessly integrated into 'self-driving lab' systems, establishing fully
autonomous AI loops for the design, synthesis, and evaluation of novel materials. This
promises to dramatically shorten material development cycles and accelerate global
technological innovation.

Source: https://arxiv.org/html/2606.28578v1

Collected: July 03, 2026 | Automated Research System (Gemini API)

https://arxiv.org/html/2606.28578v1


#18 米国エネルギー省、AIイノベーションエコシステムを
推進し、自律型ラボを核とした研究を強化

OVERVIEW

The U.S. Department of Energy (DOE) is fostering a world-leading AI innovation

ecosystem by integrating AI across high-performance computing, environmental

modeling, and materials research. This includes pioneering autonomous laboratories

like Lawrence Berkeley National Laboratory's A-Lab, which autonomously predict,

synthesize, and test materials in closed-loop processes. The DOE is also investing in

foundational computer science and applied mathematics research to develop

generalizable foundation models for computational science across various domains, a

critical strategy for shaping the future of AI-driven scientific discovery.
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IN DEPTH

Background

The evolution of AI is revolutionizing scientific research methodologies. Traditional
scientific discovery has often relied on laborious and costly trial-and-error processes. AI-
driven ecosystems address this bottleneck, enabling faster and more efficient research
and development. In fields such as materials science, environmental science, and energy
science, where the exploration space is vast, AI-driven data analysis, prediction, and
experimental design are indispensable. This proactive investment by the U.S. government
is viewed as a strategic move to secure leadership in global AI technology competition
and strengthen national economic power and security.

Key Findings

The U.S. Department of Energy (DOE) is actively advancing a leading AI innovation
ecosystem, leveraging artificial intelligence across high-performance computing,
environmental modeling, and materials research. Central to this initiative are closed-loop
autonomous laboratories, exemplified by Lawrence Berkeley National Laboratory’s A-Lab,
which autonomously predict, synthesize, and test materials, dramatically accelerating the
pace and efficiency of scientific discovery. The DOE also funds foundational computer
science and applied mathematics research to enable the development of generalizable
foundation models for computational science across multiple domains, a critical strategy
shaping the future of AI-driven science.

Technical Details

The DOE's AI innovation ecosystem is built upon several critical components:

AI-Driven Autonomous Laboratories: Lawrence Berkeley National Laboratory's A-
Lab is a pioneering example in this field. It operates a fully autonomous, closed-loop
process where AI algorithms predict material properties, and robotic systems then
automatically synthesize and test materials based on these predictions. This capability
allows for the exploration and optimization of materials at speeds several orders of
magnitude faster than traditional human-led experimental cycles, having, for instance,
efficiently identified tens of thousands of novel inorganic material candidates in
recent years.



Funding for Foundation Model Development: The DOE is investing in foundational
computer science and applied mathematics research to develop foundation models
for computational science that span multiple scientific domains. Foundation models
are versatile AI models pre-trained on vast and diverse datasets. They can then be
fine-tuned for specific scientific problems, providing powerful predictions and insights
even from limited domain-specific data. This approach accelerates the design of new
materials, the simulation of complex physical phenomena, and the prediction of
environmental changes.

Leveraging Advanced Computing Infrastructure: The high-performance
computing facilities operated by the DOE (e.g., Summit and Frontier at Oak Ridge
National Laboratory) provide the indispensable infrastructure for training large AI
models and executing large-scale scientific simulations. These resources are
fundamental to enabling the expansion of the AI innovation ecosystem.

The integration of these technical elements allows the DOE to accelerate scientific
discovery and generate innovative solutions for pressing challenges such as energy
security, climate change, and national security.

Strategic Significance & Outlook

The DOE's advancement of the AI innovation ecosystem holds the potential to
fundamentally transform the future of scientific discovery. The combination of
autonomous labs and foundation models will dramatically shorten new materials
development cycles, accelerating advancements in areas such as more efficient batteries,
novel catalysts, innovative environmental sensors, and quantum information
technologies. Furthermore, this ecosystem is expected to strengthen interdisciplinary
collaborations among AI researchers, materials scientists, and computational scientists,
fostering knowledge sharing and innovation based on open science principles. This will
enable the U.S. to further expand the frontiers of AI-driven science and solidify its
position as a leader in next-generation technological innovation.

Source: https://www.energy.gov/cet/doe-advancing-ai-innovation-ecosystem
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#19 ArXivにLLM活用の自律型研究ループが登場、結晶グ
ラフネットワークのバンドギャップ予測精度が向上

OVERVIEW

A recent preprint introduces an autonomous research loop powered by large

language models (LLMs) that significantly enhances the optimization of crystal graph

networks for electronic bandgap prediction. This self-consistent, foundation model-

assisted workflow leverages evolutionary search, adaptive data selection, and fine-

tuning to achieve improved accuracy, surpassing some existing models. The

development marks a significant leap forward in applying AI for the design and

discovery of novel materials.

Published Published June 30, 2026  arXiv  USA



IN DEPTH

Background

The electronic band gap is one of the most critical material properties determining the
performance of semiconductors and optoelectronic devices. Accurate band gap
prediction is essential for designing new solar cells, LEDs, and transistors. However, high-
fidelity quantum chemical calculations are computationally expensive and have
limitations in exploring the vast materials design space. Machine learning models,
particularly Crystal Graph Networks (CGNs), offer a promising solution, but their
optimization still required significant expert knowledge and effort. The introduction of an
autonomous LLM research loop addresses this bottleneck, further automating the AI-
driven materials design process.

Key Findings

A recent preprint on arXiv unveils an autonomous Large Language Model (LLM) research
loop engineered to optimize expert-designed crystal graph networks (CGNs) for highly
accurate electronic bandgap prediction. This innovative workflow leverages a self-
consistent, foundation model-assisted approach, combining evolutionary search with
adaptive data selection and fine-tuning.

Autonomous LLM Research Loop: The system positions an LLM as an autonomous
'researcher' capable of executing a full research cycle: generating scientific
hypotheses, designing experiments, analyzing data, and iteratively constructing and
optimizing new CGN models. The LLM intelligently extracts knowledge from scientific
literature and existing materials databases to propose design modifications and
training strategies for CGNs.

Optimization of Crystal Graph Networks (CGNs): CGNs are deep learning models
that represent crystal structures as graphs to predict properties like electronic band
gaps directly. In this study, the LLM autonomously fine-tunes CGN architectures—
adjusting parameters such as the number of layers, activation functions, and graph
feature encoding methods—and hyperparameters to maximize prediction
performance.



Evolutionary Search and Adaptive Data Selection: The LLM employs sophisticated
evolutionary search strategies, akin to genetic algorithms, to efficiently explore the
vast design space of CGN models. Complementing this, an adaptive data selection
mechanism identifies and prioritizes data points most critical for performance
improvement during model fine-tuning, ensuring efficient enhancement even with
limited computational resources.

Foundation Model-Assisted Approach: Underpinning this entire process is the LLM
itself, acting as a foundation model with extensive domain knowledge in materials
science. This 'foundation model-assisted' approach guides the CGN optimization with
an intelligence and efficiency far beyond traditional trial-and-error methods.

This integrated approach yields significantly improved accuracy in electronic band gap
prediction, delivering more reliable simulation results crucial for accelerating the design
and discovery of advanced semiconductor and optoelectronic materials. The success of
this autonomous LLM framework substantially expands AI's capabilities in materials
science, promising to shorten time-to-market for high-performance devices. Looking
ahead, this framework holds potential for extension to predict a myriad of other material
properties, paving the way for fully autonomous AI-driven materials discovery systems.
Such a paradigm shift would free human researchers to concentrate on higher-level
conceptual design and groundbreaking ideas, thereby dramatically accelerating the pace
of scientific discovery globally.

Source: https://arxiv.org/html/2606.29717v1
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#20 ACS誌に説明可能なAIの総説論文が登場、電気触媒・
光触媒設計の透明性を向上

OVERVIEW

A new review in ACS Applied Materials & Interfaces highlights the transformative

potential of Explainable AI (XAI) in electrocatalysis and photocatalysis. The paper

emphasizes how XAI fosters transparent catalyst design by merging high predictive

accuracy with crucial physical interpretability, linking material properties to catalytic

performance. This approach is set to significantly accelerate catalyst development and

deepen scientific understanding.
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IN DEPTH

Background

The development of high-performance catalysts is essential for solving pressing societal
challenges such as sustainable energy production, environmental pollution control, and
fine chemical synthesis. However, catalyst design is a multivariate and complex
optimization problem, and traditional trial-and-error approaches have their limitations.
Artificial intelligence, particularly machine learning, has brought significant
advancements in exploring vast candidate materials and predicting their performance,
but the "why" behind its predictions remained elusive. XAI addresses this transparency
issue and plays a critical role in bridging the gap between AI-generated predictions and
scientific insights.

Key Findings

A review article published in ACS Applied Materials & Interfaces comprehensively
discusses the state-of-the-art applications of explainable artificial intelligence (XAI) in
electrocatalysis and photocatalysis. The paper emphasizes XAI's importance in achieving
transparent catalyst design by linking predictive accuracy with physical interpretability. It
outlines the evolution of AI in catalysis informatics, from descriptor construction to XAI
integration, demonstrating how interpretable feature engineering and descriptor-driven
learning frameworks connect geometric, electronic, and adsorption properties with
catalytic performance. This is expected to significantly enhance catalyst development
efficiency and understanding.

Technical Details

The review article provides a historical context of AI's evolution in catalysis informatics,
from the early stages of descriptor construction to the integration of XAI. XAI plays
several crucial roles in the catalyst development process:

Fusion of Predictive Accuracy and Physical Interpretability: XAI maintains high
predictive accuracy for catalytic performance while presenting the model's "thought
process" in a human-understandable form (e.g., the role of specific atomic structures,
electronic configurations, or adsorption sites). This allows catalyst scientists to trust AI
predictions and design new catalysts based on these insights.



Interpretable Feature Engineering: The article details how AI can automatically
extract and utilize physically meaningful descriptors that influence catalytic
performance, such as geometric properties (e.g., surface structure, site arrangement),
electronic properties (e.g., d-band center, work function), and adsorption properties
(e.g., binding energies of reaction intermediates). XAI helps identify the most crucial
descriptors for specific catalytic reactions.

Descriptor-Driven Learning Frameworks: This framework illustrates how AI learns
and generalizes the complex relationships between catalytic structural and electronic
descriptors and their performance (e.g., reaction rate, selectivity, stability). XAI clarifies
which descriptors exert the greatest influence during this learning process, providing
guidelines for catalyst design.

Specifically, the review explains with concrete examples how XAI can contribute to
electrocatalytic reactions (e.g., oxygen evolution reaction, hydrogen evolution reaction)
and photocatalytic reactions (e.g., CO2 reduction, water splitting), including identifying
active sites, optimizing reaction pathways, and elucidating mechanisms for suppressing
toxic intermediates. This demonstrates the potential of AI not merely as a black-box tool
but as a means to deepen scientific understanding.

Strategic Significance & Outlook

The application of XAI in electrocatalysis and photocatalysis holds the potential to
fundamentally transform the paradigm of catalyst design. More understandable and
reliable AI models will enable researchers to discover and optimize new catalytic
materials more rapidly and efficiently. This is expected to lead to breakthroughs in a
wide range of fields, including fuel cells, solar cells, CO2 capture technologies, and
chemical synthesis processes. In the future, XAI is anticipated to be integrated with self-
driving lab systems, realizing "smart catalyst research" where the entire cycle of catalyst
development is optimized through human-AI collaboration.

Source: https://pubs.acs.org/doi/10.1021/acsami.6c04737
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#21 Citrine InformaticsのAIが特殊化学品製造のレジリエ
ンスを強化し、サプライチェーンリスクを低減

OVERVIEW

Citrine Informatics is deploying AI to significantly enhance resilience in specialty

chemical manufacturing, offering innovative solutions to mitigate supply chain

disruption risks. This AI technology streamlines product development and operational

risk management by enabling rapid screening of alternatives, identification of critical

components, and systematic evaluation of supply chain dynamics. Ultimately, it allows

researchers to focus experimental resources on high-potential candidates, minimizing

waste and bolstering the specialty chemical industry's sustainability and

competitiveness.
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IN DEPTH

Background

The specialty chemical industry delivers high-value-added materials critical to diverse
sectors, including automotive, electronics, healthcare, and construction. However, this
sector grapples with numerous challenges: inherently complex supply chains, stringent
quality standards, evolving environmental regulations, and persistent geopolitical risks.
In particular, frequent supply chain disruptions have recently exerted significant pressure
on companies' production plans and profitability. Artificial intelligence (AI) is emerging
as a powerful tool to address these complexities, enhancing corporate resilience through
advanced predictive analytics, optimization algorithms, and intelligent automation.

Key Findings

Citrine Informatics' AI solutions are making significant strides in enhancing resilience
across specialty chemical manufacturing, providing innovative approaches to mitigate
supply chain disruption risks. This AI-driven technology substantially improves both
product development and operational risk management. It achieves this by facilitating
the rapid screening of alternative materials, the precise identification of critical
components, and the systematic evaluation of potential impacts from supply chain
changes. As a result, researchers can more efficiently allocate limited experimental
resources towards high-potential candidates, drastically reducing wasted effort and
directly contributing to the specialty chemical industry's long-term sustainability and
competitive edge.

Technical Details

The Citrine Informatics AI platform harnesses advanced materials informatics and
machine learning to tackle a spectrum of challenges inherent in specialty chemical
manufacturing:



Rapid Screening of Alternatives: Given the constant flux of global supply chains, the
unavailability of critical raw materials poses a persistent risk. The AI leverages
extensive materials databases and property data to swiftly identify alternative
candidates that offer equivalent or superior performance to existing raw materials,
simultaneously assessing their integration feasibility. This capability empowers
companies to react rapidly to supply shortages and minimize production
interruptions. For instance, should a specific polymer additive become unavailable,
the AI can generate a list of alternative chemical structures or compositions within
hours and accurately predict their performance impact.

Identification of Critical Components and Risk Assessment: The AI precisely
identifies components that exert the most significant influence on product
performance and manufacturing processes. This granular insight allows companies to
proactively assess and mitigate supply chain risks linked to these critical components,
such as over-reliance on single suppliers or exposure to geopolitical instability. For
example, it can simulate the ripple effect of a disruption in the supply of a particular
catalyst, subsequently proposing viable alternative sourcing routes or optimized
inventory strategies.

Systematic Evaluation of Supply Chain Changes: In response to geopolitical shifts,
evolving trade regulations, natural disasters, or other unforeseen events that could
disrupt the supply chain, the AI systematically evaluates their impact on raw material
availability and cost. This analytical prowess enables companies to make swift, data-
driven decisions and formulate robust strategies to minimize potential risks
effectively.

Beyond operational resilience, this AI solution offers substantial advantages during the
research and development (R&D) phase. Researchers can significantly reduce wasted
effort and accelerate development cycles by concentrating experimental resources on
the promising candidates identified and proposed by the AI. The AI's ability to predict
and optimize material properties far surpasses the efficiency and speed of traditional,
laborious manual trial-and-error methodologies.



Strategic Significance & Outlook

The Citrine Informatics AI platform is strategically positioned to be a pivotal driver in
accelerating the digital transformation across the specialty chemical manufacturing
industry. Beyond merely strengthening individual companies' competitiveness, enhanced
supply chain resilience will fundamentally contribute to the realization of more
sustainable manufacturing processes globally. Looking ahead, AI's capabilities are
anticipated to expand into even broader applications, encompassing real-time supply
chain monitoring, advanced predictive maintenance, and the optimization of
environmental footprints. This comprehensive integration of AI will empower the
specialty chemical industry to evolve towards a significantly more agile, adaptable, and
sustainable future, enabling it to address complex global challenges with unprecedented
effectiveness.

Source: https://www.azom.com/article.aspx?ArticleID=25367
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#22 ACS誌に2D材料の構造表現に関する比較研究が登
場、Dynamic Collision Fingerprintが有望

OVERVIEW

A recent comparative study published in ACS Omega investigates various structural

representations for 2D materials, highlighting the promising potential of the Dynamic

Collision Fingerprint (DCF). The research addresses the critical challenge of physical

interpretability in high-dimensional descriptor libraries when applied to complex 2D

systems, offering a path towards more effective and understandable computational

materials modeling. These insights are crucial for accelerating the design of next-

generation thin-film materials by fostering greater trust and clarity in AI-driven

material discovery.
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IN DEPTH

Background

Two-dimensional (2D) materials such as graphene and molybdenum disulfide (MoS2)
have garnered significant attention across diverse fields, including next-generation
electronics, sensors, energy storage, and catalysis, owing to their unique electrical,
optical, and mechanical properties. However, their effective design and optimization
necessitate an accurate understanding of atomic-level structure-property relationships.
While machine learning and materials informatics offer powerful tools to accelerate this
discovery process, the selection of appropriate structural representations—or
'descriptors'—profoundly impacts both model performance and interpretability. This
study directly addresses a critical challenge in the engineering of such descriptors.

Key Findings

A comparative study published in ACS Omega meticulously investigated different
structural representations for 2D materials, including the novel Dynamic Collision
Fingerprint (DCF) and established features from the Matminer library. This research
tackles the fundamental limitations of common high-dimensional descriptor libraries,
particularly concerning their physical interpretability, especially when applied to
structurally complex 2D systems. The findings provide crucial insights that will contribute
to the development of more effective and transparent computational materials modeling
techniques for 2D materials, thereby accelerating the design of a new generation of
high-performance thin-film materials.

Technical Details

The study primarily focused on a head-to-head comparison of structural representations,
which are fundamental for accurately predicting material properties and designing novel
2D structures. Key aspects of the investigation included:



Dynamic Collision Fingerprint (DCF): DCF represents a novel descriptor that
encodes structural information based on simulated dynamic collision processes
between atoms within the material. This approach excels at capturing subtle crystal
symmetries and intricate local structural environments, demonstrating particular
promise for complex 2D systems characterized by defects or structural fluctuations.
Uniquely, DCF has the potential to efficiently represent information related to
dynamic properties and phase transitions, aspects often overlooked by traditional
static structural descriptors.

Utilization of Matminer Library: The researchers employed Matminer, a widely-used
Python library for materials science, which generates diverse high-dimensional
descriptors from atomic arrangements, composition, and bonding states. Common
descriptors generated by Matminer were critically compared against DCF to evaluate
their respective strengths, limitations, and performance in various 2D material
contexts.

Addressing Limitations of High-Dimensional Descriptors: For structurally complex
2D systems—such as intricate heterostructures with stacked layers or materials rich in
defects—conventional high-dimensional descriptors (e.g., atomic pair distribution
functions, crystal graph-based features) often faced significant challenges regarding
their physical interpretability. While machine learning models built upon these
descriptors might achieve high predictive accuracy, they frequently suffer from the
'black-box' problem, making it difficult for researchers to understand the underlying
physical reasons for specific predictions or to discern which structural features truly
drive material properties.

Pursuit of Physical Interpretability: A central tenet of this research was the
emphasis on 'interpretability' alongside predictive accuracy. The study critically
questioned the physical meaning encoded within various descriptors and how directly
they relate to observed material behavior. It robustly suggests that novel descriptors
like DCF can offer more intuitive and physically meaningful insights, fostering greater
understanding and trust in AI-driven material discovery.

The comprehensive results of this comparative study establish important guidelines for
enhancing both the accuracy and interpretability of computational materials modeling
specifically tailored for 2D materials.



Strategic Significance & Outlook

The profound insights garnered from this research are expected to significantly improve
descriptor selection in computational materials modeling for 2D materials, paving the
way for more reliable and impactful AI-driven materials design. Crucially, the
demonstrated potential of novel descriptors like DCF to offer inherent physical
interpretability is paramount; it allows researchers to trust AI predictions more deeply
and subsequently design truly innovative materials based on these actionable insights.
Moving forward, this research is anticipated to critically aid in the optimization of
complex 2D material systems, including advanced defect engineering, sophisticated
heterostructure design, and the development of quantum dots. Ultimately, these
advancements will accelerate the global realization of higher-performance devices and a
new generation of applications.

Source: https://pubs.acs.org/doi/10.1021/acsomega.6c03154

Collected: July 03, 2026 | Automated Research System (Gemini API)

https://pubs.acs.org/doi/10.1021/acsomega.6c03154


#23 リン酸カルシウム生体材料足場のデータ駆動型発見、
材料インフォマティクスとMLクラスタリングで効率化

OVERVIEW

A recent study published in Indonesian Applied Physics Letters demonstrates a novel

data-driven approach for discovering calcium phosphate biomaterial scaffolds,

integrating materials informatics with machine learning (ML) clustering. While this

method offers efficient and scalable biomaterial discovery, the research critically

highlights the importance of mitigating descriptor bias through multi-objective
balancing to ensure reliable and physically meaningful outcomes. This advancement

marks a crucial step toward accelerating new material development in regenerative

medicine and tissue engineering.
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IN DEPTH

Background

In the fields of regenerative medicine and tissue engineering, there is an urgent need for
the development of new biomaterials to repair or replace damaged tissues and organs.
Specifically, the regeneration of bone and cartilage requires scaffold materials with
excellent biocompatibility and functionality. However, the design space for ideal
biomaterials is vast, making it challenging to search for materials that simultaneously
meet desired properties. Materials informatics and ML are emerging as powerful tools to
efficiently solve this complex search problem and shorten development cycles.

Key Findings

A study published in Indonesian Applied Physics Letters demonstrated the data-driven
discovery of calcium-phosphate biomaterial scaffolds by combining materials informatics
and machine learning (ML) clustering. This integrated approach enables efficient and
scalable biomaterial discovery but critically emphasizes the necessity of mitigating
descriptor bias through multi-objective balancing to yield reliable and physically
meaningful results. This marks a significant step toward accelerating new material
development in regenerative medicine and tissue engineering.

This research specifically focuses on the exploration and optimization of calcium-
phosphate-based scaffold materials. Calcium phosphate, a primary component of bones
and teeth, is widely studied in bone regeneration and tissue engineering due to its
excellent biocompatibility and osteoconductivity.

Application of Materials Informatics: The study involves collecting extensive
experimental and computational data related to calcium-phosphate biomaterials to
construct a comprehensive database. This data includes composition, structure,
synthesis conditions, and functional properties such as mechanical strength,
biocompatibility, and degradation rate.



Machine Learning Clustering: ML clustering algorithms, such as K-means or
hierarchical clustering, are applied to the constructed database. This automatically
identifies groups of materials with similar properties, efficiently narrowing down
candidate materials best suited for specific applications. For example, it can visualize
how calcium phosphates of different compositions form distinct groups in terms of
bioactivity or mechanical strength.

Descriptor Bias Correction and Multi-objective Balancing: The predictive
performance and physical interpretability of ML models heavily depend on the quality
of the "descriptors" (numerical representations of material features) used as input.
This study highlights that inherent biases in descriptors can lead to inaccurate or
physically meaningless results. To mitigate this, the concept of multi-objective
optimization is introduced. By simultaneously considering multiple objectives (e.g.,
mechanical strength and biocompatibility), descriptor balance is achieved, leading to
more reliable clustering results. For instance, an optimal bone regeneration scaffold
needs sufficient strength while also promoting cell proliferation.

This approach allows for the identification of promising biomaterial candidates with
significantly fewer resources compared to traditional trial-and-error experimentation.

The data-driven discovery of calcium-phosphate biomaterial scaffolds, integrating
materials informatics and ML clustering, will significantly impact the field of regenerative
medicine. The approach of correcting descriptor bias and considering multi-objective
balance enables more reliable material design and accelerates the path to clinical
applications. In the future, this framework is expected to be applied to the discovery of
other biomaterials (e.g., polymers, ceramics, composites), providing new material
solutions for personalized and precision medicine. This will contribute to improving
patient outcomes and driving innovation in the medical industry globally.

Source: https://e-journal.unair.ac.id/IAPL/article/view/94237
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#24 MARVELプロジェクト、量子力学からAI駆動型材料発
見へ12周年、計算科学を再構築

OVERVIEW

The MARVEL project, celebrating its 12th anniversary, has fundamentally transformed

materials discovery by integrating quantum mechanical simulations, advanced

computing, and machine learning. Since its 2014 inception, MARVEL has developed

crucial open-source tools to enhance simulation reproducibility and collaboration

while fostering industry partnerships across diverse material applications like solar

cells and advanced alloys. This effort has established a robust foundation for AI-

driven materials research, marking a significant milestone in materials science.
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IN DEPTH

Background

The discovery and development of novel materials are paramount for modern society,
impacting sustainable energy, high-performance electronics, medicine, and
environmental sustainability. Traditionally, however, materials research has been
characterized by time-consuming, costly experimentation and iterative trial-and-error.
Launched in 2014, the MARVEL project emerged as a pioneering initiative to integrate
computational and data science to overcome these inherent bottlenecks. This paradigm
shift has established a new era of AI-driven materials research, significantly accelerating
the efficiency and pace of scientific discovery.

Key Achievements

Celebrating its 12th anniversary since its inception in 2014, the MARVEL (Materials' Novel
Electronic Properties from HTS and First-Principles) project has fundamentally
transformed materials discovery. This transformation was achieved by seamlessly
integrating quantum mechanical simulations, advanced computational power, and
machine learning (ML). A core achievement has been the development of innovative
tools that significantly enhance the reproducibility, shareability, and collaborative nature
of complex simulations. Concurrently, MARVEL has successfully fostered critical industrial
partnerships. Its extensive research portfolio, encompassing diverse areas such as solar
cells, batteries, catalysts, 2D materials, and advanced alloys, has laid a robust foundation
for AI-driven materials research, marking a pivotal milestone in the field of materials
science.

Core Innovations

At its core, the MARVEL project has strategically focused on the deep integration of
computational and data science within materials research. This success has been
underpinned by several key technical elements:



Quantum Mechanical Simulations: The project extensively utilizes first-principles
calculations, such as Density Functional Theory (DFT), to accurately simulate the
fundamental electronic structures and interatomic interactions of materials. This
approach provides critical foundational data, enabling a profound understanding of
microscopic material behavior and predictive capabilities for properties difficult to
ascertain experimentally.

High-Performance Computing (HPC) Integration: MARVEL leverages state-of-the-
art supercomputing resources to efficiently execute large-scale material systems and
complex simulations. This computational power is indispensable for training
advanced AI models and for exhaustively exploring vast material design spaces.

Advanced Machine Learning (ML) Models: The project develops sophisticated ML
models that analyze extensive datasets generated from simulations. These models
learn intricate relationships between material composition, structure, and properties,
thereby dramatically accelerating the screening of novel material candidates, precise
property prediction, and inverse design (designing materials based on desired
properties). Significant advancements include the development of ML interatomic
potentials and the application of AI in crystal structure prediction.

Open-Source Tool Development: MARVEL has pioneered the creation of open-
source software tools, notably AiiDA, designed to automate complex simulation
workflows and facilitate seamless data sharing and collaboration among researchers.
These tools are crucial for enhancing the reproducibility of scientific research and
streamlining cooperative efforts.

Broad Material Science Applications: The project's research scope spans a wide
array of critical material classes, including: solar cell materials (aiming to improve
photoelectric conversion efficiency), battery materials (focused on enhancing energy
density and lifespan), catalysts (for designing highly efficient reactions), 2D materials
(with applications in advanced electronic devices), and advanced alloys (to improve
strength and heat resistance).

By synergistically integrating these advanced technologies, MARVEL has redefined
computational science, transforming it from a merely predictive instrument into a
formidable engine actively driving groundbreaking materials discovery.



Strategic Significance and Future Outlook

The robust foundation established by the MARVEL project is poised to continually
expand the frontiers of materials science. The continued, deeper integration of AI and
high-performance computing will unlock the exploration of previously inaccessible
complex material systems, thereby accelerating the development of even more
functional and sustainable materials.

Looking ahead, the innovative technologies and methodologies cultivated within
MARVEL are expected to evolve into advanced self-driving lab systems and AI-driven
materials design platforms, potentially leveraging foundation models. This evolution
promises to dramatically shorten the time-to-market for novel materials. The enduring
legacy of MARVEL will furnish the next generation of materials scientists and engineers
with potent tools to address pressing global challenges, positioning them as
indispensable leaders in technological innovation worldwide.

Source: https://www.eurekalert.org/news-releases/1134402
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#25 ArXivに化学実験室用ヒューマノイドロボット向け初
のベンチマーク「Labimus」が登場

OVERVIEW

A new preprint on arXiv introduces 'Labimus,' the first benchmark designed to

evaluate dexterous manipulation by humanoid robots in chemical laboratories.

Labimus aims to bridge the critical gap between current automated experimentation

and the high-precision dynamic operations human chemists perform. By integrating

realistic lab assets, articulated instruments, particle physics, and closed-loop readouts,

Labimus provides standardized workflows to accelerate the development of advanced

robotic chemists.
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IN DEPTH

Background

Automation in chemical laboratories holds immense potential across many scientific
fields, including drug discovery, materials discovery, and polymer synthesis. However,
existing lab automation systems are often limited to repetitive, structured tasks,
struggling with the dexterous and adaptive manipulations that humans perform.
Humanoid robots, with their inherent versatility to handle diverse tasks, are key to
achieving full autonomy in chemical laboratories. The advent of benchmarks like Labimus
is therefore essential for accelerating research and development in this area and
standardizing progress in robotic chemistry.

Key Findings

A preprint paper published on arXiv introduces "Labimus," the first benchmark
specifically designed for dexterous manipulation by humanoid robots within chemical
laboratories. Labimus aims to bridge the critical gap between current automated
experimentation and the high-precision dynamic operations often required in chemical
processes. This benchmark integrates over 30 functionally faithful assets derived from
real workstations, physically articulated instruments, particle-based powder physics, and
closed-loop instrument readouts.

Labimus provides a comprehensive platform for evaluating how efficiently and accurately
humanoid robots can perform complex tasks in a chemical laboratory. Its key features
include:

Realistic Virtual Laboratory Environment: Labimus incorporates over 30
functionally faithful assets (e.g., flasks, beakers, pipettes, stirrers, reactors) taken
directly from real chemical workstations. This allows robotic agents to be trained and
evaluated in an environment closely resembling a real-world lab setup, enhancing the
transferability of learned skills.



Articulated Instruments and Closed-Loop Readouts: Instruments within the virtual
environment are not merely static objects; they are physically articulated and respond
in real-time to robot manipulations. For example, if a robot transfers liquid from one
container to another, the volume or concentration of that liquid is accurately updated
within the simulation and subsequently 'read' by simulated sensors. This closed-loop
instrument readout capability is essential for robots to understand experimental
outcomes in real-time and plan subsequent adaptive actions.

Particle-Based Powder Physics: Handling solid substances, particularly powders,
presents a significant challenge in robotic manipulation within chemical laboratories.
Labimus integrates a sophisticated particle-based physics engine to realistically
simulate the behavior of powder materials, accounting for properties like flowability,
mixing, and accurate weighing. This allows robots to train and fine-tune precise
manipulation capabilities for powder handling tasks.

Defined Workflows and Evaluation Criteria: The benchmark defines two primary
workflows: atomic manipulation (e.g., moving microscopic particles with tweezers)
and solid substance weighing (e.g., accurately weighing and transferring a specific
amount of powder into a container). Task completion rate, manipulation accuracy, and
operational efficiency serve as the primary evaluation criteria for these workflows,
establishing a clear standard for performance assessment.

Labimus provides a standardized platform for comparing and evaluating the
performance of various robot control algorithms, such as reinforcement learning,
imitation learning, and planning. This benchmark is poised to be a crucial tool for
enhancing the capabilities of humanoid robots in chemical laboratories, accelerating the
development of more advanced and autonomous robotic chemists. In the future, these
robots are expected to integrate seamlessly with self-driving lab systems, enabling them
to autonomously plan, execute, and analyze complex chemical experiments without
continuous human supervision. This will dramatically improve the speed and
reproducibility of discovery in materials science, drug discovery, and synthetic chemistry,
fostering global scientific breakthroughs.

Source: https://arxiv.org/html/2606.31037v1
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#26 バークレー研究所、植物-微生物研究の再現性を高め
る自律型ラボ「EcoBOT」を開発

OVERVIEW

Researchers at Lawrence Berkeley National Laboratory (Berkeley Lab) have unveiled

EcoBOT, an autonomous laboratory designed to overcome long-standing

reproducibility issues in plant-microbe interaction research and significantly

accelerate bioenergy discovery. Integrating robotic hardware, advanced imaging, and

an adaptive AI modeling framework (gpCAM), EcoBOT continuously monitors plant

behavior, identifies uncertainties, and autonomously guides the experimental

discovery cycle. This innovative system promises to establish new standards for

automation in biological research, driving advancements in clean energy production

and sustainable agriculture.
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IN DEPTH

Background

Research into plant-microbe interactions is critical for addressing global challenges such
as bioenergy production, soil health, and sustainable agriculture. However, these
biological systems are inherently complex and highly variable, presenting challenges of
reproducibility and low throughput with traditional experimental methods. Autonomous
labs integrating AI and robotics offer a powerful solution to overcome these challenges
and establish standards for biological research. Especially amidst intensifying
competition in clean energy source development, efficient research in the bioenergy
sector is strategically important.

Key Findings

Lawrence Berkeley National Laboratory (Berkeley Lab) has developed "EcoBOT," an
autonomous laboratory designed to resolve long-standing reproducibility issues in
plant-microbe interaction research and dramatically accelerate bioenergy studies.
EcoBOT integrates robotic hardware, advanced imaging systems, and an adaptive
modeling framework (gpCAM) to continuously monitor plant behavior, identify
uncertainties, and autonomously guide the discovery cycle. This innovative system is
poised to set new standards for automation in biological research and contribute
significantly to clean energy production and sustainable agriculture.

Technical Details

EcoBOT is a sophisticated autonomous laboratory specifically engineered to address the
complexity and inherent variability of biological experiments. Its main technological
components include:

Robotic Hardware: EcoBOT's precision robotic systems autonomously execute
physical tasks, including meticulous plant growth management, accurate water and
nutrient delivery, and systematic sampling. This automation minimizes human
variability and error, significantly enhancing experimental reproducibility. For instance,
it can simultaneously subject numerous plants to diverse environmental conditions
with high-fidelity manipulations.



Advanced Imaging Systems: High-throughput, non-invasive imaging systems
acquire detailed data on plant-microbe interactions, encompassing metrics such as
plant growth, morphology, physiological states, and microbial colonization.
Leveraging AI-based image analysis algorithms, EcoBOT quantitatively extracts critical
information from these images, enabling real-time assessment of plant health and
stress responses.

Adaptive Modeling Framework (gpCAM): gpCAM (Gaussian Process-based
Bayesian Optimization with Active Learning for Complex Systems) serves as the
"brain" of EcoBOT. This sophisticated AI framework builds predictive models of plant-
microbe interactions from the extensive collected data and rigorously quantifies
experimental uncertainties. It then autonomously proposes the most informative next
experimental conditions, thereby optimizing the entire experimental cycle. For
example, gpCAM can efficiently identify optimal moisture conditions for specific
microbial consortia to maximize plant growth using a minimal number of trials.

Autonomous Discovery Cycle: EcoBOT fully automates and iterates through the
entire scientific discovery process—from hypothesis generation and experimental
execution to data collection, analysis, and the formulation of new hypotheses. This
paradigm significantly shortens discovery cycles, which traditionally span weeks to
months, thereby enabling the rapid acquisition of novel scientific insights.

These seamlessly integrated systems empower EcoBOT to study complex plant-microbe
ecosystems with unprecedented accuracy, efficiency, and scale.

Strategic Significance & Outlook

The development of EcoBOT is poised to revolutionize plant-microbe interaction
research and dramatically accelerate new discoveries within the bioenergy sector. This
autonomous laboratory will efficiently identify optimal plant varieties and microbial
consortia, driving critical advancements in biofuel production and soil improvement
technologies. Looking ahead, systems akin to EcoBOT are anticipated to find broader
application across biological research, fostering automation and efficiency in diverse
biotechnology fields, including high-throughput pharmaceutical screening and cell
culture optimization. This technological trajectory will accelerate scientific breakthroughs
crucial for realizing a sustainable society.



Source: https://newscenter.lbl.gov/2026/06/29/meet-ecobot-the-autonomous-lab-standardizing-plant-

microbe-research/
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#27 Ca-Fe-Ni三元系で100 GPa超の新規高圧相Ca6FeNiを
発見、基盤モデルが結晶構造予測を革新

OVERVIEW

A recent preprint on arXiv introduces a self-consistent foundation model-assisted

crystal structure prediction (CSP) workflow that integrates evolutionary search with

adaptive data selection and fine-tuning. This innovative methodology successfully

predicted a previously unreported, thermodynamically stable compound, Ca6FeNi, in

the Ca-Fe-Ni ternary system at pressures exceeding 100 GPa. This advancement

significantly reduces the computational expense of discovering new materials in

complex multi-component systems, accelerating the design of novel materials under

extreme high-pressure conditions.
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IN DEPTH

Background

The quest for new materials underpins advancements across critical sectors, from energy
and electronics to national defense. Discovering materials stable under extreme
conditions, especially high pressure, is paramount for breakthroughs in superhard
materials, high-temperature superconductors, and deep-earth material science.
Traditionally, crystal structure prediction (CSP) in complex multi-component systems has
faced formidable challenges, primarily due to the exponentially vast space of possible
atomic configurations and severe computational resource limitations. However, recent
strides in foundation models and AI-driven exploration are now poised to dramatically
accelerate this discovery process, offering potent tools to overcome these long-standing
hurdles.

Key Findings

A preprint published on arXiv reports the introduction of a self-consistent foundation
model-assisted crystal structure prediction (CSP) workflow, combining evolutionary
search with adaptive data selection and fine-tuning. This innovative method, applied to
the Ca-Fe-Ni ternary system, efficiently predicted the previously unreported,
thermodynamically stable compound Ca6FeNi at pressures exceeding 100 GPa. This
approach significantly reduces the computational cost of discovering new materials in
complex multi-component systems, marking a groundbreaking advancement in
designing novel materials under high-pressure conditions.

Technical Details

This innovative CSP workflow integrates several advanced computational techniques:

Foundation Model-Assisted CSP: The core of the workflow leverages foundation
models, such as interatomic potentials or graph neural network-based structural
representation models, pre-trained on extensive materials databases. These models
encode profound physical insights into interatomic interactions and structural
stability, enabling efficient navigation through immense structural exploration spaces.



Evolutionary Search Algorithms: Complementing the foundation models are
evolutionary search methods, like genetic algorithms, which are employed to
efficiently generate diverse candidate crystal structures and assess their stability. The
foundation models' predictive power guides this search, concentrating efforts on the
most promising regions of the material design space.

Adaptive Data Selection and Fine-Tuning: A crucial "self-consistent" loop is
established where new data generated during the exploration process, such as newly
identified stable structures under high pressure, is actively used to adaptively fine-
tune the foundation model. This continuous feedback mechanism allows the model to
incrementally enhance its predictive accuracy with newly acquired knowledge, leading
to more precise and efficient exploration.

Efficient Exploration of High-Pressure Phases: The method's successful application
to the Ca-Fe-Ni ternary system underscores its efficacy in probing material behavior
under extreme pressure. Discovering high-pressure phases is vital for deep-earth
material science and the development of superhard materials, yet it has traditionally
been computationally intensive and difficult. This workflow offers an efficient pathway
to predict previously unexplored high-pressure phases, exemplified by the prediction
of novel compound Ca6FeNi, stable at conditions exceeding 100 GPa.

By synergistically merging high-fidelity but computationally demanding methods like
Density Functional Theory (DFT) with the efficiency of AI models, this approach
effectively tackles the computational bottlenecks inherent in designing complex material
systems.

Strategic Significance & Outlook

The successful deployment of this self-consistent foundation model-assisted CSP
workflow marks a pivotal shift in the paradigm of new material discovery, particularly for
complex multi-component systems. The prediction of novel high-pressure phases such
as Ca6FeNi powerfully illustrates the method's transformative potential. This
methodology is anticipated to extend its utility beyond high-pressure scenarios to
material exploration under other extreme environments and to the bespoke design of
high-performance materials tailored for specific functionalities.



By enabling faster, more efficient new material discovery and development while
simultaneously reducing computational costs, this approach promises to significantly
shorten product development cycles in industry and accelerate scientific breakthroughs.
Looking ahead, this technology could integrate seamlessly with "self-driving labs,"
paving the way for fully autonomous materials discovery systems that could
revolutionize materials science and engineering.

Source: https://arxiv.org/abs/2606.30870
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#28 オークリッジ国立研究所、AIとオペレーション人材の
融合で自律型科学の未来を推進

OVERVIEW

Oak Ridge National Laboratory (ORNL) is actively advancing the future of

autonomous science by integrating artificial intelligence (AI) into scientific workflows

and operating over 12 self-driving laboratories. This innovative initiative profoundly

impacts overall operations, as the Facilities & Operations (F&O) division collaborates

closely with researchers to design, operate, and maintain the ecosystem for

continuous autonomous function. The ultimate goal is to connect multiple labs into a

single control network, enabling structured data streams for advanced AI analytics.
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IN DEPTH

Background

In the world of scientific research, the evolution of AI and robotics is giving rise to a new
paradigm: "autonomous science." Traditional research has heavily relied on human
expertise and manual labor, making it a time-consuming and iterative process. ORNL's
investment in autonomous science is a strategic move for the U.S. to lead the frontiers of
scientific and technological innovation and to rapidly address national challenges such as
energy security, climate change, and new materials development. Especially for
organizations with large research facilities, the collaboration between AI and operations
personnel is indispensable for efficiently utilizing complex infrastructure and achieving
maximum scientific output.

Key Findings

Oak Ridge National Laboratory (ORNL) is actively driving the future of autonomous
science by integrating artificial intelligence (AI) into scientific workflows and operating
over 12 self-driving laboratories. This transformative initiative not only accelerates
scientific processes but also significantly impacts overall operations, as the Facilities &
Operations (F&O) division collaborates closely with researchers to design, operate, and
maintain the ecosystem that enables continuous autonomous operation. The
overarching goal is to connect multiple labs into a single control network, achieving
structured data streams for advanced AI analytics.

ORNL's advancement in autonomous science is founded on several key technical and
organizational aspects:

Operating Over 12 Self-Driving Laboratories: ORNL currently operates more than
12 self-driving laboratories across diverse fields, including materials science,
chemistry, biology, and quantum information science. These labs integrate robotics,
advanced sensors, and machine learning algorithms to autonomously plan, execute
experiments, collect data, and analyze results. For example, one self-driving lab can
perform thousands of synthesis and characterization cycles for specific catalyst
materials without human intervention, efficiently exploring optimal compositions and
conditions.



Fusion of AI and Operations Workforce: A key to this transformation is the synergy
between scientists and F&O technical staff. The F&O division is responsible for
designing, building, maintaining the physical infrastructure of the labs (robotic arms,
fluid control systems, sensor networks, data storage, etc.), and developing interfaces
for integrating AI systems. They ensure a reliable operational environment for AI to
function smoothly and contribute to troubleshooting and continuous improvement.

Single Control Network and Structured Data Streams: ORNL's ambition is to
connect these multiple autonomous labs into a single, integrated control network.
This enables real-time, centralized collection of vast experimental data generated
from each lab, which is then provided as structured data streams for AI analysis. This
integrated data platform allows for identifying correlations between different
experiments and extracting broader scientific insights.

AI Analytics and Real-Time Feedback: AI models continuously analyze the
structured data streams to generate new hypotheses, optimize experimental
conditions, and identify unexpected phenomena. The results are fed back to the lab's
control systems in real-time, influencing the next experimental cycle.

This approach addresses scientific bottlenecks, dramatically enhancing the speed and
reproducibility of research.

ORNL's drive towards autonomous science is set to fundamentally change the
methodology of scientific research. By operating multiple self-driving labs within an
integrated network, scientific exploration of unprecedented scale and complexity
becomes possible. This will accelerate breakthroughs in a wide range of fields, including
more efficient energy materials, new quantum devices, and innovative biological
processes. Furthermore, the close collaboration model between AI and operations
personnel is expected to serve as a benchmark for other large research facilities and
industries to promote the efficient adoption and operation of AI technologies. This will
dramatically accelerate the pace of scientific discovery and contribute to innovation
across society.

Source: https://www.ornl.gov/news/operations-workforce-powers-ornls-autonomous-science-future
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#29 BoschがAI推進を強化、Fetch.aiと連携しWeb3/AI技
術開発のための分散型エコシステム構築

OVERVIEW

The Bosch Center for Artificial Intelligence (BCAI) is significantly escalating its AI

initiatives across manufacturing, autonomous driving, and engineering, aiming to

bridge the gap between scientific research and industrial application. A key move is

the expanded partnership with Fetch.ai, leading to the creation of the Fetch.ai

Foundation. This new entity will build a decentralized open-source ecosystem for

Web3 and AI development, accelerating advanced AI research in areas like efficient

neural network training and spatiotemporal language models for robotics and

autonomous systems.
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IN DEPTH

Background

AI is having a disruptive impact across all sectors where Bosch operates, including
manufacturing, the automotive industry, and consumer electronics. The convergence of
Web3 and AI, in particular, is creating new challenges and opportunities regarding data
ownership, privacy, security, and decentralized governance. Bosch's partnership with
Fetch.ai to build a decentralized ecosystem is a critical strategy to adapt to these new
paradigms and construct future smart infrastructure and autonomous systems.
Moreover, Germany is actively promoting industrial digitalization, and Bosch's initiatives
align with national innovation strategies.

Key Findings

The Bosch Center for Artificial Intelligence (BCAI) is intensifying its AI initiatives,
enhancing knowledge transfer between science and industry in manufacturing,
autonomous driving, and engineering development. Notably, Bosch has expanded its
partnership with Fetch.ai, establishing the Fetch.ai Foundation to build a decentralized
open-source ecosystem for Web3 and AI technology development. This strategic alliance
aims to accelerate cutting-edge AI research and applications, including efficient neural
network training and the development of spatiotemporal language models for robotics
and autonomous driving applications.

Technical Details

BCAI's activities span from fundamental AI research to advanced applications. The
partnership with Fetch.ai is specifically set to accelerate technology development in the
following areas:

Building a Decentralized Open-Source Ecosystem: The Fetch.ai Foundation will
develop a new ecosystem combining Web3 technologies (blockchain, decentralized
ledger technology) with AI. This will enable AI agents to autonomously collaborate on
decentralized networks, securely and efficiently exchanging data and services. This
opens new possibilities for business models and efficiencies in areas such as supply
chain management, smart cities, and Industry 4.0.



Efficient Neural Network Training: Training large-scale AI models consumes vast
computational resources and energy. BCAI is researching more energy-efficient and
faster neural network training methods. This includes explorations into quantum AI,
federated learning, and the development of lightweight model architectures.

Development of Spatiotemporal Language Models for Robotics and
Autonomous Driving Applications: Autonomous vehicles and industrial robots
need to understand complex environments and make real-time decisions. BCAI is
developing advanced language models (spatiotemporal language models) capable of
understanding temporal and spatial contexts for these applications. This will enable
robots to interpret natural language instructions more accurately and generate action
plans adaptive to environmental changes. For example, such models would be crucial
for autonomous cars to select safe routes in unpredictable traffic situations.

Enhancing Knowledge Transfer between Science and Industry: BCAI strengthens
collaborations with academic research institutions, acting as a bridge to rapidly apply
the latest AI research findings to Bosch's products and services. This ensures a
smooth transition from lab innovation to practical industrial applications.

These initiatives reflect Bosch's strategic investment in positioning AI technology as a
core competitive advantage to secure future technological leadership. The establishment
of this decentralized open-source ecosystem has the potential to accelerate the fusion of
AI and Web3 technologies, revolutionizing numerous industries. This will lead to safer,
more efficient, and intelligent solutions across Bosch's product portfolio, including
autonomous vehicles, smart factories, and smart homes. The focus on efficient AI
training and spatiotemporal language models will not only enhance AI performance but
also improve its energy efficiency and practicality, positioning Bosch as a leading player
in technological innovation for an AI-driven future society.

Source: https://www.bosch.com/research/bcai/
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#30 ArXivに大規模マルチモーダルデータセット
「MatSciFig」が登場、材料科学の視覚的記録を解放

OVERVIEW

A newly published preprint on arXiv introduces MatSciFig (Materials Science Figures),

a large-scale multimodal dataset extracted from scientific literature. MatSciFig aims to

unlock the vast visual record of materials science, curating 180,571 figures and

391,606 annotated panels across diverse domains like alloys, composites, and

polymers. This crucial resource addresses the domain gap in existing datasets,

promising to significantly enhance visual-language learning, materials property

prediction, and inverse design, thereby accelerating data-driven discovery.
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IN DEPTH

Background

Materials science is fundamental to addressing humanity's most pressing challenges,
from energy and environmental sustainability to health advancements. Yet, the discovery
and development of new materials remain notoriously time-consuming and expensive.
Material properties are intimately linked to their composition, structure, and processing
methods, information frequently captured and conveyed through rich visual data such as
micrographs, graphs, and structural diagrams in scientific literature. Historically, artificial
intelligence applications in this field have predominantly focused on textual and
structured data, leaving an immense reservoir of visual information largely untapped.
The advent of MatSciFig seeks to rectify this oversight, establishing a vital foundation for
AI to achieve a far more comprehensive understanding of materials science.

Key Findings

A significant preprint released on arXiv introduces "MatSciFig" (Materials Science
Figures), a groundbreaking, large-scale multimodal dataset meticulously extracted from
the vast body of scientific literature. MatSciFig is specifically designed to unlock the
visual record of materials science, thereby accelerating the pace of data-driven discovery.
The dataset boasts an impressive curation of 180,571 figures and 391,606 expertly
annotated panels, spanning a diverse array of materials domains including alloys,
composites, and polymers. This comprehensive coverage directly addresses the critical
domain gap observed in existing multimodal datasets. Ultimately, MatSciFig is poised to
become an indispensable resource for advancing visual-language learning and
significantly enhancing the capabilities for materials property prediction and inverse
design.

Technical Details

MatSciFig contributes significantly to advancing the application of AI in materials science
through several key technical innovations:



Construction of a Large-Scale Multimodal Dataset: The project meticulously
involved the simultaneous extraction of images (figures) and their corresponding text
(captions, relevant body text) from scientific papers. These elements were then
precisely correlated to construct a massive multimodal dataset. This unique approach
empowers AI models to learn intricate materials science knowledge from both visual
and textual information concurrently. With 180,571 figures and 391,606 annotated
panels, MatSciFig stands as one of the largest multimodal datasets specifically
tailored for materials science to date.

Overcoming the Domain Gap: Traditional, generic image recognition models have
consistently struggled with the nuanced and highly specialized nature of scientific
figures, such as complex crystal structure diagrams, detailed micrographs, and
intricate graphs. MatSciFig directly tackles this "domain gap" by comprehensively
covering major sub-domains within materials science, including alloys, composites,
polymers, ceramics, and biomaterials. This specialized curation enables AI models to
more effectively learn and interpret materials-specific visual concepts.

Improving Visual-Language Learning: MatSciFig significantly enhances AI models'
visual-language learning capabilities by integrating images with rich associated
textual information, encompassing figure titles, captions, and in-text mentions. This
synergistic combination allows AI to accurately identify and understand critical
attributes of materials, such as their composition, structure, processing methods, and
resulting properties, directly from visual representations. For instance, an AI model
could now infer, "from this TEM image of nanoparticles, the average particle size is 10
nm."

Facilitating Property Prediction and Inverse Design: As AI systems develop a more
profound understanding of the visual record of materials, the accuracy of models
designed to predict macroscopic properties (e.g., strength, electrical conductivity,
thermal stability) based on material microstructure and morphological features will
dramatically improve. Moreover, MatSciFig paves the way for an advanced "inverse
design" paradigm, where AI can conceptualize and generate visual features of
materials tailored to exhibit specific, desired properties.

In adherence to open science principles, the MatSciFig dataset will be publicly released,
serving as a shared, foundational resource to accelerate AI research and innovation
across the global materials science community.



Strategic Significance and Outlook

The introduction of MatSciFig is poised to usher in a new era for AI applications within
materials science, elevating the field to unprecedented levels of innovation. This
groundbreaking dataset is anticipated to fuel a wide spectrum of research endeavors,
including the training of advanced visual-language models, the automated extraction of
precise material properties, the generation of novel materials, and the visual verification
of complex scientific hypotheses. Looking ahead, MatSciFig lays the groundwork for the
potential realization of fully autonomous scientific discovery systems, where AI agents
could independently identify new materials from vast scientific literature, accurately
predict their properties, and even orchestrate robotic experiments. Such advancements
promise to dramatically shorten the notoriously lengthy materials development cycle,
thereby accelerating global technological innovation across countless sectors.

Source: https://arxiv.org/pdf/2606.29667
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#31 Hugging Faceにロボティクス向け自律型スキル発見
システムASPIREが登場、実ロボットプログラミングを効
率化

OVERVIEW

A preprint on Hugging Face introduces ASPIRE (Agentic Skill Programming through

Iterative Robot Exploration), a continuous learning system that autonomously

develops and refines robot control programs for complex manipulation and

household tasks. Operating in an open-ended loop with a closed-loop execution
engine, an expanding skill library, and evolutionary exploration, ASPIRE demonstrates

superior Sim-to-Real transfer and zero-shot generalization, marking a significant

breakthrough in reducing real-world robot programming efforts.
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IN DEPTH

Background

The service and industrial robotics sectors face an increasing demand for robots capable
of executing complex, adaptive tasks. Traditionally, manually programming robots to
navigate diverse and uncertain environments has been a significant time-consuming and
costly bottleneck. However, recent advancements in AI, especially reinforcement learning
and generative models, are enabling robots to learn autonomously and optimize their
actions. The development of continuous learning systems, such as ASPIRE, is critical for
accelerating R&D in this domain and fostering the widespread adoption of more
versatile robotic solutions.

Key Findings

A recently published preprint on Hugging Face unveils ASPIRE (Agentic Skill
Programming through Iterative Robot Exploration), a novel continuous learning system
poised to transform robot programming. ASPIRE autonomously develops and refines
robot control programs specifically for dexterous manipulation and household tasks.
Operating within an open-ended learning loop, ASPIRE integrates a closed-loop robot
execution engine for autonomous fault diagnosis, a continuously expanding skill library,
and an evolutionary exploration mechanism. The system has demonstrated superior
performance in Sim-to-Real transfer and impressive zero-shot generalization capabilities,
representing a significant breakthrough in drastically reducing the effort required for
real-world robot programming.

Technical Details

ASPIRE presents a comprehensive framework empowering robots to autonomously
acquire new skills and enhance existing ones. Its core technical components are:

Closed-Loop Robot Execution Engine: ASPIRE incorporates a closed-loop execution
engine designed for autonomous diagnosis and response to failures or unexpected
events during task execution. For instance, if a robot's attempt to grasp an object
fails, the AI identifies the failure and automatically adjusts parameters such as grip
angle or force for a subsequent retry. This capability ensures robust task execution
with minimal human intervention.



Ever-Expanding Skill Library: The system maintains a modular skill library that stores
newly acquired manipulation skills and task-solving strategies. This library
continuously grows, significantly boosting learning efficiency by enabling the reuse or
combination of existing skills for new tasks. For example, a learned "holding a cup"
skill can be readily applied to more complex actions like "pouring water into a cup" or
"placing a cup on a shelf."

Open-Ended Learning with Evolutionary Exploration: ASPIRE operates within an
open-ended learning paradigm, not constrained by pre-defined goals. It leverages
evolutionary search algorithms to allow the robot to autonomously explore behaviors
across diverse environments and task configurations, thereby identifying and learning
successful action patterns. This mechanism facilitates the autonomous discovery of
novel solutions, even for previously unknown situations or unforeseen tasks.

Sim-to-Real Transfer and Zero-Shot Generalization: While robot training is
predominantly conducted in simulated environments due to cost and safety
considerations, ASPIRE exhibits superior performance in effectively transferring skills
learned in simulation to real-world physical robots (Sim-to-Real transfer). Crucially, it
also demonstrates "zero-shot generalization" capabilities, enabling the immediate
application of learned skills to novel tasks or environments not explicitly encountered
during its training phase. This significantly amplifies the robot's versatility and
practical utility.

This robust system holds significant promise for applications in domains where
conventional robotics have historically faced challenges, particularly complex dexterous
manipulation and a wide range of household tasks (e.g., cooking, cleaning, object
organization).



Strategic Significance and Outlook

The successful implementation of ASPIRE is poised to dramatically reduce the
programming overhead for real-world robots, creating a profound impact on the service
robotics sector. It expands the potential for deploying highly advanced and autonomous
robots across a broad spectrum of applications, including home robotics, caregiving
assistance, and logistics. Looking ahead, systems like ASPIRE are expected to
autonomously learn and execute complex tasks based on intuitive human instructions,
thereby fostering deeper and more seamless human-robot collaboration. This
advancement promises substantial societal benefits, from alleviating labor shortages and
enhancing quality of life to boosting industrial productivity.

Source: https://huggingface.co/papers/2607.00272
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#32 Saamaが「2026年AI Breakthrough Awards」受賞、
AI駆動型プラットフォームでライフサイエンス開発を加速

OVERVIEW

Saama has been honored with the "AI-based Life Sciences Solution of the Year" at the

2026 AI Breakthrough Awards for its unified AI-driven platform, which significantly

accelerates clinical development and commercialization. Its core Agentic AI

Framework deploys specialized AI agents to autonomously manage tasks across

clinical trials, optimizing efficiency and recently demonstrating success in automating

ADaM package generation to enhance regulatory compliance and productivity. This

recognition highlights Saama's innovative and practical application of AI in the life

sciences sector.

Published Published June 26, 2026  Saama (AI Breakthrough Awards)  USA



IN DEPTH

Background

The life sciences industry, especially pharmaceuticals, is grappling with protracted and
expensive drug development cycles, compounded by increasingly complex regulatory
landscapes. Clinical trials, in particular, remain the most time-consuming and costly
phase in bringing new therapies to market, making efficiency a critical challenge for the
sector. Advances in artificial intelligence offer a potent solution to these bottlenecks,
promising to revolutionize all stages of drug development through sophisticated data
analytics, enhanced decision support, and intelligent process automation. Saama's recent
accolade underscores AI's capacity to deliver tangible business value and a competitive
edge within the life sciences.

Key Recognition and Impact

In a significant validation of its innovation, Saama has been honored with the "AI-based
Life Sciences Solution of the Year" at the prestigious 2026 AI Breakthrough Awards. This
recognition is for its unified AI-driven platform, designed to dramatically accelerate
clinical development and commercialization. A cornerstone of Saama's offering is its
Agentic AI Framework, which deploys specialized AI agents to autonomously evaluate,
execute, and report on tasks throughout the clinical trial lifecycle, thereby optimizing
operational efficiency. The company recently further demonstrated its practical utility by
launching a solution to automate Analysis Data Model (ADaM) package generation, a
critical step that enhances productivity and regulatory compliance in statistical
programming workflows. This award unequivocally acknowledges the profound
innovation and practical applicability of Saama's AI technology in transforming the life
sciences sector.

Technical Deep Dive: The Agentic AI Framework

Central to Saama's award-winning AI-driven platform is its innovative Agentic AI
Framework, distinguished by the following key technical features:



Agentic AI Framework: This sophisticated framework orchestrates multiple AI
agents, each imbued with specialized expertise for distinct tasks within the clinical
trial workflow—such as data querying, complex statistical analysis, and
comprehensive report generation. These agents autonomously assess, execute, and
report on assigned tasks, effectively automating repetitive and time-intensive manual
processes. This paradigm shift not only significantly curtails the clinical development
cycle but also markedly improves data quality and consistency across trials.

Optimized Operational Efficiency Across Clinical Trials: Saama's platform
strategically deploys AI across all phases of drug development, from early-stage
research to commercialization. Its capabilities span optimizing protocol design,
enhancing patient recruitment and selection, enabling real-time data monitoring,
identifying critical safety signals, and streamlining regulatory report generation. By
extracting intricate patterns from vast clinical datasets, the AI predicts potential risks
and provides robust decision support, ultimately elevating trial success rates and
reducing overall costs.

Automated ADaM Package Generation: A recent and impactful introduction is
Saama's solution for automating the generation of Analysis Data Model (ADaM)
packages. ADaM is a standardized data format indispensable for submissions to
regulatory bodies like the FDA, and its manual creation has historically been
characterized by complexity and a propensity for errors. AI-driven automation in this
area is projected to boost statistical programming workflow productivity by up to
20%, significantly enhancing regulatory compliance and accelerating the drug
approval process.

Unified AI-Driven Platform: The platform architecturally integrates disparate data
sources and applications, offering a holistic view and end-to-end automation across
the entire clinical development continuum. This consolidation effectively dismantles
data and process silos, fostering faster, more informed, and data-driven decision-
making throughout the drug development pipeline.



Strategic Outlook and Future Impact

Saama's AI-driven platform and its Agentic AI Framework are strategically positioned to
propel the digital transformation within the life sciences sector. Specific, impactful
solutions, such as automated ADaM package generation, are anticipated to serve as
templates for automating other critical regulatory reporting and data management tasks,
thereby unlocking further efficiencies across clinical development processes. Looking
ahead, AI is expected to autonomously optimize virtually all facets of clinical trials—from
initial protocol design and patient follow-up to sophisticated real-world data analysis—
culminating in the realization of fully integrated "smart clinical trials." This transformative
potential promises to expedite the delivery of safer and more effective treatments to
patients globally, significantly accelerating the pace of medical innovation.

Source: https://www.saama.com/news/saama-wins-ai-based-life-sciences-solution-of-the-year-award-in-

2026-ai-breakthrough-awards-program/
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