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DOE advances Al ecosystem, leveraging
foundation models for new battery electrolyte
research.

Northwestern develops Al method to unravel
complex atomic structures at material interfaces,
enhancing design.

KANs revolutionize thermoelectric design with
high-accuracy, interpretable property prediction.

Berkeley Lab's Al-thermodynamics model
predicts solid-phase reactions, accelerating
advanced materials synthesis.

UW's Al inverse design framework achieves 60%
thermal conductivity improvement and 10% cost
reduction.

DOE supports software development for new
materials and chemical processes for exascale
computing.

IBM/Algorithmiq demonstrate quantum
advantage in materials simulation on Quantum
Heron, 74 qubits.

Al startup Emanate specializes in complex
industrial materials sales, differentiating from
general Al

Airbus and Rolls-Royce embrace quantum
computing for aircraft design and materials
science simulations.

SQC achieves 'Quantum Twins' with 15,000 qubit
2D array on silicon for quantum simulation.

IIT Kanpur highlights computational materials
science tools (DFT, MD/MC, PFM) for
structure-property relationships.

CataCon introduces contrastive graph
representation learning for Al-driven catalyst
prediction.

Review on Al-driven rational design of solid-state
electrolytes for next-gen batteries.

Al discovers porous oxide materials for next-gen
energy storage, identifying 5 new structures.

MIT uses ML to accelerate sodium metal battery
electrolyte design, highlighting solvent size and
similarity.

IBM/Qedma achieve quantum advantage in
materials simulation on IBM Quantum Heron,
74-qubit dynamics.
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I Three Questions That Demand Your Decision This Week

@ Is your R&D; leveraging Al to its full potential?

The rapid pace of Al-driven materials discovery (e.g., Yale/PNNL's N2116, Argonne's 'months to days'
acceleration) demands immediate assessment. Are your R&D; teams equipped with the latest generative Al,
MLIPs, and autonomous lab strategies, or are you falling behind competitors who are drastically cutting
development cycles?

® Are your battery material strategies resilient to Al breakthroughs?

Al is revolutionizing battery chemistry, from solid-state electrolytes reducing lithium by 70% (#02) to
optimized sodium-ion designs (#28). Does your long-term battery roadmap account for these rapid, Al-driven
material shifts, and are your procurement teams evaluating new, non-lithium chemistries to mitigate supply
chain risks?

© How will quantum computing impact your future material IP?

IBM, Algorithmiq, Airbus, and Rolls-Royce are demonstrating quantum advantage in materials simulation, with
15,000-qubit silicon arrays emerging (#20, #22, #23, #29). While early-stage, this technology promises
unprecedented simulation capabilities. Is your IP strategy considering quantum-derived material designs, and
are you investing in quantum literacy to secure future competitive advantage?

I Opportunities vs. Threats for US/European Companies
Opportunity vs. Threat Matrix for US/European Companies
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® AI_R&D; Critical Rapid R&D; Lagging innovation
® Batt_AI Critical New battery IP Supply chain shift
® Quantum Opp. Future simulation -
® Catalyst Critical Green tech lead Competitor gains
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® Inv_Dsgn Opp. Perf/cost edge —

® AI_Trust Threat = Unreliable AI
® 2D_Mat Opp. New material pool —
® Polymer Opp. Faster polymer —
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I Deep Dive @ — AI Inverse Design for Multifunctional Materials

#18 | 2026/07/30 | Mechanical Engineering | University of Washington | Tech Novelty® ® ® ® O Proximity® @ @ OO
Market Impact® ® ® ® ® Data Reliability® ® ® ® O US/EU Relevancco @ ® ® ®

UW researchers developed an Al-driven 'inverse design framework' combining physics-based modeling and
machine learning to accelerate multifunctional materials discovery. This method starts with desired
properties and inversely calculates optimal material compositions.

The framework achieved remarkable results for wearable electronics, identifying materials with
approximately 60% higher thermal conductivity and a 10% reduction in manufacturing costs compared to

existing solutions.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: This Al inverse design framework represents a significant leap
from traditional trial-and-error, offering tangible performance and cost benefits. The published
numbers (60% thermal conductivity improvement, 10% cost reduction) appear realistic for
specific composite materials under lab conditions, but scaling to mass production and broader
material classes will present technical barriers related to synthesis and characterization.
[Opportunity] for US/EU OEMs & device manufacturers to rapidly design superior,
cost-effective components (e.g., for EVs, electronics, aerospace). [Threat] for materials &
component suppliers who fail to adopt AI-driven design, risking obsolescence of their
traditional R&D; pipelines. Next Actions: [R&D;] Immediately evaluate integrating inverse
design Al platforms into your material development workflows. [Procurement] Assess potential
new material suppliers emerging from AI-driven discovery. [Strategy] Conduct a competitive
analysis on Al adoption in material design by key rivals within 3 months.

I Deep Dive @ — AI Discovers Groundbreaking Solid-State Electrolyte

#02 | 2026/07/30 | Facebook (Yale Engineering) | Tech Novelty® ® ® ® ® Proximity® @ OOO Market Impacte ® ® ® ®
Data Reliability® ® ® OO US/EU Relevancce @ ® ® ®

Yale, PNNL, and Microsoft Al discovered N2116, a novel solid-state electrolyte that reduces lithium usage by
up to 70%. This Al-designed material defies conventional chemical laws, accelerating battery tech
breakthroughs.

The Al-driven process screened 32 million candidates in one week, developing the material in under nine
months. Physics-informed Al models maintained 90-92% physical output validity in autonomous lab settings.
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» Strategic Analyst's Perspective

Strategic Analyst's Perspective: The discovery of N2116 and its 70% lithium reduction is a
game-changer for battery technology, addressing critical resource scarcity and cost issues.
While the source is a social media post, the involvement of Yale, PNNL, and Microsoft Al lends
credibility to the breakthrough. The 90-92% validity claim is promising for Al reliability.
Technical barriers remain in scaling N2116 synthesis, ensuring long-term stability in real-world
battery cycles, and integrating it into existing manufacturing processes. [Opportunity] for
US/EU OEMs & device manufacturers to secure IP or partnerships for next-gen, low-lithium
batteries. [Threat] for existing lithium-ion battery manufacturers and materials suppliers if they
fail to pivot to AI-driven discovery and alternative chemistries. Next Actions: [R&D;] Initiate
internal projects or external collaborations to validate N2116 or similar Al-discovered materials
within 6 months. [Procurement] Analyze long-term lithium supply chain exposure and explore
alternative material sourcing strategies. [Business Dev] Identify potential licensing or
acquisition targets in AI-driven battery material discovery.
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I Deep Dive ® — Massive Discovery of Low-Dimensional Materials via Al

#13 | 2026/08/03 | ACS Chemistry of Materials | Tech Novelty® ® ® ® O Proximity® @ OOO Market Impact®e ® ® ® O
Data Reliability® ® ® ® ® US/EU Relevancce @ @ ® ®

Researchers used universal machine learning interatomic potentials (UMLIPs) and a force constant-based
method to discover 9,139 low-dimensional materials from the Materials Project database.

This includes 887 exfoliable 2D materials, offering a vast pool of candidates for next-generation electronics,

catalysts, energy storage, and sensors, accelerating innovative material discovery.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: The computational discovery of over 9,000 low-dimensional
materials, including nearly 900 exfoliable 2D materials, is a monumental achievement. The
numbers are highly reliable given the peer-reviewed source and the systematic computational
strategy. While these are 'candidate' materials requiring experimental validation, the sheer
volume significantly broadens the design space for future technologies. Technical barriers
include the actual synthesis and characterization of these materials, which can be complex and
costly. [Opportunity] for US/EU materials & component suppliers to explore and patent novel
0D, 1D, and 2D materials for diverse applications. [Threat] for companies relying on traditional
material discovery methods, as competitors leveraging such computational power will gain a
significant lead in IP and product development. Next Actions: [R&D;] Task a team to screen the
identified 2D materials for specific application targets (e.g., high-performance electronics,
catalysts) within 3 months. [Legal/IP] Review patent landscape for low-dimensional materials
and identify white spaces for new IP. [Strategy] Develop a long-term strategy for integrating
high-throughput computational screening into your material development pipeline.

I Other Notable Articles

Kolmogorov-Arnold Networks Revolutionize Thermoelectric Materials Design (PMC)
Tech Novelty® ® ® ® O Proximity® @ OOO Market Impact® @ ® OO Data Reliability® ® ® ® ® US/EU Relevancco @ @ ® @

KANs offer interpretable AI for thermoelectric design, providing physical insights beyond black-box ML
models.

Scilight Press Publishes Review on AI-Driven Rational Design of Solid-State Electrolytes (Scilight Press)

Tech Novelty® ® ® ® O Proximity ® ® OO O Market Impact® ® ® ® O Data Reliability® ® ® ® ® US/EU Relevancce ® ® @ O
Comprehensive review highlights synergistic Al algorithms (DFT, MD, GNNs, MLIPs) for next-gen SSE
discovery.

ACS Materials Au Publishes Comprehensive Tutorial on Machine Learning Tools for Electrocatalysis Simulations (ACS Materials Au)

Tech Novelty® ® OOO Proximity® @ @ OO Market Impact® @ ® OO Data Reliability® ® ® ® ® US/EU Relevancco e @ @ @
Essential tutorial for engineers on ML tools (MLIPs, GPOs) to accelerate electrocatalysis R&D; and reduce DFT
costs.

Northwestern University Develops Novel AI-Driven Computational Method to Unravel Complex Atomic Structures at Material Interfaces (McCormick
School of Engineering (Northwestern University))

Tech Novelty® ® ® ® O Proximity® ® OO O Market Impact® ® ® ® O Data Reliability® ® ® OO US/EU Relevancco @ @ ® ®

New AI method reveals complex atomic structures at material interfaces, crucial for designing
high-performance semiconductors, batteries, and catalysts.
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I Recommended Actions This Week

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

I Immediate (this week)

e [Executive] Mandate a cross-functional task force to assess current Al integration in R&D; vs.
competitor advancements, focusing on materials discovery and battery tech. Report by end of week.

¢ [R&D;] Identify 2-3 high-impact internal projects where AI-driven inverse design or autonomous
simulation could be immediately piloted. Prioritize projects with clear performance/cost targets.

e [Procurement] Begin preliminary analysis of supply chain exposure to critical materials (e.g., lithium)
in light of Al-driven material alternatives. Engage with key suppliers on their Al strategies.

| Short-term (1 month)

e [R&D;] Evaluate commercial Al platforms and academic collaborations for materials informatics,
specifically for battery electrolytes, catalysts, and multifunctional materials. Develop a pilot program
proposal.

e [Strategy] Conduct a deep dive into the competitive landscape for AI-driven materials R&D;,
identifying key players, their Al capabilities, and potential IP threats/opportunities.

e [Legal/IP] Initiate a review of patent filings related to Al-discovered materials and quantum simulation
outputs to identify emerging IP trends and potential defensive/offensive strategies.

I Medium-long term (quarter+)

e [R&D;] Establish an 'Autonomous Lab' roadmap, outlining investment in robotics, high-throughput
experimentation, and Al agents to accelerate materials discovery and validation cycles.

e [Business Dev] Explore strategic partnerships or M&A; opportunities with AI materials startups or
guantum computing firms to gain early access to breakthrough technologies and talent.

e [Executive] Develop a talent acquisition and training program to build internal expertise in materials
informatics, quantum computing, and Al engineering to sustain long-term innovation leadership.
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#01 Al Revolutionizes Materials Discovery:
Comprehensive Review Maps Generative Design to
Autonomous Labs

Published August 04, 2026  ACS Chemical Reviews  USA

| overview

A new review article thoroughly examines emerging Al methodologies for
accelerating materials discovery, highlighting the convergence of computational
design, data infrastructure, synthesis planning, and autonomous experimentation. It
provides a detailed survey of generative models, from VAEs and GANs to advanced
diffusion models and LLM-driven approaches, for synthesizing crystalline materials
with bespoke properties. This work underscores the transformative potential of Al in

streamlining material R&D, promising significant reductions in development cycles.



| N DEPTH

Key Findings

This comprehensive review delves into the cutting-edge Al methodologies that are
fundamentally reshaping the landscape of accelerated materials discovery. It specifically
emphasizes the critical integration of computational design, robust data infrastructure,
intelligent synthesis planning, and autonomous experimentation into cohesive,
experimentally grounded workflows. The review provides an exhaustive survey of
generative models, ranging from established Variational Autoencoders (VAEs) and
Generative Adversarial Networks (GANs) to nascent diffusion models, Bayesian flow
networks, and sophisticated Large Language Model (LLM)-driven strategies, all geared
towards generating crystalline materials with precisely targeted properties. A significant
finding is the acceleration potential these integrated Al approaches offer, drastically

shortening the discovery timeline.

Technical / Clinical Details

The article meticulously details how these Al tools enable inverse materials design, where
desired properties dictate the search for novel compositions and structures, a stark
contrast to traditional forward-design paradigms. For instance, diffusion models are
presented as highly effective in creating diverse and stable material structures, while
Bayesian optimization coupled with autonomous experimentation reduces the number
of costly physical experiments. The review highlights specific examples of Al-driven
algorithms capable of planning complex synthesis routes and orchestrating 'self-driving
laboratories' that can autonomously perform, analyze, and iterate experiments. This
synergy of computational prediction and automated physical execution dramatically
boosts efficiency and throughput compared to conventional, human-intensive research

processes.



Background & Context

The pursuit of novel, high-performance materials is a cornerstone of innovation across
numerous sectors, including energy, electronics, and biomedicine. Historically, this
endeavor has been characterized by lengthy, resource-intensive trial-and-error
processes. The advent of materials informatics, powered by Al, offers a compelling
solution to these challenges, ushering in an era of rational design and rapid prototyping.
This review serves as a vital resource for researchers, engineers, and investors seeking to
grasp the latest advancements and strategic implications of Al in materials science,
positioning it as a pivotal driver for enhancing global competitiveness in advanced

materials development.

Strategic Significance & Outlook

The strategic significance of Al in materials discovery is profound, promising to unlock
new frontiers in material performance and functionality. As Al models become
increasingly sophisticated and integrated with high-throughput experimental platforms,
the vision of fully autonomous materials discovery becomes increasingly tangible. This
paradigm shift is expected to accelerate the creation of novel materials with
unprecedented properties, vital for addressing global challenges such as climate change,
energy storage, and sustainable manufacturing. The ongoing expansion of investment
and research in this domain points towards a future where Al-driven materials innovation
will be a key determinant of technological leadership and economic growth globally,

fostering new industries and reshaping existing ones.

Source: https://pubs.acs.org/chreay/article/doi/10.1021/acs.chemrev.6c00154/5238567/Al-for-

Accelerated-Materials-Discovery-From
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#02 Yale & PNNL Discover Groundbreaking Solid-State
Electrolyte N2116, Reducing Lithium Use by 70% with
Microsoft Al

Published July 30, 2026  Facebook (Yale Engineering) USA

| overview

Researchers at Yale University and Pacific Northwest National Laboratory (PNNL), in
collaboration with Microsoft Al, have discovered N2116, a novel solid-state electrolyte
capable of reducing lithium usage by up to 70%. This Al-designed material defies
conventional chemical laws, marking a significant breakthrough in battery technology.
The rapid discovery, facilitated by Al and high-performance computing, promises
dramatic improvements in energy storage, enabling longer-lasting, safer, and faster-

charging batteries.



| N DEPTH

Key Findings

A collaborative effort between Yale University, Pacific Northwest National Laboratory
(PNNL), and Microsoft Al has led to the discovery of a revolutionary solid-state
electrolyte, N2116, which can reduce lithium consumption by up to 70%. This discovery
is particularly notable as Al designed a novel battery material previously considered
unattainable by traditional chemical principles. This breakthrough has profound
implications for energy storage, promising significantly enhanced performance for next-

generation batteries.

Technical / Clinical Details

The research leveraged an integrated approach combining advanced Al and high-
performance computing (HPC) to screen an astounding 32 million potential material
candidates in just one week, culminating in the material's development in less than nine
months. This acceleration represents a dramatic shift from conventional materials science
discovery timelines. In autonomous lab settings, machine learning algorithms designed
experiments, robotic systems executed them, and Al analyzed results in real-time,
forming a seamless, human-bypassed workflow. The resulting N2116 electrolyte enables
batteries with substantially lower lithium content while maintaining high energy density,
improved safety profiles, and rapid charging capabilities compared to current lithium-ion
technologies. Further analysis highlighted that physics-informed Al models sustained 90-

92% physical output validity, demonstrating robust performance in material design.

Background & Context

The escalating demand for advanced battery technologies in electric vehicles and grid-
scale energy storage systems underscores the urgent need for high-performance and
sustainable materials. Lithium, a critical and finite resource, is central to current battery
chemistries. Reducing its dependency directly translates to cost savings, supply chain
resilience, and a smaller environmental footprint. The successful integration of Al-driven
material design and autonomous experimentation, as demonstrated in this study,
showcases the transformative potential of data-driven approaches within materials
informatics. This paradigm significantly cuts down on the time, cost, and resource

expenditure typically associated with trial-and-error material discovery.



Strategic Significance & Outlook

The discovery of N2116 by Al represents a potential game-changer for battery
technology. The drastic reduction in lithium use enhances the sustainability of battery
manufacturing and mitigates geopolitical supply risks. This Al-powered methodology is
poised to accelerate breakthroughs not only in batteries but across diverse materials
science domains, including catalysts, semiconductors, and polymers. Continued
advancements in autonomous laboratories and refinement of Al models are expected to
further compress the timeline from material discovery to commercial deployment,
ushering in a new era of industrial innovation. This approach provides a concrete
framework for accelerating the entire materials lifecycle, from theoretical prediction to

experimental validation and optimization.

Source: https://www.facebook.com/yaleengineering/posts/we-combine-the-strengths-of-human-led-

experimentation-with-ais-capacity-to-explo/1626404115948122/

Collected: August 07, 2026 | Automated Research System (Gemini API)


https://www.facebook.com/yaleengineering/posts/we-combine-the-strengths-of-human-led-experimentation-with-ais-capacity-to-explo/1626404115948122/
https://www.facebook.com/yaleengineering/posts/we-combine-the-strengths-of-human-led-experimentation-with-ais-capacity-to-explo/1626404115948122/

#03 Physics-Informed Generative Al Drives
Autonomous Discovery of Porous Oxide Energy
Materials

Published August 03, 2026  arXiv  USA

Physics-ifor‘r{ed k-nowled
lenowlegge-driven Al leadin f_.; -
the autonouus discovery of &\} Ly
porous oxide energy materials =

The discovery of next-generation storage materalls Ls =
comficaled by their design complexrty . il
August (3, 2026 jarXy, USA

| overview

This paper proposes a roadmap for advancing generative Al into physics-informed,
application- and synthesis-aware inverse design for next-generation energy storage
materials, particularly porous oxide electrodes. It introduces a 7-layer physics-based
inverse design framework integrating chemistry, thermodynamics, transport,
electrochemistry, durability, cell compatibility, and manufacturability, promising to

dramatically enhance the efficiency of Al-driven energy material exploration.



| N DEPTH

Key Findings

This paper presents a roadmap for applying generative Al to physics-informed,
application- and synthesis-aware inverse design, aiming to accelerate the discovery of
next-generation energy storage materials, specifically porous oxide electrodes. This
framework demonstrates the potential for Al to efficiently explore complex material
design spaces and discover new materials beyond the limitations of traditional

computational methods.

Technical / Clinical Details

The proposed framework integrates seven distinct layers: chemistry, thermodynamics,
transport, electrochemistry, durability, cell compatibility, and manufacturability, forming
a comprehensive physics-informed inverse design approach. This multi-layered strategy
allows Al to go beyond merely generating structures, enabling designs that consider how
materials will perform in real-world applications and their synthesizability. For instance,
in the context of porous oxide electrodes, generative Al can predict and optimize
material structures that simultaneously satisfy high ion conductivity, stability, and facile
manufacturing processes. This approach is expected to lead to the discovery of materials
balancing performance and practicality, which might be overlooked in traditional trial-

and-error experimentation.

Background & Context

The global transition to clean energy is driving a rapid increase in demand for high-
performance, safe, and sustainable energy storage devices. Next-generation
technologies, such as multivalent-ion batteries (e.g.,, magnesium, calcium, aluminum,
zinc) with higher energy densities and improved safety profiles, are gaining significant
attention as alternatives to lithium-ion batteries. However, discovering the necessary
electrode materials and electrolytes for these advanced batteries is extremely
challenging due to the vast chemical space and complex design requirements.
Integrating generative Al with physics-based approaches is becoming an indispensable

technology for efficiently narrowing this search space and accelerating development.



Strategic Significance & Outlook

The physics-informed and knowledge-driven generative Al framework proposed in this
paper is applicable beyond porous oxides to other energy materials, facilitating a
paradigm shift in materials science. Through this approach, Al can evolve from a mere
prediction tool into an 'intelligent collaborator' throughout the entire material design
process. In the future, materials designed by generative Al are expected to be
autonomously synthesized and evaluated by self-driving labs, dramatically accelerating
the optimization cycle. This promises a faster market introduction of low-environmental-
impact, high-performance new materials, significantly contributing to the realization of a

sustainable society.

Source: https://arxiv.org/abs/2608.02858
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#04 Quantum Machine Learning Interatomic Potential
Achieves Enhanced Molecular Energy Prediction with
Variational Quantum Algorithm

Published July 31, 2026  arXiv USA

| overview

This study applied quantum circuit learning to machine learning interatomic
potentials (MLIPs), improving molecular dataset energy predictions. Using a quantum
transfer learning architecture, the ANI model was retrained, demonstrating slightly
higher accuracy than a full classical neural network under specific conditions on a
quantum circuit simulator. This work highlights quantum machine learning's potential
to enhance the precision and efficiency of atomic-scale simulations in materials

science.
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Key Findings

This research introduces quantum circuit learning into the field of machine learning
interatomic potentials (MLIPs), demonstrating improved accuracy in molecular dataset
energy predictions over existing classical neural network models on a quantum
simulator. This suggests that quantum machine learning has the potential to open new

frontiers in materials simulation.

Technical / Clinical Details

The research team utilized a quantum transfer learning architecture to retrain an existing
ANI model, commonly used for general molecular simulations. Specifically, quantum
circuits, fundamental components of quantum computing, were integrated into the
learning process to predict interatomic interaction energies in conjunction with classical
neural networks. Experiments conducted on a quantum circuit simulator confirmed that,
under specific conditions, this quantum-hybrid model achieved slightly higher prediction
accuracy than a standalone classical neural network. This improvement in accuracy is
significant for large-scale atomic simulations, such as molecular dynamics, by enabling

more precise behavior predictions and enhancing the reliability of new material designs.

Background & Context

Machine learning interatomic potentials (MLIPs) are widely used in materials science and
chemistry because they can achieve accuracy comparable to first-principles calculations
(DFT) while drastically reducing computational costs. However, a trade-off between
accuracy and computational efficiency remains a challenge for complex material systems
and long-duration simulations. Quantum computing is expected to efficiently solve
certain computational problems that are intractable for classical computers. The
integration of quantum machine learning into MLIPs is thus a promising avenue to
overcome these challenges, particularly in enhancing the representational capacity of
interatomic potentials to accurately predict a wider range of material properties for

industrial applications.



Strategic Significance & Outlook

While still in its early stages, the development of quantum machine learning interatomic
potentials holds immense future promise. This achievement represents a crucial step in
demonstrating the concrete ‘quantum advantage' that quantum computers could offer
in materials science. In the future, as quantum computing hardware improves in scale
and error resilience, high-precision material simulations that are currently impossible
even for supercomputers might become feasible. This could lead to applications across
diverse fields, including the discovery of innovative new materials, acceleration of drug
discovery processes, and solutions to environmental challenges. The primary challenges
lie in improving the error tolerance of quantum hardware and verifying applicability to

more complex material systems.

Source: https://arxiv.org/abs/2607.27841
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#05 Al-Driven Battery Chemistry Simulators Evaluated
for Adversarial Robustness: Output Validity vs.
Chemical Sensitivity

Published July 31, 2026  OpenReview USA

| overview

The first systematic evaluation of adversarial robustness for Al-powered battery
chemistry simulators, including MLIPs like MACE-MP-0 and CHGNet, revealed that
physically constrained models maintain 90-92% physical output validity but can
produce large energy deviations upon failure. Conversely, unconstrained baseline
models achieve 100% formal validity but exhibit low chemical sensitivity. This research

highlights the critical importance and challenges of incorporating physical constraints

for reliable Al-driven materials design.
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Key Findings

This study presents the first systematic evaluation of adversarial robustness in Al-driven
battery chemistry simulators, including machine learning interatomic potentials (MLIPs)
such as MACE-MP-0 and CHGNet. The research clarifies how physical constraints
influence both the output validity and chemical sensitivity of these models, providing

crucial insights into the reliability and safety of Al-accelerated materials science.

Technical / Clinical Details

The research team assessed the behavior of several MLIP-based battery chemistry
simulators when subjected to adversarially designed inputs. It was found that Al models
incorporating physical constraints could maintain 90% to 92% physical output validity—
meaning their predictions largely conformed to physical laws—even under adversarial
attacks. However, when these models did fail in their predictions, they tended to exhibit
very large energy deviations, potentially leading to system instability. In contrast,
baseline models without physical constraints achieved 100% formal validity (e.g.,
consistency in atomic counts) but demonstrated low sensitivity to subtle chemical
changes, rendering them insufficient for accurate prediction of material properties. This
finding suggests that Al materials design must not solely pursue high formal accuracy

but also integrate robust mechanisms to guarantee physical consistency.

Background & Context

Al-driven simulators are hailed as powerful tools to accelerate the discovery and
development of new materials. In the realm of battery chemistry, they are becoming
indispensable for predicting the properties of diverse material candidates and reducing
experimental costs and time. However, the reliability of Al models, particularly their
robustness against unintended inputs or malicious adversarial attacks, remains a
significant challenge for practical deployment. Given that prediction errors could directly
impact battery safety and performance, objectively evaluating and enhancing the

reliability of these simulators is paramount.



Strategic Significance & Outlook

This research unequivocally demonstrates the necessity of considering both adversarial
robustness and physical consistency in the design of Al-driven materials simulators.
Moving forward, researchers and engineers are urged to integrate more sophisticated
physical constraints and domain knowledge into Al models to bolster their resistance
against adversarial attacks. Developing frameworks for continuous validation of Al
predictions throughout the entire materials design process is also essential. This will
accelerate the development of safer and more efficient battery materials, and by
extension, new materials in other application areas, thereby fostering greater trust and

adoption of Al materials informatics technologies.

Source: https://openreview.net/forum?
id=KS0cfsGGoL&referrer=%5Bthe%20profile%200f%20Chenhao_Tan%5D(%2Fprofile%3Fid%3D~Chenhao_Tan1
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#06 Atomic Representations from Pretrained MLIPs

Prove Effective for Materials Generative Model
Evaluation

Published July 30, 2026  arXiv USA

| overview

This paper demonstrates that atomic average features derived from pretrained
machine learning interatomic potentials (MLIPs) like MACE are effective for evaluating
the outputs of materials generative models. The research introduced a novel distance
metric that captures both quality and novelty within a single distribution-based
evaluation framework. This advancement provides a critical assessment tool for

improving the efficiency and reliability of Al-driven new material exploration.
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Key Findings

This paper demonstrates that atomic average features extracted from pretrained
machine learning interatomic potentials (MLIPs), such as MACE, serve as powerful
indicators for evaluating the quality and novelty of structures generated by materials
generative models. This advancement enhances the reliability and efficiency of Al-based

materials design processes.

Technical / Clinical Details

The research team proposed a novel framework for quantitatively assessing the
‘goodness' of new crystal or molecular structures designed by generative Al models, by
comparing them against existing datasets. Central to this framework is the utilization of
embedded representations of atomic environments learned by MLIPs. MLIPs excel at
capturing critical material properties such as atomic species, bonding states, and local
geometrical arrangements. By extracting these embedded representations from both the
generative model's output and a reference dataset, and then computing a 'distance’
between their distributions, researchers can evaluate how realistic (quality) and
simultaneously how distinct (novelty) the generated materials are from existing ones.
Traditional evaluation metrics struggled to assess both quality and novelty concurrently
with physical meaningfulness, but the new distance metric introduced in this study
overcomes this challenge. This enables researchers to train and fine-tune generative
models more effectively, leading to more efficient identification of promising material

candidates.

Background & Context

Generative Al has garnered significant attention in materials science for its potential to
design new materials with specific functionalities. However, robust methods for
evaluating the genuine usefulness of Al-generated material structures have remained an
evolving challenge. Often, generated materials needed subsequent evaluation through
costly first-principles calculations or experimental synthesis, potentially offsetting the
efficiency benefits of Al. This approach, leveraging features from pretrained MLIPs for
evaluation, is crucial for screening promising candidates at an early stage and reducing

unnecessary computational and experimental overheads.



Strategic Significance & Outlook

The evaluation framework developed in this study holds the potential to accelerate the
entire Al-driven materials discovery pipeline. Developers of generative models can now
use this new distance metric to objectively compare model performance and rapidly
identify superior architectures or training strategies. In the future, such evaluation
techniques are expected to be integrated into autonomous synthesis and
characterization systems for Al-generated materials, often referred to as 'self-driving
labs," contributing to fully automated material development cycles. This is anticipated to
accelerate innovation across a wide range of fields, including batteries, catalysts, and

electronic materials.

Source: https://arxiv.org/abs/2607.28776
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#07 Deletion Method Outperforms Generative Al

Approaches for Extracting Atomic Environments in
MLIP-Driven MD Simulations

Published August 03, 2026  arXiv  USA

| overview

A systematic analysis of optimal methods for extracting small atomic environments
suitable for DFT calculations from large structures, a challenge in applying machine
learning interatomic potentials (MLIPs) to large-scale molecular dynamics simulations,
was presented. Benchmarking various techniques, including diffusion-based
generative Al, demonstrated that the 'deletion method' exhibited superior
performance. This finding contributes to the efficient construction of MLIP training

datasets and enhances the accuracy of large-scale materials simulations.
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Key Findings

This study systematically analyzed the crucial challenge of efficiently extracting small
atomic environments suitable for DFT calculations from large structures, which is
essential for effectively utilizing machine learning interatomic potentials (MLIPs) in large-
scale atomic simulations, particularly molecular dynamics (MD). The research
demonstrated that, among various techniques including diffusion-based generative Al
approaches, the 'deletion method' proved superior for constructing MLIP training

datasets.

Technical / Clinical Details

To train MLIPs, a substantial amount of high-precision atomic energies and forces,
typically computed by Density Functional Theory (DFT), is required. However, due to the
high computational cost of DFT, it is impractical to perform DFT calculations on entire
large atomic structures generated from MD simulations. Therefore, there is a demand for
efficient methods to extract smaller ‘atomic environments' (specific atoms and their
neighborhoods) from large structures that are optimally suited for MLIP training. In this
research, the 'deletion method," which systematically removes atoms based on criteria
for atomic environment selection, was proposed. This technique was benchmarked
against other extraction strategies, such as random sampling, cluster-based sampling,
and emerging generative Al approaches like diffusion models. The benchmarking results
showed that the 'deletion method' offered the best balance, maximizing the information
content of DFT data while reducing redundancy and improving both the training
efficiency and predictive accuracy of MLIPs. This enables the construction of more
compact and information-rich training datasets, thereby expanding the versatility and

applicability of MLIPs.



Background & Context

Molecular dynamics simulations are powerful tools for understanding the macroscopic
properties of materials from an atomic scale. MLIPs serve as an alternative to high-
accuracy computational methods like DFT, significantly reducing the computational cost
of MD simulations and extending the accessible time and spatial scales. However,
developing high-quality MLIPs necessitates the construction of reliable training datasets.
The appropriate extraction of atomic environments directly influences the quality and
quantity of training data, thus being key to determining MLIP performance. This research
addresses one of the bottlenecks in MLIP development, contributing to the advancement

of computational materials science as a whole.

Strategic Significance & Outlook

The establishment of efficient atomic environment extraction techniques like the
‘deletion method" will further broaden the applicability of MLIPs, enabling simulations of
more complex material systems and under realistic conditions. This will accelerate the
design and optimization of new materials across diverse fields, including catalysts,
battery materials, polymers, and biomaterials. In the future, combining this extraction
method with generative Al could allow for Al-optimized generation of training datasets
themselves, potentially further accelerating the materials discovery cycle. This
fundamental research advance also contributes to optimizing data acquisition strategies
in self-driving labs, further promoting automation and efficiency in materials science

research.

Source: https://arxiv.org/html/2607.26018v2
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#08 ACS Materials Au Publishes Comprehensive

Tutorial on Machine Learning Tools for Electrocatalysis
Simulations

Published August 05, 2026  ACS Materials Au  USA

| overview

ACS Materials Au has released a tutorial on machine learning tools for electrocatalysis
simulations, showcasing instruments like ML exchange-correlation functionals,
Gaussian process optimizers, and ML interatomic potentials (MLIPs) such as MACE,
capable of performing geometric optimization and molecular dynamics with DFT-like
accuracy. Notably, MLIPs are highlighted for their effectiveness in screening
adsorption geometries and reaction intermediates on catalyst surfaces while

significantly reducing DFT computational costs.
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Key Findings

ACS Materials Au has published a comprehensive tutorial focusing on machine learning
tools specifically designed for electrocatalysis simulations. This guide provides
researchers and engineers with novel computational methodologies that dramatically
reduce computational costs while maintaining accuracy comparable to Density
Functional Theory (DFT), thus serving as a critical resource for accelerating the design

and optimization of electrocatalytic materials.

Technical / Clinical Details

The tutorial delves into several key machine learning tools. Firstly, machine learning
exchange-correlation functionals (ML-XC functionals) improve the description of
exchange-correlation energy, a core component of DFT calculations, achieving higher
accuracy and efficiency through machine learning. Secondly, Gaussian process optimizers
(GPOs) are introduced for optimizing experimental designs and simulation parameters,
efficiently navigating the search space to identify optimal conditions. Most notably, the
tutorial highlights machine learning interatomic potentials (MLIPs), such as MACE (Many-
Body Atomic Cluster Expansion). MLIPs can predict accurate atomic-level energies and
forces while reducing DFT computational costs by several orders of magnitude. This
capability enables high-throughput screening of critical properties like molecular
adsorption geometries, reaction intermediate stabilities, and energy barriers along
reaction pathways on catalyst surfaces. For instance, MLIPs make long-duration
molecular dynamics simulations—previously intractable with DFT—feasible for

elucidating complex catalytic reaction mechanisms.



Background & Context

Electrocatalysts play a pivotal role in sustainable energy technologies, including fuel cells,
electrolyzers, and CO2 reduction. The discovery of new, high-performance
electrocatalysts is indispensable for the practical implementation and widespread
adoption of these technologies, yet their development traditionally is a time-consuming
and costly process. While conventional DFT calculations offer high accuracy,
computational resource constraints have limited their applicability for large-scale
exploration or long-duration simulations. The introduction of machine learning tools
promises to alleviate this computational bottleneck, enabling more efficient and
comprehensive material exploration, thereby dramatically accelerating the pace of

electrocatalyst development.

Strategic Significance & Outlook

The suite of machine learning tools presented in this tutorial has the potential to become
a de facto standard in electrocatalysis research. By adopting these tools, researchers can
explore complex material systems and reaction mechanisms previously inaccessible,
leading to the rapid discovery of novel catalytic materials. In the future, these machine
learning tools are expected to integrate with autonomous lab systems, becoming critical
components for realizing 'self-driving labs' where Al autonomously executes the entire
process of catalyst design, synthesis, evaluation, and optimization. This will significantly
shorten the innovation cycle in electrocatalysis, further accelerating contributions to a

sustainable society.

Source: https://pubs.acs.org/amacgu/article/doi/10.1021/acsmaterialsau.5c00232/5246575/Tutorials-on-

Machine-Learning-Tools-for
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#09 Transferable Machine Learning Interatomic
Potential Accurately Predicts Thermodynamics,
Structure, and Dynamics of Entangled Polymers from
Oligomer Training

Published August 02, 2026  arXiv  USA

| overview

This paper investigates machine learning interatomic potential (MLIP) development
for polymers, identifying Atomic Cluster Expansion (ACE) as the most effective
descriptor for polyethylene. It demonstrates that ACE potentials fitted on small
oligomers are transferable to larger, entangled polymers, accurately reproducing their
key thermodynamic, structural, and dynamic properties. This breakthrough
significantly contributes to streamlining polymer materials design and simulation

workflows.
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Key Findings

This research has achieved a groundbreaking success in addressing a critical challenge in
polymer materials simulation through the development of machine learning interatomic
potentials (MLIPs). Specifically, using polyethylene as a model system, the study
demonstrated that Atomic Cluster Expansion (ACE) potentials, once trained on small
oligomers, can predict the thermodynamic, structural, and dynamic properties of much
larger, entangled polymers with remarkable accuracy. This provides a powerful tool for
understanding the complex behavior of polymer systems in detail while keeping

computational costs manageable.

Technical / Clinical Details

The research team first evaluated various descriptors for polymer systems and identified
ACE as the most effective. ACE excels at capturing complex interatomic interactions by
describing local atomic environments using many-body terms. Subsequently, this ACE
potential was trained using first-principles calculation data (e.g., DFT) from relatively
small polyethylene oligomers, typically involving tens of atoms, which are
computationally less expensive. When this trained potential was applied to much larger
polyethylene chains and entangled polymer networks, comprising hundreds to
thousands of atoms, it accurately reproduced their key thermodynamic properties (e.g.,
density, energy), structural characteristics (e.g., orientational order, chain conformations),
and dynamic properties (e.g., diffusion coefficients, relaxation times), comparable to DFT
calculations and experimental data. This ‘transferability’ signifies the ability to extend
insights gained from small systems to much larger, practically relevant polymer systems,

dramatically reducing the computational burden of polymer simulations.



Background & Context

Polymer materials are indispensable across a wide array of modern industries, including
electronics, automotive, medical, and packaging. However, accurately predicting and
designing polymers with their complex structures and multiscale behaviors (from
microscopic atomic interactions to macroscopic mechanical properties) is extremely
challenging. Traditional molecular simulation methods have been limited in their
applicability due to the exponential increase in computational cost at polymer scales. The
development of MLIPs, particularly transferable models like ACE, addresses this

bottleneck, enabling more efficient discovery and optimization of polymer materials.

Strategic Significance & Outlook

The findings of this study significantly advance the application of MLIPs beyond
polyethylene to other polymer materials, such as polypropylene, polycarbonate, and
biopolymers. Transferable MLIPs will contribute to the virtual screening of novel
functional polymers, prediction of material properties, and ultimately, the design of high-
performance polymer composites. This will shorten material development cycles, leading
to the rapid market introduction of more sustainable and high-performing products. In
the future, the integration of MLIPs with generative Al could enable advanced systems
that autonomously design polymers with specific properties and even propose their

synthesis pathways.

Source: https://arxiv.org/abs/2608.01162

Collected: August 07, 2026 | Automated Research System (Gemini API)


https://arxiv.org/abs/2608.01162

#10 SLAC and Four Institutions Demonstrate Al-
Enhanced Catalyst Development for Fuel Production,
Highlighting Need for Standardization

Published August 03, 2026  Facebook (SLAC National Accelerator Laboratory) USA
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| overview

Researchers from SLAC, Stanford, Penn State, and UC Santa Barbara collaborated to
demonstrate Al's potential in developing catalysts for fuel production. However,
inconsistencies in catalyst testing results across the four labs underscored an urgent
need for method standardization and reproducible outcomes. In parallel, fully
autonomous labs like Argonne National Laboratory's A-Lab are dramatically
accelerating materials development by generating and testing up to 200 new material

samples daily using Al and robotic systems.
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Key Findings

A collaboration involving four leading research institutions—SLAC National Accelerator
Laboratory, Stanford University, Penn State, and UC Santa Barbara—demonstrated the
potential of Al in developing catalysts for fuel production through joint experiments. This
achievement highlights Al's capability to optimize complex chemical reactions and
accelerate the discovery of new materials. Simultaneously, the study revealed significant
variations in test results across the participating labs, underscoring the critical need for
standardization of methodologies and ensuring reproducibility in Al-driven materials

research.

Technical / Clinical Details

In the collaborative study, Al algorithms were employed to design candidate catalyst
materials, which were then independently synthesized and evaluated at each
participating laboratory. Al assisted in predicting material structures with optimal
catalytic properties under specific reaction conditions, contributing to the efficiency of
the experimental process. Catalyst performance was assessed using metrics such as
reaction rate, selectivity, and stability. However, the round-robin experiments showed
significant discrepancies in performance data for the same Al-designed catalysts when
evaluated by different labs. This suggests insufficient standardization across a wide range
of experimental factors, including catalyst synthesis conditions, characterization
techniques, reactor design, and even data analysis procedures. Such variations pose a
barrier to reliably demonstrating Al-predicted performance and scaling up for industrial
applications. In contrast, autonomous lab systems like Argonne National Laboratory's A-
Lab, where Al fully controls experimental design, execution, and analysis, are capable of
generating and testing up to 200 new material samples per day using robotic arms,

dramatically enhancing the speed and reproducibility of material development.



Background & Context

In fields such as fuel production, including hydrogen generation and synthetic fuel
manufacturing from CO2, the development of highly efficient and cost-effective catalysts
is indispensable for achieving a sustainable society. Leveraging Al for materials discovery
holds great promise for significantly reducing the search space and shortening
development times compared to traditional trial-and-error approaches. However,
ensuring reproducibility at the basic research stage is crucial not only for the reliability of
scientific knowledge but also for future industrial-scale implementation. As collaboration
among different research institutions increases, there is a growing demand for

establishing standard protocols that guarantee the comparability of experimental data.

Strategic Significance & Outlook

The challenges identified in this round-robin experiment point to a critical step in the
maturation of Al-driven materials development. Moving forward, the focus will not only
be on enhancing Al's predictive capabilities but also on standardizing and automating
the experimental validation process of these predictions. The concept of autonomous
labs offers a powerful solution to this reproducibility challenge. Through rigorous control
of experimental conditions and automated data collection and analysis, human-
introduced variability can be minimized, enabling objective and consistent evaluation of
Al-proposed new materials. This is expected to accelerate materials development not
only for fuel production catalysts but also across various other fields, paving the way for

Al-driven scientific discoveries to contribute more rapidly to real-world applications.

Source: https://www.facebook.com/SLAC.National.Lab/posts/four-lab-round-robinslac-stanford-
university-penn-state-and-uc-santa-barbara-col/1468547408648953/
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#11 OAE Publishing Unveils Al-eChemist Autonomous
Laboratory to Accelerate Electrocatalysis Research

Published August 06, 2026  OAE Publishing Inc.  Unknown

| overview

OAE Publishing Inc. announced the development of the 'Al-eChemist Laboratory," a
self-driving lab (SDL) designed to dramatically accelerate electrocatalysis research.
This platform integrates intelligent decision-making, automated high-throughput
experimentation, multimodal characterization, and data-driven analysis, offering a
new paradigm for discovering complex electrocatalytic materials, understanding
mechanisms, and verifying applications. It is expected to transition research from
traditional trial-and-error to intelligent automation, significantly shortening research

cycles.
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Key Findings

OAE Publishing Inc. has announced the development of the innovative 'Al-eChemist
Laboratory,' designed to dramatically accelerate electrocatalysis research. This
autonomous laboratory (SDL) seamlessly integrates intelligent decision-making,
automated high-throughput experimentation, multimodal characterization, and data-
driven analysis, ushering in a new paradigm for the discovery and optimization of

electrocatalytic materials.

Technical / Clinical Details

The Al-eChemist Laboratory automates the entire material research cycle by combining
multiple modules. Specifically, Al agents intelligently determine the next experimental
conditions or material compositions based on vast amounts of existing data (literature,
databases, simulation results) and new experimental outcomes. The experimental plans
formulated by this Al are executed by a high-throughput experimental platform
equipped with robotic arms and automated liquid handling systems, allowing for rapid
synthesis and screening of numerous material candidates. Furthermore, the generated
materials are automatically analyzed using various multimodal characterization tools,
such as X-ray diffraction, electron microscopy, and electrochemical measurements. The
collected data are processed in real-time by an Al-driven analytical module to elucidate
material structure-property relationships and reaction mechanisms. This entire process
operates in a continuous loop with minimal human intervention, drastically shortening

the time from material discovery to validation.

Background & Context

Electrocatalysts play a central role in clean energy technologies (e.g., hydrogen
production via water electrolysis, electrochemical reduction of CO2, fuel cells). However,
the discovery and development of new, highly efficient, durable, and low-cost
electrocatalysts have traditionally been time-consuming and expensive processes due to
the vast material search space and complex reaction mechanisms. Traditional trial-and-
error approaches, heavily reliant on human experience and intuition, suffered from
inefficiencies. The advent of autonomous laboratories offers a promising solution to

overcome these challenges and alleviate bottlenecks in materials development.



Strategic Significance & Outlook

The introduction of the Al-eChemist Laboratory has the potential to revolutionize
electrocatalysis research. This platform will enable the rapid identification of high-
performance electrocatalytic materials that were previously difficult to discover,
accelerating the practical implementation of technologies such as fuel cells and green
hydrogen production. Moreover, this autonomous approach is applicable not only to
electrocatalysis but also to the research and development of various other functional
materials, including battery materials, solar cell materials, and electronic materials. In the
future, such autonomous laboratories are expected to become mainstream in materials
science research, dramatically increasing the pace of scientific discovery and significantly

contributing to the realization of a sustainable society.

Source: https://www.oaepublish.com/articles/aiagent.2026.15
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#12 Argonne National Laboratory Accelerates New
Materials Discovery from Months to Days Using Al
Agents

Published August 06, 2026  Argonne National Laboratory  USA

| overview

Researchers at Argonne National Laboratory demonstrated an Al-driven system
automating powerful simulation methods for predicting atomic interactions in
materials. This system utilizes multiple Al agents to fully automate atomic simulations,
from start to finish, potentially reducing new materials discovery timelines from
months to mere days. This marks a groundbreaking achievement in dramatically

accelerating the pace of discovery in materials science.
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Key Findings

A research team at Argonne National Laboratory has demonstrated an Al-driven system
that fully automates the complex simulation process for predicting how atoms interact
within materials, utilizing multiple Al agents. This pioneering advancement holds the
potential to dramatically cut down the time required for new materials discovery from
months to mere days, thereby significantly boosting the efficiency of research and

development in the field of materials science.

Technical / Clinical Details

The developed Al-driven system comprises multiple Al agents, each specialized for
specific tasks. These agents collaborate to autonomously execute every stage of atomic
simulation, including initial structure generation, optimization of simulation parameters,
analysis of results, and proposing the next steps. This eliminates the need for individual
human intervention, thereby accelerating the cycle from simulation execution to
knowledge acquisition. The system demonstrates particular prowess in constructing
interatomic potentials and simulating complex phase transitions and defect behaviors.
Conventional simulation workflows previously demanded extensive time and expert
knowledge, as researchers had to manually prepare data, run computations, and
interpret results. The introduction of Al agents automates these repetitive tasks, allowing
researchers to focus on higher-level problem-solving and formulating new hypotheses.
In autonomous labs like Argonne's 'A-Lab," Al and robotic arms generate and test up to

200 new material samples per day, dramatically enhancing development speed.

Background & Context

The discovery of new materials is a driving force behind technological innovation in
almost every industry in modern society, including energy, electronics, medicine, and
transportation. However, this process is inherently complex, time-consuming, and costly.
Materials scientists must synthesize and test a vast number of candidate materials to find
the optimal composition and structure within an immense chemical space. While
computational materials science, particularly atomic simulations, aids in narrowing this
search space, it has traditionally been bottlenecked by extensive manual intervention.
Automating simulations with Al agents is crucial for overcoming this bottleneck and

accelerating the materials development process.



Strategic Significance & Outlook

The success of this Al-driven system represents a significant step towards realizing 'self-
driving labs' in materials science. In the future, Al agents are expected to autonomously
execute all stages, from setting material design goals to simulation, experimental
synthesis, characterization, and eventual practical application. This will further reduce the
lead time for materials development, dramatically shortening the time to market.
Moreover, Al agents hold the potential to stimulate unexpected discoveries, creating
entirely new materials with functionalities previously unknown to humanity, thereby
enhancing both the quality and quantity of scientific discovery. The integration of Al
agents is poised to fundamentally reshape how materials research is conducted, making

it faster, more efficient, and more innovative.

Source: https://www.anl.gov/article/scientists-deploy-ai-agents-to-accelerate-discovery-of-new-materials
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#13 Massive Discovery of 9,139 Low-Dimensional
Materials from Materials Project via Universal

Computational Strategy, Including 887 Exfoliable 2D
Materials

Published August 03, 2026 ~ ACS Chemistry of Materials  USA

| overview

This research combined universal machine learning interatomic potentials (UMLIPSs)
with an advanced force constant (FC)-based dimensionality classification method to
massively discover new low-dimensional materials from the Materials Project
database. Through phonon calculations for 35,689 materials, 9,139 low-dimensional
materials were identified (1,838 OD clusters, 1,760 1D chains, 3,057 2D sheets/layers,
and 2,484 mixed-dimensional materials), with 887 of the 2D materials shown to be
easily or potentially exfoliable. This demonstrates the power of computational

materials science to accelerate innovative material discovery.
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Key Findings

This study leveraged universal machine learning interatomic potentials (UMLIPs) and an
innovative force constant (FC)-based dimensionality classification method to discover a
massive number of new low-dimensional materials from the Materials Project database.
This computational strategy identified an unprecedented 9,139 diverse low-dimensional
materials, including 887 exfoliable 2D materials, demonstrating its potential to

dramatically accelerate the pace of discovery in materials science.

Technical / Clinical Details

The research team first developed highly versatile UMLIPs capable of covering a broad
chemical space. UMLIPs can accommodate various elements and bonding states,
enabling materials exploration on a far grander scale than traditional potentials tailored
for specific elemental systems. Next, these UMLIPs were used to perform phonon
calculations for 35,689 materials present in the Materials Project database. Phonon
calculations are a key technique for elucidating the lattice vibrational properties of
materials, essential for evaluating their stability and dimensionality. Based on the
calculated phonon band structures and interatomic force constants (FCs), a new
dimensionality classification algorithm was developed to automatically identify whether
each material belonged to 0D (clusters), 1D (chains), 2D (sheets/layers), or mixed
dimensions. This systematic approach resulted in the discovery of 9,139 low-dimensional
materials, comprising 1,838 0D clusters, 1,760 1D chains, 3,057 2D sheets/layers, and
2,484 mixed-dimensional materials. Particularly noteworthy is the finding that 887 of the
identified 2D materials exhibited weak interlayer interactions, indicating they are either
experimentally easily exfoliable or potentially exfoliable. This provides a vast pool of

candidates for new 2D materials akin to graphene.



Background & Context

Low-dimensional materials (0D, 1D, 2D) are expected to play a critical role in numerous
advanced technologies—including next-generation electronics, catalysts, energy storage,
and sensors—due to their unique physical and chemical properties (e.g., high surface
area, quantum effects, anisotropy). However, the discovery of these materials has been
highly challenging due to synthesis difficulties and the complexity of theoretical
predictions. Traditional materials exploration has relied mainly on experimental trial-and-
error or limited computational screening, resulting in a slow pace of discovery. The
fusion of computational materials science and machine learning, as demonstrated in this
study, is key to overcoming these challenges and efficiently expanding the search space

to accelerate the discovery of innovative low-dimensional materials.

Strategic Significance & Outlook

The massive number of low-dimensional materials discovered in this research has the
potential to complement existing materials like graphene and molybdenum disulfide
(MoS2) and significantly broaden their application scope. In particular, the candidates for
easily exfoliable 2D materials are expected to find diverse applications in transistors,
batteries, catalysts, sensors, and composite materials. This universal computational
strategy will also be applied to explore other material systems and functional materials,
becoming a new standard in materials science research. The further integration of Al and
computational science is anticipated to lead to the discovery of unprecedented new
materials, contributing to sustainable societal development. This approach significantly
accelerates virtual screening, reducing the effort and time required for laboratory

synthesis.

Source: https://pubs.acs.org/doi/10.1021/acs.chemmater.5c03151?ref=PDF
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#14 DOE Advances Al Innovation Ecosystem,
Leveraging Foundation Models for New Battery

Electrolyte Research

Published August 04, 2026  Department of Energy ~ USA

Mass discovery of low-dimensonal
materials a universal compulational
strategy: 9139 types from Materials Project

Publication date August 3, 2026
Abstriact: ACS Chemistry of Materials, America

| overview

The U.S. Department of Energy (DOE) is actively promoting the Al innovation
ecosystem, with a specific focus on advancing foundation models. A team led by
materials scientist Vijay Murugesan, in collaboration with Microsoft, is researching
new battery electrolyte materials. Foundation models, trained on broad data inputs
and adaptable to various tasks, can provide insights and discover meaningful patterns

from vast datasets, thus accelerating discovery in materials science.
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Key Findings

The U.S. Department of Energy (DOE) is actively bolstering the national Al innovation
ecosystem, with a significant emphasis on advancing foundation models. As part of this
initiative, a team led by materials scientist Vijay Murugesan, in collaboration with
Microsoft, is conducting groundbreaking research on next-generation battery electrolyte
materials. This endeavor is paramount for accelerating breakthroughs in energy storage

technologies through Al.

Technical / Clinical Details

The foundation models promoted by the DOE are highly versatile Al models developed
and trained using diverse and extensive data inputs, making them adaptable to a wide
array of tasks. In materials science, these models possess the unique ability to gain
insights and discover complex patterns and interactions within data that may have been
overlooked by previous methods. Murugesan's team utilizes these foundation models to
predict candidate new battery electrolyte materials and evaluate their properties. For
example, by integrally learning multimodal data—including traditional material property
databases, molecular dynamics simulations, quantum chemical calculations, and
experimental data—it becomes possible to predict critical electrolyte properties such as
ion conductivity, electrochemical stability, and safety with higher precision. This allows
for efficient screening of promising electrolyte candidates, significantly reducing trial-

and-error in the experimental phase.

Background & Context

Battery technology is crucial for the proliferation of electric vehicles, the integration of
renewable energy sources, and the realization of grid-scale energy storage systems.
However, current batteries, particularly lithium-ion variants, still have room for
improvement in terms of energy density, charging speed, safety, cost, and lifespan. High-
performance electrolytes are one of the most critical components for enhancing battery
performance, but their discovery is challenging due to the vast chemical space. The
introduction of Al, especially powerful general-purpose Als like foundation models, is key
to efficiently navigating this search space and dramatically accelerating the pace of new
material discovery. This DOE initiative also contributes to strengthening the nation's

energy security and economic competitiveness.



Strategic Significance & Outlook

The DOE's promotion of the Al innovation ecosystem and research into foundation
models will have a profound impact on the future of not only battery technology but
materials science as a whole. As the capabilities of foundation models advance, Al will be
able to play a more autonomous role across the entire material lifecycle, from design
and synthesis to characterization and manufacturing processes. In the future, 'self-
driving materials discovery' is expected to be realized, where Al generates new materials
meeting specific performance targets, and autonomous laboratories automatically
synthesize and test them. This will accelerate innovation in all industries—not just
energy, but also semiconductors, healthcare, and aerospace—contributing to a more

sustainable and prosperous society.

Source: https://www.energy.gov/cet/doe-advancing-ai-innovation-ecosystem

Collected: August 07, 2026 | Automated Research System (Gemini API)


https://www.energy.gov/cet/doe-advancing-ai-innovation-ecosystem

#15 Northwestern University Develops Novel Al-Driven
Computational Method to Unravel Complex Atomic
Structures at Material Interfaces

Published July 31, 2026  McCormick School of Engineering (Northwestern University) USA

| overview

Northwestern University researchers developed a new Al-driven computational
method to reveal the complex atomic structures at material interfaces. This approach
combines machine learning, advanced structural search, and quantum mechanical
calculations to reliably predict interface structures that influence material
performance, degradation, and failure. This enables the design of interfaces to
enhance material performance, efficiency, and durability in energy, electronics, and

structural applications.
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Key Findings

A research team at Northwestern University has developed a novel Al-driven
computational method that successfully elucidates the complex atomic structures at
material interfaces with unprecedented accuracy. This innovative approach enables more
reliable prediction of interface structures that directly impact material performance,

degradation, and ultimate failure.

Technical / Clinical Details

This new computational method is achieved by ingeniously combining three key
elements: machine learning, advanced structural search algorithms, and high-precision
quantum mechanical calculations. Traditionally, identifying stable structures from the
vast number of possible atomic configurations at interfaces has been computationally
extremely challenging. The research team first utilizes machine learning models to
efficiently screen physically plausible interface structure candidates from the immense
search space. Next, advanced structural search algorithms are applied to these
candidates to pinpoint energetically stable or transition state structures. Finally, these
promising structures are subjected to further meticulous analysis by quantum
mechanical calculations (e.g., Density Functional Theory, DFT) to comprehensively
evaluate their electronic structure and bonding properties. This integrated pipeline
allows researchers to reliably predict the detailed atomic-level behavior of interfaces,
which were previously considered black boxes. Consequently, mechanisms such as defect
formation, atomic diffusion, charge transport, and stress concentration at interfaces can

be clearly understood and fed back into the material design process.



Background & Context

Material interfaces are critical regions that determine the performance of many advanced
material systems, including semiconductor devices, batteries, catalysts, and composite
materials. For example, in semiconductor devices, the atomic structure of interfaces
directly affects electron mobility and device reliability. In batteries, the electrode-
electrolyte interface dictates charging/discharging efficiency and lifespan. However,
interfaces are inherently heterogeneous, and their atomic structures are highly complex,
making experimental and theoretical analysis difficult. The fusion of Al and
computational science holds the potential to solve this long-standing challenge and

elevate interface engineering to the next level.

Strategic Significance & Outlook

This Al-driven computational method developed by Northwestern University is poised to
revolutionize materials design across a wide range of fields, including energy, electronics,
and structural materials. By gaining a deeper understanding of the relationship between
interface atomic structure and function, researchers will be able to design high-

performance materials such as:

e [nterfaces for more efficient solar cells and thermoelectric materials.

e More stable and longer-lasting battery electrode interfaces for electric vehicles and

grid-scale storage.

¢ Interfaces that maximize electron mobility for high-performance semiconductor

devices.

e Tougher and more durable composite material interfaces for aerospace and

automotive industries.

This technology is expected to shorten the timeline from new material discovery to
practical application, accelerating the development of innovative products that
contribute to a sustainable society. In the future, this method could be integrated into
autonomous materials discovery systems, potentially realizing 'self-driving interface
engineering' where Al autonomously designs and optimizes interface structures based

on target performance goals.



Source: https://www.mccormick.northwestern.edu/news/articles/2026/07/new-ai-method-reveals-

material-interfaces/
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#16 Kolmogorov-Arnold Networks Revolutionize
Thermoelectric Materials Design: Achieving High-
Accuracy and Interpretable Property Prediction

Published August 07, 2026 PMC USA

| overview

This research introduced Kolmogorov—-Arnold Networks (KANs) for thermoelectric
property prediction to provide accurate and interpretable models for high-
performance thermoelectric materials design. KANs achieved predictive accuracy
comparable to multi-layer perceptrons (MLPs) while offering explicit symbolic
representations of structure-property relationships, enabling physical insights into
governing thermoelectric mechanisms. This groundbreaking approach accelerates

rational design and new material discovery for thermoelectrics.
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Key Findings

This study has introduced Kolmogorov-Arnold Networks (KANs) as a groundbreaking
machine learning model in the field of thermoelectric materials design. It demonstrates
that KANs can predict the thermoelectric properties of materials with high accuracy,
comparable to conventional models. Furthermore, the key feature of KANSs,
‘interpretability,' allows for the explicit symbolic representation of structure-property
relationships, providing crucial physical insights into the design principles of

thermoelectric materials.

Technical / Clinical Details

Thermoelectric materials are capable of directly converting thermal energy into electrical
energy, and vice-versa, playing a vital role in areas like waste heat recovery and solid-
state cooling. Designing high-performance thermoelectric materials requires models that
accurately predict how material composition and structure influence thermoelectric
properties such as Seebeck coefficient, electrical conductivity, and thermal conductivity.
Traditional machine learning models, especially Multi-Layer Perceptrons (MLPs), while
achieving high predictive accuracy, often suffer from 'black-box' opacity, making it
difficult to understand how predictions are made or which features are most important.
In contrast, KANs explicitly represent the non-linear relationship between inputs and
outputs as a combination of a few simple functions (activation functions). In this study,
KANs were trained using thermoelectric material compositions and structural features
(e.g., atomic species, crystal structure parameters) as inputs to predict thermoelectric
properties. The results showed that KANs achieved predictive accuracy equal to or
superior to MLPs while successfully deriving mathematical expressions that describe how
property values depend on specific compositional changes or structural features. For
example, physical insights like ‘the concentration of a specific element non-linearly

increases the Seebeck coefficient' can be directly extracted from KANs.



Background & Context

Efficient energy utilization is paramount for realizing a sustainable energy society.
Thermoelectric materials hold the potential to convert vast amounts of waste heat—
generated daily from factories, automobile exhaust, and electronic device heat
dissipation—into clean electricity. However, many commercially available thermoelectric
materials face challenges in balancing performance and cost, driving the demand for
new, higher-performing, and cheaper materials. Interpretable Al models like KANs
enable materials scientists not only to accept predictions but also to understand the
underlying physical reasons, allowing for the formulation of more efficient material
exploration strategies. This is crucial for transforming the traditional trial-and-error
material development process into a data-driven and principle-based rational design

approach.

Strategic Significance & Outlook

The success of applying KANs to thermoelectric materials design clearly demonstrates
the significant impact interpretable Al can have on materials science research. In the
future, KANs are expected to be applied to the design of other functional materials (e.g.,
catalysts, battery materials, magnetic materials), becoming a powerful tool for
elucidating complex structure-property-process relationships in materials. This will allow
researchers to gain deeper physical insights while efficiently exploring the design space
and rapidly discovering innovative materials. Furthermore, the mathematical insights
gained from KANs will contribute to the construction of new material theories and the
development of more advanced simulation models, accelerating both fundamental and
applied research in materials science. This approach represents a significant step towards
realizing 'smart' automation of materials discovery by integrating Al with human

expertise.

Source: https://pmc.ncbi.nlm.nih.gov/articles/PMC13136493/
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#17 Berkeley Lab Accelerates Advanced Materials
Development with New Al-Thermodynamics Modeling
Approach: Enhancing Solid-Phase Reaction Prediction

Published August 03, 2026  Berkeley Lab  USA

| overview

A new modeling framework, leveraging accurate thermodynamics and machine
learning, precisely and rapidly predicts a sequence of events in solid-phase reactions,
including intermediate compounds, final products, and impurities. This reveals
synthesis methods for promising new materials, accelerating their path to practical
application. This data-driven machine learning model details solid-phase reaction

pathways, significantly reducing time spent on traditional trial-and-error experiments.
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Key Findings

Researchers at Lawrence Berkeley National Laboratory (Berkeley Lab) have developed a
novel modeling framework that merges thermodynamics with machine learning. This
approach successfully predicts the pathways and outcomes of solid-phase reactions with
unprecedented accuracy and speed. This innovative framework precisely forecasts the
sequence of events, including the formation of intermediate compounds, final products,
and even impurities, significantly accelerating the identification of efficient synthesis

methods for promising new materials and their practical application.

Technical / Clinical Details

This modeling framework leverages the strengths of first-principles thermodynamic
calculations and data-driven machine learning models to enable a deep understanding
of complex solid-phase phenomena. Solid-phase reactions, where different solid
materials interact chemically under heat or pressure to form new solids, are crucial for
manufacturing many functional materials such as ceramics, metal alloys, and
semiconductors. However, reaction pathways are often multi-stage, involving the
formation of various intermediate compounds and byproducts, making their prediction
extremely challenging. The research team first uses thermodynamic data (e.g., Gibbs free
energy) to computationally narrow down possible reaction pathways and stable
compounds. Next, a machine learning model learns from existing experimental and
computational data to predict which pathways lead to specific reaction conditions and
what final products will be obtained, and in what proportions. Notably, the model
demonstrated high accuracy in predicting 'impurity formation,’ which has traditionally
been difficult. By using this model, researchers can accurately identify optimal
combinations of temperature, pressure, and precursor materials to achieve a target
material before conducting experiments, significantly reducing the trial-and-error

experimental cycle that previously took months or even years.



Background & Context

The discovery and development of new materials are key to innovation in major
industries such as energy efficiency, information technology, transportation, and
healthcare. However, the synthesis and optimization of new materials often represent a
costly and time-consuming bottleneck. Solid-phase reactions, in particular, have been
limited by intuition- and experience-based approaches due to their complex phase
diagrams and reaction pathways. The modeling method developed in this research
addresses this bottleneck through the fusion of Al and fundamental scientific principles,
enabling a more efficient materials development process. This further deepens the

application of data-driven science within the field of materials informatics.

Strategic Significance & Outlook

This new Al modeling approach holds the potential to revolutionize advanced materials
development. By enabling more accurate prediction of solid-phase reaction pathways,

researchers will be able to achieve outcomes such as:

e Optimization of synthesis pathways for specific functional ceramics (e.g., high-

temperature superconductors, dielectrics).

e Discovery of new metal alloys (e.g., high-strength lightweight alloys, corrosion-

resistant alloys) and efficiency improvements in manufacturing processes.

e Precise control of thin-film growth processes for next-generation semiconductors and

quantum materials.

e Development of mass production technologies for high-quality materials with

minimized impurities.

This technology will accelerate the entire process from materials design to
manufacturing, supporting the rapid market introduction of high-performance new
materials. In the future, this modeling framework is expected to be integrated into
autonomous experimental systems, becoming a crucial step towards realizing 'self-
driving materials laboratories' where Al autonomously handles material design, synthesis,

evaluation, and optimization end-to-end.

Source: https://newscenter.lbl.gov/2026/08/03/new-ai-modeling-approach-accelerates-the-development-
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#18 UW Research Accelerates Multifunctional Materials
Discovery with Al Inverse Design Framework:
Achieving 60% Thermal Conductivity Improvement and
10% Cost Reduction

Published July 30, 2026  Mechanical Engineering | University of Washington ~ USA

| overview

Researchers at the University of Washington (UW) developed a novel ‘inverse design
framework' combining physics-based modeling and machine learning, accelerating
the discovery of multifunctional materials. This framework starts with desired material
properties, such as for wearable electronics, and inversely calculates optimal material
compositions. Experiments showed that materials identified by this framework
achieved approximately 60% higher thermal conductivity and a 10% cost reduction

compared to previously used materials.
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Key Findings

Researchers at the University of Washington (UW) have successfully developed a novel
‘inverse design framework' that integrates physics-based modeling with machine
learning, revolutionizing the discovery of multifunctional materials. Materials designed
using this framework have demonstrated a remarkable 60% improvement in thermal
conductivity and an approximately 10% reduction in manufacturing costs compared to

existing materials.

Technical / Clinical Details

Unlike traditional material design processes, this inverse design framework begins with
target properties (e.g., specific thermal conductivity, electrical conductivity, mechanical
strength) and 'inversely calculates’ the optimal material composition and microstructure
to achieve those goals. Specifically, it combines equations describing material behavior
based on physical principles with machine learning models that learn complex patterns
from vast material datasets. The research team first establishes fundamental relationships
between material properties and composition using physical models, and then machine
learning refines these relationships, efficiently exploring non-linear interactions and
uncharted territories. This approach was successfully applied to the design of flexible
composite materials for applications like wearable electronics, achieving superior thermal
management performance at a lower cost than existing high-performance materials such
as liquid metal composites. Experimental validation clearly showed that the new
composite materials identified by this framework achieved approximately 60% higher
thermal conductivity while simultaneously reducing material costs by about 10%
compared to previously used materials. This significant performance improvement and

cost reduction underscore the powerful effect of Al in new material development.



Background & Context

In modern electronic devices, particularly wearable devices and high-density integrated
circuits, efficient heat management is crucial for maintaining performance and reliability.
High-performance thermal management materials are essential for extending device
lifespan and preventing overheating failures. However, discovering multifunctional
materials that simultaneously meet multiple requirements (e.g., high thermal
conductivity, flexibility, low cost) is extremely time-consuming and expensive using
traditional trial-and-error approaches due to the vast material search space. The inverse
design framework demonstrated by UW research offers an efficient solution to this

challenge and holds the potential to transform the paradigm of materials discovery.

Strategic Significance & Outlook

The inverse design framework developed by UW is poised to revolutionize materials
development across a wide range of fields requiring high performance and
multifunctionality, including aerospace, automotive, medical devices, and energy storage,
beyond wearable electronics. Further extending this framework will enable researchers to
explore more complex material systems and previously impossible combinations of
material properties. Ultimately, this Al-driven approach is expected to be integrated into
‘closed-loop material development' systems that optimize the entire lifecycle from
material design to manufacturing and recycling, accelerating sustainable innovation. The
concrete figures of 60% thermal conductivity improvement and 10% cost reduction

highlight the immediate and significant industrial impact of this technology.

Source: https://www.me.washington.edu/news/article/2026-07-30/accelerating-discovery-advanced-

materials
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#19 DOE Basic Energy Sciences Supports Software
Development for New Materials and Chemical
Processes Towards Next-Gen Exascale Computing

Published August 04, 2026  Department of Energy (DOE)  USA

| overview

The U.S. Department of Energy's (DOE) Basic Energy Sciences (BES) division is
supporting research teams developing software and databases to accelerate the
design of new materials and chemical processes. This research focuses on leveraging
current DOE supercomputers and developing software for next-generation exascale
computing systems. This initiative will dramatically enhance large-scale simulation
and data analysis capabilities in materials science, contributing to advancements in

clean energy technologies and advanced manufacturing.
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Key Findings

The U.S. Department of Energy's (DOE) Basic Energy Sciences (BES) division is bolstering
its support for research teams dedicated to developing advanced software and
databases aimed at dramatically accelerating the design of new materials and chemical
processes. This strategic investment particularly focuses on creating software compatible
with next-generation exascale computing systems, maximizing the utilization of DOE's

powerful supercomputing resources.

Technical / Clinical Details

The research supported by BES primarily spans the field of computational materials
science, advancing the development of computational tools and models applicable
across multiple scales: electronic (Density Functional Theory, DFT), atomic (Molecular
Dynamics, MD, and Monte Carlo methods, MC), and micro/mesoscale (Phase-Field
Methods, PFM). These tools are indispensable for understanding material structure
evolution and how that structure controls material properties. For instance, DFT
accurately predicts electronic structures and chemical bonding characteristics, while
MD/MC simulates atomic movements and thermal/mechanical properties. PFM models
microstructure formation processes like grain growth and phase separation. New
algorithms and software libraries are being developed to integrate these computational
methods, enabling more efficient and large-scale materials exploration. Crucially,
optimizing software to fully harness the capabilities of next-generation exascale
computing (systems with computational power exceeding petaflops) is vital for
extracting valuable insights from vast simulation data and resolving bottlenecks in new

material design.



Background & Context

Modern society faces complex challenges such as climate change, energy security, and
economic competitiveness, all requiring the development of innovative new materials
and chemical processes. Traditional materials discovery processes have heavily relied on
experimental trial-and-error, which is time-consuming and inefficient. Computational
materials science helps streamline this process, enabling efficient identification of
promising candidates through virtual screening. The support from DOE's BES division
further enhances these computational capabilities, strategically accelerating materials
development to secure U.S. leadership in clean energy technologies (e.g., high-
performance batteries, catalysts, photovoltaics) and advanced manufacturing (e.g.,

lightweight alloys, high-performance composite materials).

Strategic Significance & Outlook

The development of advanced software and databases for next-generation exascale
computing systems is poised to revolutionize materials science research. This will enable
researchers to predict the behavior of material systems of unprecedented scale and
complexity (e.g., multi-component alloys, complex biomolecular systems) with high
accuracy. This will foster the construction of new material theories and open avenues for
exploring previously uncharted material design spaces. In the future, further deep
integration of these computational tools with Artificial Intelligence (Al) and machine
learning technologies is expected to make concepts like 'self-driving labs' and 'materials-
on-demand' a reality, dramatically shortening the time from material discovery to

practical application and contributing to solving major societal challenges.

Source: https://www.energy.gov/science/bes/basic-energy-sciences
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#20 IBM and Algorithmiq Demonstrate Quantum
Advantage in Materials Simulation Beyond Classical
Verification, Leveraging QESEM on Quantum Heron

Published July 30, 2026  IBM Newsroom  USA

| overview

IBM and Algorithmiq demonstrated quantum advantage in simulating heterogeneous
quantum materials using a new framework that establishes trust in quantum
computations beyond classical verification. This breakthrough shows that quantum
computers can provide more efficient, cheaper, or more accurate and reliable
solutions than classical methods. Qedma's QESEM error mitigation software was run
on IBM's Quantum Heron processor, observing quantum dynamics in a system with

up to 74 qubits.
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Key Findings

IBM and Algorithmiq have demonstrated 'quantum advantage' in simulating
heterogeneous quantum materials, surpassing classical computing capabilities. This
groundbreaking achievement was made possible by a novel framework that establishes
trust in quantum computations beyond classical verification, indicating that quantum
computers can offer more efficient and reliable solutions for specific materials science

problems.

Technical / Clinical Details

The research involved executing Qedma Quantum Computing's advanced error
mitigation software, '‘QESEM,' on IBM's cutting-edge quantum processor, ‘Quantum
Heron.' The Quantum Heron processor, operating with up to 74 qubits, has the capability
to observe complex quantum dynamics. The research team utilized this quantum system
to simulate heterogeneous quantum materials on a scale virtually impossible for classical
computers. Particularly significant is the establishment of reliability for quantum
computations—whose results cannot be precisely verified by classical computers—
through Qedma's QESEM software. QESEM integrates algorithms and techniques to
mitigate qubit noise and errors, thereby ensuring the accuracy and reliability of quantum
computer results. These quantum results were compared against classical simulations
performed by Japan's RIKEN and BlueQubit on 'Fugaku,' one of the world's most
powerful supercomputers, confirming the quantum advantage. This comparison
suggests that quantum computers are not merely faster than classical ones but can also

yield new insights unattainable by classical methods.



Background & Context

In materials science, the discovery and design of new materials are constantly at the
forefront of technological innovation. Accurately predicting the behavior of
heterogeneous materials with pronounced quantum mechanical effects (e.g.,
superconductors, magnetic materials, catalysts) is essential for broadening their
applicability. However, the quantum states of these materials are incredibly complex,
pushing the limits of classical computing power. Quantum computing is emerging as a
next-generation technology with the potential to break through this computational
barrier and drive the 'digital transformation’ in materials science. Collaborations between
leading technology companies like IBM and quantum software specialists like
Algorithmiq are crucial steps towards the practical implementation of quantum

computing.

Strategic Significance & Outlook

The demonstration of quantum advantage by IBM and Algorithmiq paves the way for
commercial applications of quantum computing in materials science. This achievement
will enable researchers to predict the quantum properties of new catalysts, battery
materials, high-performance semiconductors, and pharmaceuticals more efficiently and
accurately. Specifically, advancements in error mitigation technologies will enhance the
reliability of quantum computers in solving practical problems. In the future, quantum
computers hold the potential to accelerate the entire materials design process and even
create innovative materials that humanity has not yet discovered. This is expected to
bring new solutions to many global challenges, including sustainable energy, healthcare,
and information technology. The comparison with Japan's Fugaku also highlights the

importance of quantum technology in the international competitive landscape.

Source: https://newsroom.ibm.com/2026-07-30-ibm-and-algorithmig-demonstrate-quantum-advantage,-

establishing-a-framework-for-trusted-quantum-computation-beyond-classical-verification
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#21 Al Sales Startup Emanate Specializes in Complex
Industrial Materials Sales, Differentiating from
General-Purpose Al

Published August 05, 2026  Fast Company USA

[ EMANATE y SPECIALIEDAI |

| overview

Al startup Emanate is developing specialized Al tools for complex sales transactions in
the industrial materials sector. The company's strategy is a clear bet that the industrial
materials market, dealing with raw materials like steel and aluminum, as well as
fabricated components such as wires and pipes, will benefit significantly from sector-
specific Al tools rather than general-purpose Al agents. This approach suggests new
application possibilities for Al in industrial materials markets requiring complex supply

chains and specialized expertise.
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Key Findings

Al startup Emanate has announced its focus on developing specialized Al tools for
complex sales transactions within the industrial materials sector. The company firmly
believes that the highly specialized industrial materials market, ranging from raw
materials like steel and aluminum to manufactured components such as wires and pipes,
will benefit decisively from sector-specific Al tools rather than generic Al agents. This

strategy underscores the effectiveness of a vertically integrated Al approach.

Technical / Clinical Details

Emanate's Al tools are optimized specifically for the characteristics of the industrial
materials market. This market presents unique challenges, including product diversity,
complex technical specifications, long-term supplier relationships, stringent quality
standards, and fluctuating market prices. Emanate's Al deeply understands these factors,
learning from vast amounts of transaction data, market trends, customer purchasing
history, product specifications, and even supply chain information. Based on this

learning, it provides specific functionalities such as:

¢ Price Optimization and Negotiation Support: Recommends optimal pricing based
on historical transaction data and market forecasts, assisting sales representatives in

negotiations.

¢ Lead Generation and Customer Matching: Accurately matches customer needs with

the company's product portfolio, identifying promising leads.

¢ Supply Chain Optimization: Considers material availability and lead times to

recommend the best suppliers to meet customer requirements.

¢ Technical Specification Understanding and Proposal: Al comprehends complex
product specifications and proposes materials that align with customer technical

requirements.

This specialized Al aims to generate higher practical value by deeply incorporating the
nuances and domain knowledge specific to industrial materials, surpassing the general

language processing and data analysis capabilities of general-purpose Al agents.



Background & Context

While the industrial materials market is enormous, its transaction processes often remain
inefficient and heavily reliant on manual human intervention. Particularly, the technical
complexity of products and information asymmetry between buyers and suppliers
frequently pose barriers to transactions. Detailed information analysis and decision-
making are required that conventional CRM and ERP systems alone cannot fully address.
Emanate’'s business model aims to bridge this gap, with Al taking over complex
information processing and expertise-intensive tasks traditionally performed by humans,
thereby enhancing sales efficiency and customer satisfaction. This reflects a trend where

Al generates true business value by specializing in specific industries.

Strategic Significance & Outlook

The success of specialized Al tools like Emanate's will broaden the applicability of Al in
other complex B2B markets. If successful in industrial materials, it could expand into
markets with similar characteristics, such as chemicals, mechanical parts, and
construction materials. By optimizing sales processes, Al enables companies to close
deals faster and customers to procure necessary materials more efficiently. This is
expected to improve overall supply chain efficiency and contribute to strengthening the
competitiveness of the manufacturing sector. In the future, these Al tools might
seamlessly integrate with upstream processes like material exploration, design, and
manufacturing, becoming part of a unified platform that optimizes the entire material

lifecycle.

Source: https://www.fastcompany.com/91538530/emanate-ai-startup-complex-industrial-materials-sales
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#22 Quantum Computing Reshapes Aircraft Design and
Materials Science: Airbus and Rolls-Royce Embrace
Technology for Unprecedented Simulation Results

Published August 01, 2026  TechJournal.uk UK
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| overview

Quantum computing is fundamentally reshaping aircraft design and materials science,
yielding superior results unattainable by classical software, particularly in engineering
simulations. Airbus is exploring quantum computing for aerodynamic modeling and
developing lightweight, more resilient new materials. Rolls-Royce, meanwhile, is
tackling the challenge of proving quantum system reliability on par with classical
tools, marking critical progress toward practical quantum technology in the aerospace

industry.
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Key Findings

Quantum computing is entering a phase of fundamentally reshaping the fields of aircraft
design and materials science. It is delivering superior results, particularly in complex
engineering simulations, that were previously unattainable with conventional classical
software. A notable aspect is the proactive exploration of this cutting-edge technology

by aerospace industry giants like Airbus and Rolls-Royce.

Technical / Clinical Details

Quantum computing harnesses principles of quantum mechanics, such as superposition
and entanglement, to efficiently solve specific computational problems that would take
classical computers an inordinate amount of time, or be completely impossible to
calculate. In aircraft design, quantum computing is contributing significantly to
‘aerodynamic modeling' and 'new materials development.' Airbus is utilizing quantum
simulations to model airflow around aircraft wings and fuselages with unprecedented
detail and accuracy, aiming for improved fuel efficiency and reduced noise. This enables
designs with lower drag and more precise prediction of turbulence. Quantum computing
is also being applied to the exploration and design of innovative new materials, such as
more resilient and fatigue-resistant composites and alloys, which are essential for
reducing aircraft weight and enhancing safety. Quantum simulations help predict
material behavior at the atomic level and optimize their properties. Meanwhile, Rolls-
Royce is tackling the critical challenge of establishing the ‘reliability’ of quantum systems
to be on par with classical simulation tools for their application in aircraft engine design.
This is crucial because proving safety and performance is extremely stringent in the
aerospace industry, making reliability verification indispensable for the practical

implementation of quantum technology.



Background & Context

The aerospace industry is constantly striving for improved fuel efficiency, reduced
emissions, lighter and stronger materials, and maximized safety. Achieving these
objectives necessitates cutting-edge research in materials science and fluid dynamics.
However, current classical computers have limitations in performing large-scale
aerodynamic simulations and atomic-scale material simulations. Quantum computing
holds the potential to break through these computational barriers, emerging as a next-
generation tool with high expectations for accelerating aircraft design optimization and
new material development. Major global powers recognize the strategic value of

quantum technology and are investing heavily in its research and development.

Strategic Significance & Outlook

The transformation that quantum computing is bringing to aircraft design and materials
science is still in its early stages, but its potential is immeasurable. As companies like
Airbus integrate quantum technology into aerodynamics and material design, future
aircraft will become more environmentally friendly, safer, and higher performing. Rolls-
Royce's efforts in reliability verification are building a critical foundation for the
widespread adoption of quantum technology in rigorous engineering fields. Moving
forward, with advancements in quantum computer performance and error correction
technologies, quantum applications in the aerospace industry are expected to expand
further, leading to innovations in diverse areas such as designing new engine materials,
optimizing complex components, and streamlining supply chains. This will strengthen
the overall competitiveness of the aerospace industry and accelerate the future of

sustainable aviation.

Source: https://www.techjournal.uk/p/quantum-computing-is-reshaping-aircraft
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#23 Silicon Quantum Computing Achieves 'Quantum
Twins' with 15,000 Qubit 2D Array on Pure Silicon

Published August 06, 2026  Falling Walls Science Summit  Germany

I OVERVIEW

Michelle Simmons' Silicon Quantum Computing (SQC) demonstrated the world's first
2D array quantum simulator with 15,000 precisely placed qubit registers on pure
silicon. This breakthrough enables the creation of '‘Quantum Twins,' custom chips that
physically encode direct replicas of physical systems and chemical interactions clients
wish to understand. This sets a new standard for quantum simulation technology,

significantly accelerating its application in materials science and chemistry.
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Key Findings

Michelle Simmons, leading Silicon Quantum Computing (SQC), has demonstrated the
world's first 2D array quantum simulator, featuring 15,000 precisely placed qubit
registers on a pure silicon substrate. This groundbreaking technology enables the
creation of custom chips dubbed 'Quantum Twins," which allow for the direct quantum-
level imitation of physical systems and chemical interactions that clients wish to explore.

This dramatically expands the accuracy and scope of quantum simulations.

Technical / Clinical Details

The quantum simulator developed by SQC maximizes the atomic-level precision and
controllability inherent in a silicon substrate. Qubits are constructed by utilizing the spin
of single electrons from phosphorus atoms embedded within the silicon crystal, and
these qubits are precisely positioned at interatomic distances. The arrangement of as
many as 15,000 qubits in a 2D array represents a significant advancement in terms of
integration density. These 'Quantum Twins' are custom-designed to mimic specific
physical systems or chemical reactions (e.g., electronic structures of complex molecules,
properties of new materials) by customizing the interactions between qubits. In essence,
the quantum chip itself functions as a ‘quantum replica' of the physical phenomena
under investigation. For example, a company seeking to understand how a new catalyst
functions in a specific reaction can map the catalyst's electronic structure and reaction
sites onto a Quantum Twin, performing quantum-level simulations with details
impossible for classical computers. This significantly reduces trial-and-error in the

laboratory, accelerating the materials discovery process.



Background & Context

Quantum computing, particularly quantum simulation, is widely recognized for its
potential to surpass the limitations of classical computers in fields such as materials
science, chemistry, and drug discovery. Calculations of molecular electronic structures
and predictions of solid-state material properties necessitate solving quantum
mechanical problems, with computational costs increasing exponentially with system
size. Traditional quantum simulators have primarily been limited to a small number of
qubits, making practical applications to complex problems challenging. SQC's
demonstration of a 15,000-qubit 2D array breaks this scaling barrier, enabling the

application of quantum simulation to more realistic and industrially significant problems.

Strategic Significance & Outlook

SQC's 'Quantum Twins' technology holds the potential to revolutionize materials science
and chemical research. This technology will enable companies and research institutions

to accelerate groundbreaking discoveries in areas such as:

¢ Design of high-performance materials like new battery materials, superconductors,

and semiconductors.

¢ Elucidation of complex catalytic reaction mechanisms and development of more

efficient catalysts.

e Design of innovative pharmaceutical molecules and prediction of drug-biomolecule

interactions.

e Optimization of processes like environmental pollutant degradation and CO2 capture.

'‘Quantum Twins' provide scientists with a powerful tool to directly 'observe' the quantum
world and understand its complex behaviors. This is expected to dramatically shorten the
materials discovery cycle, leading to the rapid emergence of new technologies that
contribute to a sustainable society. Being silicon-based, it also has high compatibility
with existing semiconductor manufacturing technologies, offering significant advantages

in terms of future scalability and cost efficiency.

Source: https://falling-walls.com/breakthroughs/finalists-interviews/michelle-simmons
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#24 1IT KANPUR Elucidates Material Structure-Property

Relationships with Computational Materials Science:
Leveraging DFT, MD/MC, and PFM

Published August 01,2026 ~ MSE | IIT KANPUR India

| overview

[IT KANPUR emphasizes computational materials science as a powerful toolkit for
solving material-related problems, citing Density Functional Theory (DFT) at the
electronic level, Molecular Dynamics (MD) and Monte Carlo (MC) for atomic
simulations, and Phase-Field Methods (PFM) for micro- and mesoscales. These
models help understand material structure evolution and how structures control

properties, forming the foundation for materials design and optimization.
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Key Findings

The Department of Materials Science and Engineering (MSE) at IIT KANPUR highlights
computational materials science as an essential toolkit for solving complex material-
related problems. It identifies Density Functional Theory (DFT) for the electronic level,
Molecular Dynamics (MD) and Monte Carlo methods (MC) for atomic simulations, and
Phase-Field Methods (PFM) for micro- and mesoscales as key computational techniques,
providing a foundation for deeply understanding material structure evolution and how it

controls material properties.

Technical / Clinical Details

Computational materials science integrates diverse methodologies to model phenomena

across multiple temporal and spatial scales:

¢ Electronic Level: Density Functional Theory (DFT)
DFT is a powerful tool for calculating fundamental quantum mechanical properties of
materials from first principles, such as electronic structure, bonding energies, band
gaps, and magnetic properties. This enables the prediction of new material stability

and reactivity, narrowing down promising candidates before experimental work.

e Atomic Level: Molecular Dynamics (MD) and Monte Carlo (MC) Methods
MD simulations solve classical equations of motion for atoms based on interatomic
interaction potentials, simulating time-dependent thermal (melting, crystallization),
mechanical (stress-strain), and dynamic (diffusion) behaviors of materials. MC
methods use probabilistic approaches to study material equilibrium states and phase
transitions, enabling analysis of phenomena at longer time scales difficult to reach
with MD.

e Micro- and Mesoscales: Phase-Field Methods (PFM)
PFM models the evolution of material microstructures (grain boundaries, phase
boundaries, defects) at a continuum level. This allows for simulating phenomena such
as grain growth, phase separation, and crack propagation, helping to understand how
manufacturing processes (e.g., solidification, heat treatment) influence final material

properties.



By combining these computational tools at different scales, it becomes possible to
comprehensively analyze multi-stage phenomena, such as how changes in atomic
arrangements affect electronic properties and how this translates to macroscopic

material behavior.

Background & Context

The demand for high-performance materials is increasing across nearly all modern
industries, including energy, electronics, aerospace, and healthcare. However, traditional
materials development has heavily relied on costly and time-consuming experimental
trial-and-error. Computational materials science offers a powerful means to streamline
this process, significantly reducing development time and cost by efficiently exploring
the material search space. These computational tools function complementarily with
experimental data, deepening the understanding of fundamental material behavior and

enabling more rational material design.

Strategic Significance & Outlook

The computational materials science methodologies emphasized by IIT KANPUR will play
an indispensable role in the discovery of new materials and the optimization of existing
ones. These computational models are expected to dramatically enhance their predictive
capabilities and efficiency through future integration with more advanced machine
learning (ML) and artificial intelligence (Al) technologies. For instance, data obtained
from DFT calculations could be used to train MLIPs (Machine Learning Interatomic
Potentials) to accelerate MD simulations, or Al could optimize PFM parameters to
automate microstructure design. This will accelerate the entire process from material
design to manufacturing and practical application, ensuring that more sustainable and
high-performance products are rapidly brought to market, thereby significantly
contributing to technological innovation and economic development in India and

globally.

Source: https://mse.iitk.ac.in/computational-materials-science
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#25 CataCon Introduces Contrastive Graph
Representation Learning for Catalyst Prediction,
Accelerating Optimal Catalyst Identification via Al

Published August 07, 2026 PMC USA

| overview

This research introduces 'CataCon,' a novel contrastive graph representation learning
framework designed to predict optimal catalysts for chemical reactions. CataCon
generates rich structural embeddings for all reaction components and aligns reaction
and catalyst features through contrastive learning, leveraging graph neural networks
(GNNs) to overcome limitations of existing methods. This provides a powerful tool for
rational screening of catalyst candidates, achieves superior accuracy, and holds the

potential to significantly accelerate materials discovery and chemical synthesis.
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Key Findings

This study introduces 'CataCon,' a novel contrastive graph representation learning
framework designed to efficiently predict optimal catalysts for chemical reactions. Built
upon Graph Neural Networks (GNNs), CataCon generates rich structural embeddings for
all reaction components and aligns critical features of reactions and catalysts through
contrastive learning, thereby overcoming existing challenges in catalyst prediction. This
holds the potential to significantly accelerate the processes of catalyst discovery and

chemical synthesis.

Technical / Clinical Details

The core of the CataCon framework lies in its ability to transform chemical structures into
numerical vectors (embedding representations) using GNNs. A chemical reaction consists
of multiple chemical species, including reactants, products, solvents, and catalysts.
CataCon represents each of these components as a graph and generates high-
dimensional structural embeddings from individual graphs. The 'contrastive learning'
approach is particularly crucial. This method trains the model to distinguish between
‘positive pairs' (e.g., a specific reaction and an effective catalyst for it) and 'negative pairs'
where the reaction does not proceed or is ineffective. Through this, CataCon can learn
subtle relationships between the electronic and geometric features of a reaction and the
activity, stability, and other characteristics of a catalyst. By aligning descriptors for
chemical reactions (e.g., reaction type, key bonds) with catalyst descriptors (e.g., type of
active metal, surface structure), the model enhances its ability to predict the most
effective catalyst candidates for unknown reactions. Experimental evaluations showed
that CataCon achieved predictive accuracy comparable to or superior to existing state-
of-the-art (SOTA) catalyst prediction models, demonstrating particular advantages in
generality for novel reactions and catalyst systems. This enables more rational and

efficient high-throughput screening of catalyst candidates.



Background & Context

Catalysts play an indispensable role in various fields, including the chemical industry,
energy conversion, and environmental protection. The discovery of new, high-
performance catalysts is crucial for improving the efficiency and sustainability of these
industries, but their development has traditionally been a time-consuming and costly
bottleneck. The process of identifying optimal catalysts from a vast chemical space
involves extensive experimental trial-and-error. The introduction of Al, particularly
machine learning models like GNNs that can handle graph-structured data, is gaining
attention as a groundbreaking approach to accelerate catalyst discovery in a data-driven

manner. Frameworks like CataCon further deepen the application of Al in this field.

Strategic Significance & Outlook

The introduction of CataCon holds the potential to revolutionize the process of catalyst
discovery. By enabling more efficient and accurate prediction of optimal catalysts, R&D
timelines will be dramatically shortened, and chemical synthesis costs will be reduced. In
the future, Al-driven catalyst prediction tools like CataCon may be integrated into
autonomous laboratory (self-driving labs) systems, realizing 'self-driving catalyst
discovery' where Al autonomously executes the entire process of catalyst design,
synthesis, evaluation, and optimization. This is expected to accelerate innovation in the
pharmaceutical, materials, chemical, and energy sectors, providing solutions to global
challenges (e.g., clean energy, CO2 reduction) more rapidly. CataCon's success clearly
demonstrates that Al can become a powerful collaborator in solving complex scientific

problems.

Source: https://pmc.ncbi.nlm.nih.gov/articles/PMC13371356/
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#26 Scilight Press Publishes Review on Al-Driven

Rational Design of Solid-State Electrolytes: Paving the
Way for Next-Gen Batteries

Published August 05, 2026  Scilight Press  Unknown

https.//www.sciltp.com/journals/aimat
Online ISSHN: 3083-3272

Al for Materials

| overview

Scilight Press published a review paper on Al's role in advancing the rational design
of solid-state electrolytes (SSEs) for high energy density and safety in next-generation
rechargeable batteries. The paper focuses on how machine learning (ML) and deep
learning (DL) are fundamentally transforming SSE discovery and optimization. It
discusses the synergistic effects of Al algorithms like DFT, MD simulations, GNNs, and
MLIPs, enabling accurate ion conductivity prediction, elucidation of ion transport

mechanisms, and high-throughput screening of vast chemical spaces.
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Key Findings

Scilight Press has published a review paper detailing how Artificial Intelligence (Al) is
driving the rational design of solid-state electrolytes (SSEs), playing a crucial role in
achieving high energy density and safety for next-generation rechargeable batteries. The
paper comprehensively analyzes how machine learning (ML) and deep learning (DL)
technologies are fundamentally transforming the landscape of SSE discovery and

optimization.

Technical / Clinical Details

The review paper emphasizes the synergistic effects of multiple advanced algorithms and

simulation methods in Al-driven SSE design:

¢ First-principles Density Functional Theory (DFT): Used for high-accuracy
calculations of SSE electronic structure and ion stability, serving as training data for Al

models.

¢ Molecular Dynamics (MD) Simulations: Simulates dynamic processes of ion
transport at the atomic level, helping to elucidate diffusion pathways and energy

barriers. Al accelerates parameter optimization and result analysis for MD simulations.

¢ Graph Neural Networks (GNNs): Represent crystalline and amorphous SSE
structures as graphs, used to predict the impact of composition and structure on ion
conductivity and stability. GNNs are particularly strong in predicting properties of

materials with complex structures.

e Machine Learning Interatomic Potentials (MLIPs): Describe interatomic
interactions with DFT-comparable accuracy while significantly reducing the
computational cost of MD simulations. This enables large-scale, long-duration ion

transport simulations, accelerating the elucidation of ion conductivity mechanisms.

The combination of these Al algorithms facilitates breakthroughs across electrochemical
stability and ion conductivity domains for SSEs. High-throughput screening in vast
chemical spaces is accelerated, achieving accurate prediction of ion conductivity and a

deeper understanding of ion transport mechanisms simultaneously.



Background & Context

Solid-state electrolytes (SSEs) are garnering significant attention as core technology for
next-generation batteries (all-solid-state batteries) due to their high safety, being non-
flammable and free from leakage risks compared to conventional liquid electrolytes.
Furthermore, SSEs with high electrochemical windows enable the use of metal lithium
anodes, which can achieve higher energy densities. However, discovering SSEs that
combine high ion conductivity with stability has been extremely challenging due to the
vast material search space and complex structure-property relationships. Al-driven
design is key to overcoming this traditional bottleneck and dramatically accelerating the
SSE development process. Amid escalating international competition, the adoption of Al

is indispensable for establishing technological superiority in this field.

Strategic Significance & Outlook

Advances in Al-driven SSE design will accelerate the commercialization of all-solid-state
batteries, revolutionizing a wide range of applications including electric vehicles,
portable electronic devices, and grid-scale energy storage. The realization of safer,
longer-lasting, and higher energy density batteries will accelerate the transition to clean
energy, significantly contributing to a sustainable society. Moving forward, further Al
integration with more complex multi-component SSE design and
synthesis/manufacturing processes is expected to shorten the time from material
discovery to market. With synergy from autonomous lab systems, 'self-driving SSE
discovery,' where Al autonomously executes the entire process of SSE design, synthesis,

characterization, and optimization, may soon become a reality.

Source: https://www.sciltp.com/journals/aimat/articles/2607004647
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#27 Discovery Alert Announces Al Discovery of Porous
Oxide Materials for Next-Generation Energy Storage

Published August 03, 2026  Discovery Alert  Australia
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| overview

Al has discovered porous oxide materials for next-generation energy storage,
emerging as a critical solution to electrode chemistry challenges. Researchers at NJIT
and RPI identified five previously unreported candidate structures through a
computational screening campaign, significantly reducing traditional materials
discovery timelines. This approach aids in designing porous electrode materials for
multivalent ions like magnesium, calcium, aluminum, and zinc, which offer higher

energy densities than lithium-ion technologies.
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Key Findings

Al is accelerating the discovery of groundbreaking porous oxide materials for next-
generation energy storage systems. Research teams at the New Jersey Institute of
Technology (NJIT) and Rensselaer Polytechnic Institute (RPI) successfully identified five
previously unreported promising porous oxide structures through a computational
screening campaign, significantly streamlining the traditional materials discovery

process.

Technical / Clinical Details

The research team first constructed a data-driven computational screening platform
combining Al and high-performance computing (HPC). This platform integrates existing
material databases, quantum chemical insights from first-principles calculations (DFT),
and machine learning models to efficiently explore vast material search spaces for
candidates meeting specific functional requirements (e.g., multivalent ion
insertion/extraction capabilities, high surface area, electrochemical stability). The focus
was particularly on designing porous electrode materials compatible with multivalent
ions such as magnesium, calcium, aluminum, and zinc, which offer higher energy
densities than lithium-ion batteries. Al predicted nanoscale pore structures that allow
efficient transport of these multivalent ions and an oxide framework with long-term
stability. This computational screening identified a total of five new porous oxide
candidate structures, which are believed to have been difficult to find through
conventional trial-and-error experimentation. These materials are expected to have the
potential for rapid multivalent ion transport and large charging capacities due to their
unique porous structures. Compared to traditional material discovery timelines (months
to years), this Al-driven approach successfully narrowed down promising candidates in a

fraction of the time.



Background & Context

With the transition to a sustainable society, high-performance, safe, and cost-effective
energy storage technologies are indispensable. Current lithium-ion batteries are
approaching their performance limits, facing challenges such as supply constraints of
rare lithium and safety concerns (fire risk). Multivalent-ion batteries hold great promise
as next-generation batteries due to their advantages of higher theoretical energy density
and abundant resources (e.g., magnesium, calcium) compared to lithium ions. However,
multivalent ions have large charges and slow movement in electrolytes, making the
discovery of suitable electrode materials the biggest barrier to their practical application.
Al-driven materials discovery is key to solving this complex challenge and accelerating

breakthroughs in multivalent-ion batteries.

Strategic Significance & Outlook

These Al-discovered porous oxide materials hold the potential to significantly advance
the development of next-generation multivalent-ion batteries. Experimental synthesis
and characterization of these candidate materials will now be accelerated to validate
their actual performance. The research findings from NJIT and RPI clearly demonstrate
that Al can resolve bottlenecks in materials science research and dramatically accelerate
the pace of discovery. In the future, this Al-driven computational screening will likely be
integrated with autonomous experimental systems, potentially realizing 'self-driving
materials laboratories' that automatically handle material design, synthesis, evaluation,
and optimization end-to-end. This is expected to accelerate new material discovery not
only in energy storage but also in catalysts, sensors, and electronic materials, providing

environmentally friendly and high-performance technologies to society more rapidly.

Source: https://discoveryalert.com.au/ai-porous-oxide-materials-energy-storage-batteries/
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#28 MIT Accelerates Sodium Metal Battery Electrolyte
Design with Machine Learning: Key Role of Solvent Size

and Molecular Similarity

Published August 04, 2026  MIT News USA
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| overview

MIT researchers introduced a new approach to electrolyte design by developing a
machine learning-driven pipeline enabling the generation, selection, and
experimental validation of solvent candidates. This approach demonstrates more
general design principles by using solvent size and molecular similarity as primary
guiding factors, with sodium metal batteries as the model system. This discovery
helps identify better solvents to improve battery stability, charging speed, and long-

term performance, accelerating next-generation battery development.
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Key Findings

Researchers at the Massachusetts Institute of Technology (MIT) have developed an
innovative machine learning-driven pipeline, establishing a new paradigm for electrolyte
design. This method enables the efficient generation, screening, and experimental
validation of solvent candidates, successfully identifying better solvents that enhance
battery stability, charging speed, and long-term performance, particularly for sodium
metal batteries. A key discovery is that solvent 'size' and 'molecular similarity' are critical

properties for designing superior electrolytes.

Technical / Clinical Details

The machine learning pipeline developed by the research team dramatically accelerates
the electrolyte design process, which traditionally relies on trial-and-error. The pipeline

primarily consists of the following steps:

¢ Solvent Candidate Generation: Initially, a vast library of potential solvent molecules
is virtually generated by combining existing chemical databases with generative Al

techniques.

e Machine Learning-driven Screening: For thousands of generated solvent
candidates, machine learning models rapidly predict physicochemical properties such
as ion conductivity, electrochemical stability, viscosity, and freezing point. In this
screening process, solvent molecular size and molecular similarity to other known
good solvents were discovered to be critical predictive factors. Smaller molecules
generally tend to have higher ion mobility, and similar molecular structures suggest

similar solvation properties.

e Experimental Validation: A select few of the most promising solvent candidates
identified by the machine learning model are then synthesized and incorporated into
sodium metal batteries for experimental performance evaluation. By using sodium
metal batteries as a model system, the study demonstrates the applicability of this

design principle to other next-generation battery systems.

This integrated approach has made it possible to efficiently narrow down the electrolyte

search space and significantly shorten development timelines. This, in turn, accelerates



performance improvements for sodium metal batteries, which are highly anticipated as

alternatives to lithium-ion batteries.

Background & Context

Battery technology is indispensable for the widespread adoption of electric vehicles, the
integration of renewable energy, and the realization of grid-scale energy storage
systems. Sodium metal batteries, based on abundant and inexpensive sodium, hold great
promise as alternatives to lithium-ion batteries. However, electrolytes have been a critical
bottleneck for their performance, particularly in terms of stability and cycle life. Current
electrolytes often cause instability at the electrode interface or exhibit insufficient low-
temperature performance. The introduction of machine learning offers a groundbreaking
solution to efficiently explore this complex chemical space and remove key barriers

hindering the commercialization of sodium metal batteries.

Strategic Significance & Outlook

MIT's research findings will have broad implications for electrolyte design in next-
generation battery technologies, including not only sodium metal batteries but also
other multivalent ion batteries such as magnesium, zinc, and aluminum. The
identification of solvent size and molecular similarity as design principles provides more
efficient guidance for Al-driven materials design. Moving forward, further refinement of
this machine learning pipeline and its adaptation to more diverse battery chemistries are
expected to lead to dramatic improvements in battery energy density, safety, and
durability. In the future, this Al-driven design process is anticipated to integrate with
autonomous lab systems, serving as a crucial step towards realizing 'self-driving battery
laboratories' that automate the entire process from battery material discovery to

manufacturing.

Source: https://news.mit.edu/2026/solving-solvent-problem-sodium-metal-batteries-0804
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#29 IBM and Qedma Achieve Quantum Advantage in
Materials Simulation on IBM Quantum Heron
Processor, Enabling 74-Qubit Dynamics

Published July 30, 2026  Investing.com USA

74-Qecnqubit

| overview

IBM and Qedma Quantum Computing have demonstrated quantum advantage in
simulating quantum materials using IBM’s Quantum Heron processor and Qedma'’s
error mitigation software. This breakthrough enables the study of quantum dynamics
in systems of up to 74 qubits, surpassing classical computing capabilities. The
achievement establishes a robust framework for trusted quantum computation,
particularly for understanding and designing real-world quantum materials such as

catalysts and battery electrolytes.



| N DEPTH

Key Findings

IBM and Qedma Quantum Computing have announced a significant milestone: achieving
quantum advantage in simulating quantum materials utilizing IBM's Quantum Heron
processor combined with Qedma's advanced error mitigation software. This
collaboration has successfully enabled the study of quantum dynamics in systems of up
to 74 qubits, a scale that definitively surpasses the capabilities of current classical

supercomputers.

Technical / Clinical Details

The research leveraged IBM's state-of-the-art Quantum Heron processor, a commercial
quantum computer, in conjunction with Qedma's specialized error mitigation techniques.
These techniques are crucial for suppressing noise in quantum computations, allowing
researchers to observe and analyze complex quantum behaviors in materials relevant to
industrial applications, such as heterogeneous quantum materials for catalysts and
battery electrolytes. The ability to model these systems at 74 qubits provides
unprecedented insight into their fundamental properties and potential functionalities,

laying groundwork for future material design.

Background & Context

Quantum computing has long been anticipated to revolutionize fields requiring intensive
computational power, including materials science, drug discovery, and financial
modeling. Simulating quantum materials accurately is essential for designing and
optimizing new functional materials, yet the computational demands have posed a
formidable barrier for classical computers. The demonstration of quantum advantage by
IBM and Qedma represents a critical step in overcoming this barrier, paving the way for

reliable quantum simulations even in scenarios where classical verification is infeasible.



Strategic Significance & Outlook

This achievement signals a pivotal moment for practical quantum materials science,
opening new avenues for the accelerated development of advanced materials. In the
future, this capability is expected to expedite the creation of more energy-efficient
batteries, environmentally friendly catalysts, and innovative electronic components. IBM
and Qedma are poised to build upon this foundation, pushing the boundaries of
quantum computation to explore even larger and more complex quantum systems,

thereby driving significant societal and industrial transformations.

Source: https://www.investing.com/news/company-news/ibm-and-gedma-achieve-quantum-advantage-
in-materials-simulation-93CH-4823129
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