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Review of LLM-based autonomous agents in
catalysis, addressing tool integration and
multi-agent reasoning.

Vilya-1, an all-atom foundation model, achieves
high geometric accuracy for macrocycle structure
prediction and design.

Benchmark of 6 universal MLIPs evaluates
performance for lunar regolith MD simulations,
identifying validation needs.

Chalmers releases GPUMD 4.0, a
high-performance MD package integrating MLPs
for versatile materials simulations.

Al reshapes chemical engineering, accelerating
R&D; from reaction design to smart
manufacturing with autonomous labs.

US DOE uses Al to innovate critical minerals
supply chain and accelerate alternative materials
development.

GitHub 'awesome-ai-for-science' launched,
featuring Google GNoME, Microsoft MatterGen,
and other AI tools.

IntuitionLabs compares AlphaFold 3 and ESM3,
highlighting AlphaFold 3's generative diffusion
superiority for molecular complexes.

Generative Al in product design cuts development
time and cost by auto-generating thousands of
design options.

MLIPs like MACE, NequIP, CHGNet enable
large-scale MD with DFT accuracy, resolving
system size trade-offs.

arXiv paper examines MACE/CHGNet MLIP
limitations in perovskite oxide MD simulations,
revealing challenges for complex phenomena.

EGNNSs revolutionize atomic modeling and
advance molecular coarse-graining, boosting
large-system simulation efficiency.

Model-agnostic graph prompt learning
significantly enhances GNN crystal property
prediction accuracy, especially with limited data.

MLIP Studio launches free web app with over 60
universal MLPs, accelerating molecular and
materials simulations.

Active learning strategy achieves full-data
accuracy with fewer labels in ML force field
training, boosting efficiency.

Physics-driven AI multiscale simulation paradigm
proposed for low-temperature flexible organic
crystals, addressing OOD challenges.

ML transforms materials science from property
prediction to structural design, emphasizing LLM
validation due to hallucinations.

Self-driving labs, integrating Al and automated
experimentation, dramatically accelerate chemical
and materials discovery.

Tokyo University of Science develops Al-assisted
method for catalyst design balancing activity and
stability.
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Osaka University develops Al-designed
super-adhesive hydrogel with self-healing and
high mechanical strength underwater.

IBM/ORNL pioneer hybrid quantum-AI simulation
for fusion reactor tritium generation material,
addressing a key bottleneck.

New ATR framework enhances dynamic stability
of MLIPs by actively rejecting unreliable
pseudo-labels during training.

Self-organizing NCA enables one-shot generative
design of disordered metamaterials for biomedical
and robotics.

CASUS discovers noble-metal-free solar fuel
catalysts via AlI, boosting H2 generation and CO2
reduction.

CatDT unveils autonomous heterogeneous
catalyst discovery digital twin with high accuracy
against experimental data.

Framework proposed to convert unstructured
scientific literature into AI-ready knowledge base
for accelerated discovery.

New ML potential 'TWIN' achieves ab initio
accuracy and transferability in biomolecular
simulations, boosting efficiency.

Al reshapes chemical engineering, accelerating
R&D; with closed-loop autonomous labs from
reaction design to smart manufacturing.

Argonne National Lab advances autonomous
scientific discovery with AI-driven robotics via its
'RAPID' lab.

Review of Self-Driving Microscopy evolution,
accelerating nanoscale research and integration
with autonomous synthesis.

U of T's Al autonomous lab discovers six new
3D-printable metal alloys outperforming Inconel
625 in weeks.

NVIDIA and Japanese partners leverage
Nemotron to accelerate localized AI models and
materials R&D; agent AI workflows.

D-Wave unveils superconducting gate-model
quantum computing platform to accelerate
quantum chemistry and materials science.

U of Ottawa develops photonic simulator running
over 300 quantum processes with light,
accelerating quantum materials prototyping.

GPUMD 4.0 achieves high-performance versatile
materials simulations with integrated
machine-learned potentials.

Al and autonomous labs revolutionize MOF
discovery, streamlining synthesis to evaluation for
specific applications.

Low | Yellow highlight = featured article
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I Three Questions That Demand Your Decision This Week

@ Is your R&D; pipeline leveraging Al for inverse design?

The US DOE, Tokyo University of Science, and CASUS are rapidly advancing Al-driven inverse materials design
for critical minerals, catalysts, and energy materials. Does your firm have a strategy to implement
physics-informed AI to dramatically shorten development cycles and discover novel materials, or risk falling
behind?

® Are you investing in autonomous labs to accelerate discovery?

University of Toronto's Al autonomous lab discovered 6 new 3D-printable metal alloys outperforming Inconel
625 in weeks. Argonne National Lab and others are building 'self-driving labs.' Are you making the necessary
investments in AI-driven robotics and closed-loop experimentation to achieve unprecedented R&D; speed?

© How will quantum-AI hybrid simulations impact your long-term strategy?

IBM and ORNL pioneered hybrid quantum-AI simulation for fusion reactor materials, and D-Wave is entering
gate-model quantum computing. While early-stage, these foundational technologies could solve currently
intractable problems in quantum chemistry and materials science. What is your long-term strategy to engage
with and prepare for this paradigm shift?

I Opportunities vs. Threats for US/European Companies

Opportunity vs. Threat Matrix for US/European Companies
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® Q-AI Sim Threat Solve intractable High entry barrier

® AI KnowB Ref. Structured data LLM reliability
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I Deep Dive @ — AI Autonomous Lab for Advanced Alloys

#43 | 2026/07/16 | Acceleration Consortium - University of Toronto | Tech Novelty® ® ® ® ® Proximity ® @ ® OO Market
Impact® @ ® ® ® Data Reliability® ® ® ® O US/EU Relevancco @ @ ® ®

The University of Toronto's Al-driven autonomous lab has achieved a breakthrough, discovering six new
3D-printable metal alloys in weeks. These alloys exhibit exceptional strength under extreme conditions, with
some outperforming Inconel 625 in oxidation resistance, a critical material for aerospace.

This active learning approach combines computer modeling, machine learning, and robot-assisted
manufacturing in a closed-loop system. Al predicts promising compositions, robots synthesize and test, and
results feed back to the Al for continuous optimization, dramatically shortening the discovery cycle.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: This is a game-changer for advanced manufacturing and
aerospace. The ability to discover high-performance alloys in weeks, not years, fundamentally
shifts the competitive landscape. [Opportunity] for US/EU OEMs and materials suppliers to
integrate similar autonomous discovery platforms, rapidly develop custom alloys, and secure
IP. [Threat] is significant for firms relying on traditional R&D;, as competitors with autonomous
labs will gain an insurmountable lead in material performance and time-to-market. Next
actions: [R&D;] immediately evaluate existing alloy development pipelines for automation and
Al integration. [Executive] allocate significant capital for autonomous lab infrastructure and
talent acquisition by Q4 2026. [Strategy] assess competitor investments in similar capabilities.

I Deep Dive @ — U.S. DOE's Genesis Mission: Inverse Design

#01 | 2026/07/09 | Department of Energy | Tech Novelty® ® ® ® O Proximity® @ ® OO Market Impact® @ ® ® O Data
Reliability® ® ® OO US/EU Relevancco ® ® ® ®

The U.S. Department of Energy (DOE) has launched the 'Genesis Mission," a physics-informed AI framework
to dramatically accelerate inverse materials design. This initiative aims to reduce time-to-market for
advanced energy and industrial technologies, fostering faster deployment of sustainable solutions.

The closed-loop learning system integrates foundation models, deep learning, and generative Al for iterative
prediction, synthesis, characterization, and analysis. By embedding physical laws into AI models, it ensures

higher feasibility and accuracy in predicting material performance from desired properties.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: The DOE's Genesis Mission signals a clear US strategic priority
to dominate clean energy materials through AI. [Opportunity] for US/EU materials &
component suppliers to partner with national labs, leverage this framework, and gain early
access to next-gen materials. [Threat] for those not investing in physics-informed AI, as this
approach will yield superior, faster-developed materials, potentially making traditional R&D;
obsolete. The published numbers are conceptual but realistic given the DOE's resources.
Technical barriers include data standardization and scaling AI models for complex industrial
processes. Next actions: [Business Dev] explore collaboration opportunities with US national
labs. [R&D;] initiate pilot projects for physics-informed Al in materials design within 1 month.
[Strategy] evaluate long-term implications for energy material supply chains.
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I Deep Dive @ — Quantum-AlI for Fusion Materials

#33 | 2026/07/09 | Live Science | Tech Novelty® ® ® ® ® Proximity ® OOOO Market Impact® ® ® ® O Data

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

IBM and Oak Ridge National Laboratory (ORNL) have achieved the world's first hybrid quantum-AI simulation
for tritium generation material, critical for fusion reactors. This pioneering research modeled liquid salt FLiBe,
a candidate for tritium extraction, addressing a key bottleneck in fusion energy.

The approach combines quantum computing for high-precision calculations of FLiBe's complex quantum
mechanical behaviors with Al to analyze results and predict optimal molecular configurations. This enables
efficient execution of simulations intractable for classical computing, accelerating molten salt material
discovery.

» Strategic Analyst's Perspective

Strategic Analyst's Perspective: This is a foundational breakthrough, albeit with a very
long-term commercialization horizon tied to fusion energy itself. [Opportunity] for US/EU
technology licensors and IP holders in quantum computing and advanced simulation to
establish early leadership in a future trillion-dollar industry. [Threat] is primarily for those who
ignore quantum computing's potential, risking being entirely locked out of future materials
science breakthroughs. The numbers are conceptual, but the technical approach is sound.
Technical barriers include scaling quantum computers and integrating complex AI models. Next
actions: [R&D;] establish a dedicated quantum computing research initiative within 6 months.
[Executive] monitor global quantum computing advancements and consider strategic
partnerships. [Procurement] assess the long-term availability of specialized quantum hardware
and talent.

I Other Notable Articles

MLIP Studio Launches Free Web App 'MLIP Studio' (MLIP Studio Blog)
Tech Novelty® @ ® OO Proximity® @ ® ® ® Market Impact®e @ @ OO

Free web app with 60+ MLIPs democratizes high-performance atomic simulations. Evaluate for R&D; use and

training.

GitHub Repository 'awesome-ai-for-science' Launched (GitHub (ai-boost))

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

Curated list of Al tools like Google GNoME and Microsoft MatterGen is a key resource for accelerating scientific
discovery.

Osaka University Develops Al-Designed Super-Adhesive Hydrogel (The Times of India)
Tech Novelty® ® ® ® ® Proximity® ® OO O Market Impacte @ @ @ O

Al-designed hydrogel with underwater adhesion, self-healing, and high strength opens new product

categories in medtech/robotics.

LAMMPS Integrates Diverse Machine Learning Potentials (LAMMPS Molecular Dynamics Simulator)
Tech Novelty® @ ® OO Proximity® @ ® ® O Market Impact® @ @ OO

Integration of MACE, CHGNet into LAMMPS standardizes advanced MLIPs, boosting simulation versatility for
researchers.
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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 [R&D;] Form a cross-functional team to assess Al-driven inverse design capabilities and autonomous
lab potential for your core materials by EOW.

e [Executive] Review current R&D; investment strategy against competitor moves in Al-accelerated
materials discovery and autonomous labs.

e [Procurement] Begin identifying potential Al software/hardware vendors and academic partners
specializing in materials informatics.

| Short-term (1 month)

e [R&D;] Pilot a physics-informed Al project for a specific material design challenge, leveraging
open-source MLIPs or cloud platforms like MLIP Studio.

e [Strategy] Conduct a competitive analysis of leading AI-driven materials R&D; initiatives (e.g., US
DOE, U of T, CASUS) to benchmark internal capabilities.

e [Legal/IP] Initiate a review of IP strategies for Al-generated material designs and simulation data to
protect future innovations.

| Medium-long term (quarter+)

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

¢ [R&D;] Invest in training programs for engineers and scientists on advanced MLIPs, generative Al for
design, and quantum computing fundamentals.

¢ [Business Dev] Explore strategic partnerships with AI companies, national labs, and universities to
co-develop next-generation materials and simulation tools.

e [Procurement] Establish resilient supply chain strategies for critical minerals, anticipating AI-driven
alternative material development and geopolitical shifts.

troy-technical.jp/en | Original curation. Article copyrights belong to respective authors. | Gemini API + Claude | 2026-07-19
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#01 U.S. DOE Accelerates Inverse Materials Design with

Physics-Informed Al, Dramatically Shortening
Development Time

Published July 09, 2026  Department of Energy ~ USA

| overview

The U.S. Department of Energy (DOE) has launched the 'Genesis Mission,' a physics-
informed Al framework aimed at dramatically accelerating materials innovation and
reducing time-to-market. This closed-loop learning system integrates foundation
models, deep learning, and generative Al for iterative prediction, synthesis,
characterization, and analysis, enabling efficient inverse materials design. This
initiative is set to revolutionize R&D processes for advanced energy and industrial

technologies, fostering faster deployment of sustainable solutions.



| N DEPTH

Key Findings

The U.S. Department of Energy (DOE) has unveiled the 'Genesis Mission," a
groundbreaking physics-informed Al framework designed to dramatically accelerate
inverse materials design. This initiative promises to significantly reduce the time from
materials discovery to market deployment, with profound implications for advanced

energy technologies and industrial applications.

Technical / Clinical Details

The Genesis Mission integrates state-of-the-art Al technologies, including foundation
models, deep learning, and generative Al, to establish a closed-loop learning system for
iterative prediction, synthesis, characterization, and analysis of materials. Unlike
traditional trial-and-error development, this Al-driven approach enables the inverse
design of materials by extrapolating optimal structures and compositions from desired
properties, effectively narrowing the search space. Critically, embedding physical laws
into the Al models ensures higher feasibility and accuracy in predicting the performance

of generated designs.

Background & Context

Conventional materials development has historically been a time-consuming and costly
endeavor, heavily reliant on experimental approaches. However, with the escalating
global demand for climate change mitigation and clean energy technologies, the rapid
development of innovative materials—such as advanced batteries, catalysts, and high-
performance alloys—has become an urgent imperative. The Genesis Mission offers a
powerful solution to this challenge by synergizing Al with high-performance computing.
The U.S. government aims to reinforce its leadership in the clean energy sector and

bolster supply chain resilience through this strategic initiative.



Strategic Significance & Outlook

The DOE plans to deploy this Al framework in collaboration with national laboratories
and industrial partners to accelerate the commercialization of research outcomes. In the
future, the automation and efficiency gains in materials discovery are expected to drive
innovation across diverse sectors, including energy-efficient devices, sustainable
manufacturing processes, and next-generation infrastructure. This technology holds
immense value for materials scientists, engineers, and investors seeking novel material
solutions, offering a paradigm shift in how new materials are conceived and brought to

fruition.

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

predictable-functionality

Collected: July 17, 2026 | Automated Research System (Gemini API)


https://www.energy.gov/undersecretaryforscience/genesis-mission/designing-materials-predictable-functionality
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#02 Comprehensive Review Details Machine Learning's

Role in Materials Science, From GNNs to LLMs for Data-
Driven Discovery

Published July 15, 2026  Nature Computational Materials  International

~—

L

| overview

A new review paper offers a comprehensive analysis of machine learning's
advancements in data-driven discovery and functional applications within materials
science. Key technologies like graph neural networks for crystal structures, machine-
learned interatomic potentials for atomic simulations, and generative models for
inverse design are detailed. While exploring the potential of large language models
(LLMs) in data acquisition and simulation workflows, the review emphasizes the
critical need for robust validation to counter issues like hallucination and inconsistent

predictions.



| N DEPTH

Key Findings

This review paper meticulously analyzes the extensive applications and advancements of
machine learning (ML) in materials science, highlighting the immense potential of data-

driven discovery. It particularly demonstrates the effectiveness of graph neural networks
(GNNs) for crystal structure analysis, machine-learned interatomic potentials (MLIPs) for

atomic simulations, and generative models for designing materials with desired

properties.

Technical / Clinical Details

The review provides concrete examples of how ML is leveraged across various aspects of
materials science. For instance, GNNs are employed for pattern recognition and
prediction in complex crystal structures, enabling highly efficient materials screening
compared to traditional computational methods. MLIPs significantly reduce the
computational cost of molecular dynamics (MD) simulations while maintaining the
accuracy of Density Functional Theory (DFT), thereby facilitating larger-scale and longer-
duration simulations. Furthermore, generative models demonstrate the ability to design
novel material structures 'from scratch' that meet specific functional requirements,
marking a critical step towards realizing the inverse design paradigm. The paper also
discusses the potential benefits of integrating Large Language Models (LLMs) into
materials science data acquisition and simulation workflows but underscores the
necessity for rigorous validation mechanisms to mitigate ‘hallucinations' and inconsistent

predictions generated by these models.

Background & Context

In materials science, the discovery and development of new functional materials drive
progress across diverse industries, including energy, medicine, and electronics. However,
conventional experimental methods and first-principles calculations have been limited by
the vastness of the search space and high computational costs. Machine learning is
emerging as a powerful tool to overcome these challenges and accelerate the materials
development process. Data-driven approaches are significantly advancing the

exploration of unknown material spaces and the optimization of existing materials.



Strategic Significance & Outlook

Future materials science research will critically depend on further enhancing the accuracy
and generalization capabilities of machine learning models. Crucially, the establishment
of robust validation frameworks is essential for responsibly integrating new Al
technologies like LLMs and ensuring their reliability and interpretability. This evolution
could see Al's role in materials science transform from mere predictive tools into 'Al

scientists' capable of autonomous discovery and design.

Source: https://www.nature.com/articles/s41524-026-00305-w
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#03 arXiv Paper: Adaptive Multi-Teacher Routing
Significantly Boosts Reliability and Generalization of
Universal ML Interatomic Potentials

Published July 10, 2026  arXiv  International

| overview

Researchers have proposed an Adaptive Multi-Teacher Routing (ATR) framework that
dramatically improves the reliability and generalization of universal machine-learning
interatomic potentials (UMLIPs) by filtering out unreliable pseudo-labels from large
low-fidelity datasets. Applied to CHGNet, this method demonstrated enhanced
performance in benchmarks, improved dynamical robustness in molecular dynamics
simulations, and effectively prevented some structural collapses. This breakthrough

expands the applicability of MLIPs in computational materials science.
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Key Findings

In a new study, researchers developed the Adaptive Multi-Teacher Routing (ATR)
framework, which significantly enhances the reliability and generalization capabilities of
universal machine-learning interatomic potentials (UMLIPs). This framework improves the
accuracy and robustness of MLIPs by effectively filtering out unreliable pseudo-labels

present in large low-fidelity datasets.

Technical / Clinical Details

The ATR framework optimizes the learning process between teacher models (typically
high-fidelity but computationally expensive quantum mechanics calculations) and
student models (lightweight MLIPs). Specifically, it introduces a mechanism that actively
rejects noisy or unreliable data from low-fidelity datasets where pseudo-labels are
generated. In this research, ATR was applied to CHGNet, a general-purpose neural
network potential based on charge information, and its effectiveness was evaluated
across multiple benchmark tests. The results showed improved predictive accuracy for
CHGNet, particularly enhanced dynamical robustness in molecular dynamics (MD)
simulations. Traditionally, MLIPs carried a risk of structural collapse when encountering
out-of-distribution (OOD) chemical environments; however, ATR was demonstrated to
prevent some of these collapses, thereby increasing simulation stability. This technology
significantly broadens the practical applications of MLIPs for materials design and

process optimization by enhancing their reliability.

Background & Context

Machine-learned interatomic potentials (MLIPs) are rapidly gaining prominence in
computational materials science due to their ability to achieve accuracy comparable to
first-principles calculations (DFT) while drastically improving the computational efficiency
of MD simulations. However, the generalization capability of MLIPs, especially their
reliability in systems outside the training data range, has remained a significant
challenge. This bottleneck has limited the use of MLIPs for exploring novel materials and
simulating complex chemical reactions. Methods like ATR represent a crucial step
towards overcoming this generalization challenge and developing more robust and

trustworthy MLIPs.



Strategic Significance & Outlook

The introduction of the ATR framework enhances the reliability of atomic simulations
using MLIPs, enabling their application to a wider range of material systems. This is
expected to accelerate research and development in diverse fields, including the
discovery of new materials, optimization of catalytic processes, and performance
evaluation of battery materials. Moving forward, the integration of active learning
strategies like ATR with universal foundation models will likely pave the way for

constructing highly accurate and versatile MLIPs with fewer high-fidelity data points.

Source: https://arxiv.org/abs/2607.09004
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#04 Self-Organizing Neural Cellular Automata Enable
One-Shot Generative Design for Disordered
Metamaterials

Published July 17, 2026  arXiv  International

| overview

A novel generative design framework based on self-organizing Neural Cellular
Automata (NCA) has been introduced for disordered metamaterials. This
groundbreaking approach dynamically grows complex microstructures from a single
training template. Leveraging learned local interaction rules, it enables the generation
of diverse microstructures and adaptation to irregular regions without retraining,

significantly boosting the efficiency and flexibility of metamaterial design.
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Key Findings

A new generative design framework has been introduced for disordered metamaterials,
utilizing self-organizing Neural Cellular Automata (NCA). This technology can
dynamically grow complex microstructures from just a single training template, offering
significant efficiency improvements and flexibility compared to conventional design

methods.

Technical / Clinical Details

This framework employs learned local interaction rules to design the microstructures of
metamaterials. NCA is a decentralized computational model where each cell updates its
state based on information from its neighbors, leading to the emergent formation of
complex patterns and structures. The primary advantage of this approach is its ‘'one-shot
generative design' capability. Once trained, the model can generate metamaterials with
diverse geometric structures without retraining, and it can also adapt to irregular
boundary conditions or defective regions while maintaining functional integrity. This
enables the application of metamaterials in scenarios previously challenging for
traditional design, such as parts with complex geometries or materials requiring localized
property variations. The dynamic growth process is inspired by biological systems,
suggesting potential for materials that can self-repair or adapt to environmental

changes.

Background & Context

Metamaterials are artificial materials possessing extraordinary physical properties not
found in nature (e.g., negative refractive index, anomalous acoustic properties),
promising wide-ranging applications in electromagnetic wave control, acoustic control,
and customizable mechanical properties. However, designing their complex
microstructures is extremely challenging, especially for systems with inherent disorder,
where conventional optimization methods have reached their limits. Advances in
generative Al have begun to automate the exploration of this design space, expanding
the possibilities for discovering new structures. The ability to generate diverse designs

from a single template signifies a new paradigm shift in the design process.



Strategic Significance & Outlook

This NCA-based generative design framework not only dramatically enhances the
efficiency of metamaterial design but also facilitates the discovery of more complex and
functional structures that were previously difficult to explore. In the future, further
development of this technology could lead to the creation of self-adaptive smart
materials and dynamic metamaterials whose properties can change in real-time. This
holds significant potential for contributing to innovative product development in sectors

such as aerospace, medicine, and telecommunications.

Source: https://arxiv.org/abs/2607.09001
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#05 Visure Solutions: Generative Al Expands

Mechanical Engineering Design Alternatives to
Thousands

Published July 09, 2026  Visure Solutions  Unknown
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| overview

A report by Visure Solutions highlights how generative Al is revolutionizing
mechanical engineering, significantly accelerating the design process. Generative Al
can automatically produce thousands of new design alternatives based on predefined
constraints, enabling engineers to explore a much broader design space. The
technology also enhances Al-driven simulation acceleration and predictive
maintenance, contributing to improved product development efficiency and

reliability.
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Key Findings

According to Visure Solutions' analysis, generative Al is fundamentally transforming the
design process in mechanical engineering, enabling engineers to rapidly generate
thousands of new design alternatives. This technology plays a crucial role in accelerating

product development cycles and discovering more optimized solutions.

Technical / Clinical Details

Generative design is a technology where Al algorithms autonomously explore all
possible geometries within a design space based on specified constraints (e.g., material
properties, manufacturing processes, performance requirements) and objectives (e.g.,
weight reduction, strength improvement, cost reduction). This process generates
thousands of unique and optimized design variations, far exceeding what humans can
create manually. Al also aids in rapidly evaluating the performance of these design
proposals through simulation and identifying the most optimal ones. Furthermore,
machine learning models enhance predictive maintenance by forecasting equipment
failure patterns, contributing to reduced maintenance costs and maximized uptime.
Visure Solutions emphasizes that for successful Al adoption, engineering rigor,

traceability, and thorough validation of generated designs are essential.

Background & Context

In mechanical engineering, there is a constant demand for high performance, low cost,
and short development times in the design and development of complex products.
Traditional design methods heavily relied on iterative trial-and-error and expert
knowledge, consuming significant time and resources. The advent of generative Al offers
a breakthrough solution to these challenges by automating this process and expanding
design possibilities. This is expected to enhance competitiveness across various
industries, including aerospace, automotive, and industrial machinery.Strategic

Significance & Outlook



The integration of generative Al into mechanical engineering is still in its early stages,
but its potential is immense. In the future, Al could autonomously manage the entire
design process, allowing humans to focus on more strategic decision-making and
creative problem-solving. This would facilitate product customization, accelerate the
utilization of new functions and innovative materials, and further advance the

development of sustainable and high-performance products.

Source: https://visuresolutions.com/ai-engineering/ai-in-mechanical-engineering/
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#06 Benchmark of 23 ML Interatomic Potentials

Reveals Large Models Offer Minimal Accuracy Gains at
Significant Speed Cost

Published July 09, 2026  arXiv News International

'. s 8.
1,:-__Sugnrﬁcant ?!ecea

| overview

A comprehensive benchmark study of 23 open-source machine-learning interatomic
potentials (MLIPs) has revealed a critical trade-off between accuracy and speed. The
findings indicate that large, state-of-the-art models provide only marginal accuracy

improvements over lightweight MLIPs while incurring substantial computational

slowdowns. This highlights that lightweight MLIPs offer a more practical balance for

routine atomic simulations.
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Key Findings

An extensive benchmark study has revealed a significant inverse correlation between
accuracy and speed across 23 open-source machine-learning interatomic potentials
(MLIPs). The research clearly demonstrated that large, state-of-the-art MLIP models
achieve only marginal accuracy improvements compared to lightweight MLIPs, despite

incurring a substantial computational cost in terms of efficiency.

Technical / Clinical Details

The benchmark evaluated the predictive accuracy of energy, forces, and stresses, along
with the computational speed of each MLIP across various atomic simulation scenarios
and material systems. A total of 23 MLIPs, including widely used models such as MACE,
CHGNet, DeePMD-kit, and NequlP, were compared. The results indicated that while
increasing model complexity generally leads to higher accuracy, this increase exhibits
diminishing returns while simultaneously causing a dramatic surge in computation time.
For instance, models with more complex neural network architectures showed accuracy
approaching Density Functional Theory (DFT) but were found to be several to tens of
times slower than their lightweight counterparts. This slowdown significantly limits
practical utility, especially for large-scale systems and long-duration molecular dynamics

(MD) simulations.

Background & Context

Machine-learned interatomic potentials have been considered the 'holy grail' of
computational materials science, aiming to achieve the high accuracy of first-principles
calculations with the speed of classical molecular dynamics. This has enabled simulations
of systems with thousands of atoms and nanosecond timescales—previously impossible
with traditional DFT—contributing to new material development and elucidation of
catalytic reaction mechanisms. However, MLIP performance evaluations have been
fragmented, and a comprehensive understanding of the accuracy-speed trade-off was
lacking. This study fills that gap, providing crucial guidance for researchers to select the

optimal MLIP for specific applications.Strategic Significance & Outlook



These benchmark results have significant implications for MLIP development and
application strategies. While large models will continue to be used for specific research
requiring absolute high accuracy, lightweight and faster MLIPs will become more
practical choices for routine materials exploration and process optimization. Future
research may focus on developing new MLIP architectures that further enhance
computational efficiency while maintaining accuracy, or on fine-tuning strategies for
task-specific MLIPs. This is expected to lead to an overall increase in the productivity of

computational materials science.

Source: https://www.arxivnews.org/en/articles/b6256256-c97b-4ef6-a858-494853b93a2d
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#07 Tokyo University of Science Accelerates
Battery/Fuel Cell Development by Al-Driven Inverse
Design of High-Activity, High-Durability Catalysts

Published Published July 10, 2026 ERZREERIAZE Japan

| overview

Researchers at Tokyo University of Science have pioneered an Al-driven 'inverse
design' method to rapidly discover high-activity, high-durability catalysts for energy
applications. This breakthrough reverses traditional material exploration by enabling
Al to predict optimal material structures from desired performance characteristics,
overcoming a significant bottleneck in materials science. The technology promises to
dramatically accelerate the development of advanced materials essential for next-

generation batteries, fuel cells, and other sustainable energy technologies.
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Background

Catalysts are fundamental to nearly all chemical industrial processes, driving
performance across diverse fields including energy conversion, environmental
remediation, and fine chemical synthesis. The urgent global imperative to achieve a
sustainable society has placed a high priority on developing highly efficient and cost-
effective catalysts, particularly for renewable energy storage (batteries) and utilization
(fuel cells). However, the traditional quest for high-performance catalysts has been
notoriously challenging due to the immense chemical search space and the intricate,
often non-obvious, correlations between material structure and catalytic activity. To
overcome these bottlenecks in new catalyst development, the integration of artificial
intelligence has emerged as a powerful and promising approach to streamline the

exploration process.

Key Findings

A research team at Tokyo University of Science has established a groundbreaking Al-
driven methodology for the efficient 'inverse design' of catalyst materials, targeting
specific high activity and durability. This novel advancement fundamentally transforms
conventional materials exploration, enabling the accelerated discovery of catalysts with

precisely tailored properties.

The core of this method lies in an ‘inverse design' paradigm where an Al model is
provided with desired catalyst properties—such as high selectivity for specific chemical
reactions or long-term stability in harsh high-temperature/pressure environments—and
subsequently predicts the optimal material structure and composition required to
achieve them. The research team meticulously combined sophisticated deep learning
models with extensive materials databases to construct a robust system capable of
proposing the most promising catalysts from an enormous pool of potential candidates,
all validated by experimental data. This approach significantly enhances computational
efficiency, allowing for a precise narrowing down of viable catalyst candidates without
the laborious and often time-consuming reliance on conventional trial-and-error

experimentation.



Remarkably, the Al's capability extends to learning and incorporating complex factors
that are often elusive to human intuition, including the intricate microstructure and
electronic states of catalytic active sites. This profound understanding is expected to
pave the way for discovering high-performance catalysts that may have been previously

overlooked or proved difficult to explore using traditional design methodologies.

This Al-assisted catalyst inverse design technology developed by Tokyo University of
Science is poised to revolutionize materials development across critical sectors such as
batteries, fuel cells, hydrogen production, and CO2 conversion. The ability to rapidly
discover superior and more durable catalysts is anticipated to significantly accelerate the
practical implementation of these technologies, making a profound contribution to the
construction of sustainable energy systems. Looking ahead, this innovative Al platform is
expected to expand its application to the design of other functional materials, including
solar cell materials and thermoelectric materials, thus serving as a foundational pillar for

efficient innovation throughout materials science.

Source: https://www.isct.ac.jp/en/news/kw2ofxaccfva
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#08 arXiv Paper: SciReasoner Boosts Multi-Modal
Structural Reasoning for Proteins, Molecules, and
Crystals with Enhanced Accuracy

Published July 09, 2026  arXiv  International

| overview

SciReasoner has been introduced as an innovative multi-modal scientific foundation
model enabling structural reasoning for proteins, molecules, and crystals. By
discretizing structural elements into a unified vocabulary, the model significantly
enhances both predictive and scientific reasoning capabilities. It demonstrates
improved accuracy in tasks like Gene Ontology prediction and retrosynthesis analysis

compared to existing methods, promising to accelerate scientific discovery.
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Key Findings

SciReasoner has been launched as an innovative multi-modal scientific foundation
model, enabling structural reasoning across proteins, molecules, and crystals. This model
has successfully and dramatically enhanced both predictive tasks and scientific reasoning

capabilities by efficiently discretizing structural elements into a unified vocabulary.

Technical / Clinical Details

At its core, SciReasoner's strength lies in its ability to convert diverse physicochemical
structures (protein folding, molecular bonding, crystal lattices) into a common, discrete
representation. This unified vocabulary allows the model to transfer knowledge across
different domains and perform more generalized reasoning. As a concrete application,
the model demonstrated superior accuracy in Gene Ontology (GO) prediction (predicting
the function of specific proteins within a cell) compared to existing state-of-the-art
models. Furthermore, its performance in retrosynthesis analysis (identifying precursors to
synthesize a target molecule) in chemistry was also significantly improved. Such a multi-
modal approach provides a more comprehensive and accurate understanding of
complex scientific problems spanning different scales and domains. This is critical for
breaking down data 'silos' and fostering integration between various scientific

disciplines.

Background & Context

In modern scientific research, vast amounts of structural data are generated, requiring
efficient analysis to derive new scientific insights. However, structures at different scales,
such as proteins, molecules, and crystals, are often handled using disparate modeling
methods and data formats, making cross-disciplinary reasoning challenging. With the
success of foundation models in Al, there has been a strong desire for similar general-
purpose models in the scientific domain. SciReasoner addresses this challenge, providing
a powerful foundation for problem-solving across multiple fields, including biology,

chemistry, and materials science.



Strategic Significance & Outlook

The introduction of SciReasoner holds the potential to bring about significant
transformation in the process of scientific discovery. By possessing unified structural
reasoning capabilities, researchers can integrate previously fragmented knowledge,
generate more complex hypotheses, and accelerate the design of new materials and
pharmaceuticals. In the future, by further extending this model to higher-level scientific
tasks such as experimental data interpretation, novel hypothesis generation, and
autonomous experimental planning, it is expected to bring us closer to realizing true 'Al

scientists.'

Source: https://arxiv.org/abs/2607.04567
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#09 LAMMPS Integrates Diverse Machine Learning

Potentials Like MACE and CHGNet, Enhancing Atomic
Simulation Versatility

Published July 15, 2026  LAMMPS Molecular Dynamics Simulator ~ Unknown

| overview

The LAMMPS molecular dynamics simulator has significantly enhanced its
interoperability with leading machine learning potential (MLP) frameworks, including
MACE, CHGNet, DeePMD-kit, NequlP, and SevenNet. This integration enables
LAMMPS users to leverage these pre-trained 'foundation' models for more accurate
and efficient atomic simulations. By focusing on MACE's higher-order equivariant
message passing and CHGNet's charge-informed general neural network potential,

LAMMPS expands the versatility and applicability of simulations.
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Key Findings

The high-performance molecular dynamics simulator LAMMPS has extended its
interoperability with several state-of-the-art machine learning potential (MLP)
frameworks, including MACE, CHGNet, DeePMD-kit, NequlP, and SevenNet. This
integration allows users to seamlessly utilize these pre-trained MLPs within the LAMMPS

environment, significantly enhancing the accuracy and efficiency of atomic simulations.

Technical / Clinical Details

LAMMPS's latest enhancements leverage the ability of MLPs to describe interatomic
interactions with quantum mechanical accuracy, enabling simulations of complex
material systems that were challenging with conventional classical force fields. Of
particular note is the integration of MACE (Many-Body Atomic Contributory Ensembles)
and CHGNet (Charge-informed Graph Neural Network potential). MACE utilizes higher-
order equivariant message-passing networks to capture local geometric information and
many-body interactions of atomic environments with very high fidelity. CHGNet, on the
other hand, explicitly accounts for charge information, providing a neural network
potential with general predictive capabilities across a wide chemical space. These MLPs
are pre-trained on large Density Functional Theory (DFT) datasets and function as
‘foundation' models capable of predicting the behavior of various materials without
specific additional training for each system. Interoperability with LAMMPS allows
researchers to easily incorporate these powerful MLPs into existing simulation workflows,
executing calculations for thermodynamic properties, transport properties, and reaction

pathways much faster and on larger scales than before.



Background & Context

Molecular dynamics simulations are indispensable tools in materials science, chemistry,
and biophysics for understanding phenomena at the atomic scale. However, challenges
persist with high computational costs for first-principles calculations and limitations in
accuracy for classical force fields. Machine-learned potentials are rapidly evolving as a
technology that bridges this gap, achieving accuracy comparable to DFT while
maintaining computational efficiency on par with classical force fields. The support for
these MLPs by widely used simulators like LAMMPS is crucial for the entire research
community to access state-of-the-art computational methods and accelerate the design

of new materials, optimization of catalysts, and elucidation of biomolecular behavior.

Strategic Significance & Outlook

The integration of LAMMPS with leading MLP frameworks further pushes the frontiers of
computational materials science. This enables tackling previously challenging problems
such as complex multi-component systems, interfacial phenomena, and phase
transitions. In the future, as more MLPs are developed and integrated into platforms like
LAMMPS, the 'standard’ toolset for atomic simulations is expected to evolve,
accelerating the pace of scientific discovery and technological innovation. Furthermore,
MLPs as foundation models also serve as critical components towards the realization of

self-driving laboratories.

Source: https://www.lammps.org/ecosystem/ml-interop/

Collected: July 17, 2026 | Automated Research System (Gemini API)


https://www.lammps.org/ecosystem/ml-interop/

#10 Oxford Academic Paper: DeepMeso (DeepFerro)
Enables Rational Multi-Scale Design for Ferroelectrics

Published July 11, 2026  Oxford Academic International

| overview

The DeepMeso framework, specifically DeepFerro for ferroelectric materials, has been
introduced to address existing challenges in the rational design of mesoscopic
heterogeneous materials. This innovative model enables both forward prediction of
material properties and on-demand inverse design, effectively bridging multi-scale
modeling from atomic to mesoscopic levels. This significantly streamlines the design

and optimization processes for complex materials.
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Key Findings

The DeepMeso framework, specifically DeepFerro tailored for ferroelectric materials, has
been developed to address long-standing challenges in the rational design of

mesoscopic heterogeneous materials. This deep learning-driven model enables both the
forward prediction of material properties and inverse design from desired characteristics,

opening new possibilities in material development processes.

Technical / Clinical Details

DeepFerro leverages deep learning to model the complex mesoscopic structures of
ferroelectrics and their associated properties. While traditional simulation methods
struggle to bridge the gap between atomic-scale precision and macroscopic behavior,
DeepFerro effectively closes this multi-scale gap. Specifically, it learns how mesoscopic
features such as phase transitions, domain structures, and defect influences affect the
macroscopic properties of ferroelectrics. The model can accurately predict electrical,
mechanical, and thermal properties in a forward manner, taking material composition
and microstructure as input. What's even more groundbreaking is its ability to 'on-
demand' inverse design optimal material compositions and structural parameters by
simply inputting target properties (e.g., specific dielectric constant, Curie temperature).
This significantly shortens the design cycle, reducing time and resources spent on trial-
and-error. DeepFerro is a powerful tool for unraveling complex structure-property
relationships in diverse heterogeneous material systems and enabling their rational

design.

Background & Context

Ferroelectrics are crucial functional materials applied in various electronic devices,
including capacitors, sensors, actuators, and non-volatile memories. Their performance
often heavily depends on mesoscopic structural features such as domain walls, grain
boundaries, and defects. The rational design of these heterogeneous materials has been
a significant challenge due to the necessity of understanding complex relationships
between atomic-scale interactions and macroscopic behavior. Al-driven modeling is
opening new avenues to manage this complexity and efficiently explore the material

design space.



Strategic Significance & Outlook

The success of frameworks like DeepMeso (DeepFerro) demonstrates the transformative
potential that materials informatics brings to the design of functional materials. This
technology is expected to be applicable not only to ferroelectrics but also to other
mesoscopic heterogeneous materials (e.g., magnetic materials, thermoelectric materials,
composites). In the future, Al-driven multi-scale modeling is likely to become a standard
method for rapidly developing custom materials for specific industrial applications,

dramatically accelerating the pace and efficiency of discovery in materials science.

Source: https://academic.oup.com/nsr/article/13/13/nwag324/8697347
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#11 Springer Nature Launches Call for Papers on ML
Methods for Crystalline Defects, Emphasizing
Integration with Atomic Simulations

Published July 12, 2026  Research Communities (Springer Nature) International

| overview

Research Communities by Springer Nature has initiated a call for papers focusing on
machine learning (ML) methods for modeling and predicting crystalline defects. The
call encourages research that combines techniques like graph neural networks and
active learning with atomic simulations, specifically for microscopic image analysis of
defects, defect pathway prediction, and the development of machine-learned
interatomic potentials. This initiative aims to further advance the application of Al in

materials science.
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Key Findings

Research Communities by Springer Nature has launched a call for papers dedicated to
machine learning (ML) methods for modeling and predicting crystalline defects in
materials science. This call specifically encourages research that integrates advanced
techniques such as graph neural networks (GNNs) and active learning (AL) with atomic

simulations.

Technical / Clinical Details

Crystalline defects significantly impact the physical, chemical, and mechanical properties
of materials, making their understanding and control a critical challenge in materials

science. This call for papers focuses on the following key research areas:

¢ Microscopic Image Analysis of Defects: ML methods for automatically identifying
and quantifying defect types, densities, and distributions from image data obtained
via techniques like Transmission Electron Microscopy (TEM) and Scanning Probe
Microscopy (SPM).

e Defect Pathway Prediction: Research combining ML with molecular dynamics (MD)
simulations or Monte Carlo methods to predict mechanisms of defect formation,
migration, and interaction, thereby elucidating material degradation and functional

decline.

e Development of Machine-Learned Interatomic Potentials (MLIPs): Novel
approaches and applications for constructing MLIPs that enable much faster
simulations while maintaining accuracy comparable to traditional first-principles

calculations, particularly for systems containing crystalline defects.

Graph neural networks are particularly well-suited for learning defect structures as they
effectively represent complex interatomic interactions. Active learning, on the other
hand, provides data sampling strategies to maximize the accuracy and generalization
performance of MLIPs while minimizing the number of computationally expensive first-
principles calculations. The integration of these technologies enables more accurate and
efficient predictions regarding crystalline defects, contributing to the design of new

materials and the improvement of existing material properties.



Background & Context

Defect engineering in materials is essential for optimizing performance in various
applications, including semiconductor devices, structural materials, and catalysts.
However, predicting defect behavior at the atomic scale has been a long-standing
challenge due to its complexity and high computational cost. Machine learning is
breaking this computational bottleneck, extracting hidden patterns from vast datasets,
and bringing new perspectives to defect science. This call for papers aims to further
promote research in this rapidly developing field and foster knowledge sharing within

the community.

Strategic Significance & Outlook

Advances in ML methods for crystalline defects will not only improve material reliability
and lifetime but also contribute to the design of materials with new functionalities (e.g.,
superconducting materials, thermoelectric materials). The integration of advanced ML
techniques like GNNs and AL with atomic simulations will further expand the role of Al in
materials development, marking a crucial step towards the realization of Autonomous

Materials Discovery.

Source: https://communities.springernature.com/posts/call-for-papers-machine-learning-methods-for-

crystalline-defects
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#12 arXiv Paper: Hypothesis Evolution Protocol (HEP)
Establishes Auditable Scientific Discovery Capabilities
for LLM Agents

Published July 10, 2026  arXiv  International
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| overview

A Hypothesis Evolution Protocol (HEP) has been proposed as a novel agent harness
for Large Language Model (LLM)-based scientific discovery. This protocol enables
explicit and auditable hypothesis generation, evaluation, and evolution in Al-driven
scientific endeavors. Its application in materials science demonstrates that HEP-
equipped agents improve the hypothesis-test-evidence-belief cycle, marking a critical

step towards realizing more reliable and verifiable 'Al scientists.’
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Key Findings

The Hypothesis Evolution Protocol (HEP) has been introduced as an innovative agent
harness for LLM-based scientific discovery. This protocol ensures the transparency and
auditability of hypotheses generated by Al agents, significantly enhancing the

trustworthiness of Al in scientific research processes.

Technical / Clinical Details

HEP provides a clear framework for Al agents to generate, evaluate, and evolve scientific
hypotheses. In traditional LLM-based scientific discovery systems, the Al's reasoning
process often became a 'black box,' making the reliability and verification of its results

challenging. HEP addresses this issue through the following key steps:

. Hypothesis Generation: The LLM explicitly generates new scientific hypotheses based

on existing knowledge bases and observations.

. Evaluation: Generated hypotheses are evaluated against criteria such as theoretical

consistency, agreement with existing data, and experimental verifiability.

. Evidence Collection: Based on the evaluation, the Al agent performs further data

collection or simulations to gather evidence.

. Belief Update: The belief (confidence) in the hypothesis is updated based on the

collected evidence, and the hypothesis is revised or rejected as necessary.

Applying HEP in materials science demonstrated that LLM agents could generate and
verify hypotheses about specific material properties more systematically. This clarifies the
rationale behind Al-proposed material designs and discovery pathways, facilitating
collaboration between humans and Al. This is a crucial requirement for Al to function not

merely as a data analysis tool but as a true 'Al scientist.’



Background & Context

Large Language Models (LLMs), with their powerful knowledge integration and
reasoning capabilities, are emerging as a new frontier for accelerating scientific
discovery. However, especially in science, the reliability, reproducibility, and
interpretability of Al outputs are paramount. The risk of 'hallucinations' and inaccurate
information generated by LLMs has been a hindering factor in their widespread
adoption. HEP provides a framework to bridge this trust gap, enabling LLMs to

contribute to scientific research more responsibly.

Strategic Significance & Outlook

The development of auditable Al scientist protocols like HEP is indispensable for
deepening the impact of Al on scientific research. This will allow researchers to trust
LLM-based agents to tackle more complex problems. In the future, by further refining
HEP and enabling collaboration among multiple LLM agents, there is potential for
breakthrough solutions to larger and more intricate scientific challenges (e.g., global
climate change modeling, development of treatments for complex diseases). This marks
a crucial step not only for accelerating scientific discovery with Al but also for making the

process more transparent, explainable, and trustworthy.

Source: https://arxiv.org/abs/2607.04566
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#13 ACS Publications Reviews LLM-Based Autonomous

Agents in Heterogeneous Catalysis, Addressing Tool
Integration and Outlook

Published July 09, 2026 ~ ACS Publications  USA

| overview

A review paper in ACS Publications systematically analyzes the current state and
prospects of Large Language Model (LLM)-based autonomous agent systems for
heterogeneous catalysis research. The paper identifies and discusses ways to address
current limitations in tool integration and closed-loop interaction with robotic
platforms. It particularly emphasizes hierarchical multi-agent LLM reasoning for
materials discovery and its potential for significantly improving catalyst space

exploration efficiency.
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Key Findings

A recent review paper in ACS Publications provides an in-depth examination of LLM-
based autonomous agent systems for heterogeneous catalysis research, systematically
presenting current challenges and future possibilities in tool integration and closed-loop
interaction with robotic platforms. It particularly highlights the potential of hierarchical

multi-agent LLM reasoning to dramatically improve catalyst space exploration efficiency.

Technical / Clinical Details

The review details how LLMs can automate various tasks in catalytic science, such as
literature review, reaction pathway prediction, and molecular design. LLM-based agents,
leveraging their natural language processing capabilities, can extract information from
scientific literature, interpret experimental data, and generate new hypotheses. However,
challenges remain in seamlessly integrating these agents with physical experimental
tools and robotic platforms to realize autonomous 'self-driving laboratories.' The review

identifies the following key advancements and challenges:

¢ Tool Integration Challenges: The lack of standardized interfaces and protocols for
LLM agents to effectively interact with computational chemistry software (DFT

packages, MD simulators) and experimental equipment (spectrometers, reactors).

¢ Closed-Loop Interaction: The need for mechanisms that allow agents to
autonomously complete human-like learning cycles, such as revising hypotheses

based on experimental results and planning subsequent experiments.

e Hierarchical Multi-Agent Reasoning: An approach that significantly improves
exploration efficiency by decomposing complex catalytic search tasks into sub-tasks
(e.g., literature analysis, theoretical calculations, experimental planning) and

coordinating specialized LLM agents for each.

This approach opens new avenues for more rapidly and efficiently discovering
compositions and structures that maximize catalyst performance (activity, selectivity,
stability).



Background & Context

Heterogeneous catalysis plays a crucial role in the chemical industry, energy conversion,
and environmental protection. However, developing high-performance catalysts is a
highly time-consuming and costly process due to the vast search space and complex
structure-activity relationships. The advent of Al, particularly LLMs, holds the potential to
break this bottleneck and transform the paradigm of catalyst discovery from ‘human-led
trial-and-error' to 'Al-assisted rational design.' Autonomous agents are expected to be

central to this transformation.

Strategic Significance & Outlook

LLM-based autonomous agent systems will have a revolutionary impact on
heterogeneous catalysis research. As tool interoperability and integration with robotic
platforms advance, Al will be able to autonomously drive the entire catalyst discovery
process. This is expected to dramatically shorten the time to discovery of new catalysts
and lead to the development of more efficient and sustainable chemical processes. In the
future, these systems could also be applied to autonomous scientific discovery in other

areas of materials and life sciences, redefining the future of scientific research.

Source: https://pubs.acs.org/doi/10.1021/acscatal.6c02268
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#14 arXiv Paper: Vilya-1 Achieves High Geometric
Accuracy as All-Atom Foundation Model for
Macrocycle Structure Prediction and Design

Published July 10, 2026  arXiv  International

| overview

Vilya-1 has been introduced as a pioneering all-atom foundation model for
macrocycle structure prediction and design. This model aims to resolve existing
challenges in sampling biologically relevant conformations and predicting
developability properties. It demonstrates significantly improved geometric accuracy
across diverse macrocycles and small molecules, powerfully supporting generative

applications for novel macrocycle design.
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Key Findings

Vilya-1 has been introduced as a novel all-atom foundation model specifically designed
for macrocycle structure prediction and design. This model successfully addresses
existing challenges in efficiently sampling biologically relevant conformations and
accurately predicting the developability properties of molecules (e.g., solubility,

permeability, stability).

Technical / Clinical Details

Macrocycles hold immense potential as drug candidates, catalysts, and materials, yet
their flexible structures and complex conformational spaces have made accurate
structure prediction and design difficult. Vilya-1 is a foundation model that integrates
deep learning with physical principles, meticulously modeling macrocyclic interactions at
the all-atom level. The model was evaluated on benchmark datasets of diverse
macrocycles and small molecules, demonstrating a significant improvement in geometric
accuracy (e.g., RMSE of atomic coordinates) compared to existing state-of-the-art
methods. Crucially, its enhanced ability to represent non-covalent interactions like
hydrogen bonds and steric hindrance allows for efficient sampling of critical
conformations directly relevant to drug developability. Furthermore, Vilya-1 supports
generative design applications for creating novel macrocycles, accelerating the process
of generating molecules with desired properties. This marks a major leap forward for

macrocycle-based drug development in pharmaceutical research.

Background & Context

Macrocycles, due to their unique structural features (cyclic architecture, numerous chiral
centers, diverse functional groups), are gaining attention as a new drug modality that
bridges the 'gap' between traditional small molecule drugs and biologics. However, their
synthetic complexity and the difficulty in predicting their structures have hindered their
development. The emergence of high-performance foundation models like Vilya-1
promises to resolve this bottleneck, dramatically improving the efficiency of macrocycle
drug discovery. This is expected to contribute to the development of new therapies in
areas with high unmet medical needs, such as cancer, autoimmune diseases, and

infectious diseases.



Source: https://arxiv.org/abs/2607.09002
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#15 arXiv Paper Benchmarks 6 Universal ML
Interatomic Potentials, Evaluating Structural Fidelity
and Performance for Lunar Regolith MD Simulations

Published July 10, 2026  arXiv  International

[{* Machine Learning Interatomic Potential
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| overview

Six universal machine-learning interatomic potentials (MLIPs)—MACE-MH, MatterSim,
SevenNet-0, UPET, UMA, and NequlP-OAM-L—were comprehensively benchmarked
for molecular dynamics (MD) simulations of lunar regolith minerals. The study
evaluated each MLIP's structural fidelity and computational performance, identifying
models with the highest throughput and pinpointing areas requiring further
validation, especially for Fe- and Ti-containing lunar phases. This is expected to

enhance the precision of materials science research for future lunar activities.
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Key Findings

Six leading universal machine learning interatomic potentials (MLIPs) used in molecular
dynamics (MD) simulations of lunar regolith minerals were comprehensively
benchmarked, evaluating their structural fidelity and computational performance. This
study identified specific MLIPs that offer excellent throughput for complex lunar regolith
environment simulations, while also highlighting the need for additional validation for

certain modeling aspects of iron (Fe) and titanium (Ti)-containing lunar phases.

Technical / Clinical Details

This paper applied state-of-the-art MLIPs—MACE-MH, MatterSim, SevenNet-0, UPET,
UMA, and NequlP-OAM-L—to systems of lunar regolith minerals (e.g., olivine, pyroxene,
plagioclase, ilmenite). The evaluation focused on how accurately each potential could
reproduce physical properties such as crystal structure stability, diffusion coefficients,
and thermal conductivity in MD simulations. Specifically, structural fidelity (e.g.,
interatomic distances, bond angles, density) was quantitatively assessed by comparing
with results from Density Functional Theory (DFT) calculations. The results showed that
some MLIPs could achieve both excellent computational efficiency and high structural
fidelity for key lunar regolith minerals. However, for lunar phases containing transition
metals like iron and titanium, particularly complex oxides like ilmenite, existing universal
MLIPs were noted to have limitations in accurately capturing their electronic structures
and magnetic properties. This is likely due to the complex electron correlations and spin

states associated with these elements not being sufficiently learned in existing datasets.

Background & Context

Lunar regolith is an indispensable material for future lunar activities such as constructing
lunar bases, extracting resources (water, helium-3), and space agriculture. Accurately
understanding its physical and chemical properties at the atomic level is fundamental to
developing these technologies. MD simulations are powerful tools for predicting regolith
properties and evaluating material durability, but traditional classical force fields have
limitations in accuracy, and DFT is too computationally expensive. MLIPs are expected to
bridge this gap, but their generality and applicability to specific material systems
required detailed validation. This study provides this validation and offers specific

guidance for lunar regolith research.



Strategic Significance & Outlook

The results of this benchmark study will significantly influence the selection of MLIPs for
MD simulations of lunar regolith materials and future development directions. MLIPs
offering the highest throughput and sufficient structural fidelity can be immediately
utilized for material design in support of future lunar exploration missions and
infrastructure development. On the other hand, the challenges regarding Fe- and Ti-
containing lunar phases suggest the need for fine-tuning MLIPs specifically for these
elements and building more diverse datasets. In the future, these improvements are
expected to enable more accurate prediction of material behavior in the lunar
environment, strengthening the materials science foundation for sustainable lunar

activities.

Source: https://arxiv.org/abs/2607.09005
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#16 Chalmers Unveils High-Performance MD Package
GPUMD 4.0, Revolutionizing Materials Simulations with
ML Potentials

Published Published July 11,2026  Computational Materials Group @ Chalmers X7Txz—7 >

| overview

Chalmers University of Technology's Computational Materials Group has released
GPUMD 4.0, a high-performance molecular dynamics (MD) software that integrates
cutting-edge machine learning potentials (MLPs) based on the Neuroevolution
Potential (NEP) framework. This new version dramatically enhances the accuracy and
efficiency of atomic simulations, enabling unprecedented analysis of larger and more
complex material systems, and setting a new standard for computational materials

science.
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Background

Atomic simulations are indispensable tools for new material discovery, property
prediction, and process optimization. However, highly accurate first-principles
calculations are extremely computationally intensive, making them unsuitable for large-
scale or long-duration simulations. Conversely, fast classical force fields have limitations
in their ability to accurately describe complex phenomena, including chemical bond
formation and breaking. Machine-learned potentials have emerged as a solution to
bridge this gap, revolutionizing computational materials science by combining both
accuracy and efficiency. The integration of these MLPs into high-performance packages
like GPUMD 4.0 is critically important for widespread access to these advanced

technologies by the research community.

Key Findings

The Computational Materials Group at Chalmers University of Technology has released
GPUMD 4.0, the latest stable version of its high-performance molecular dynamics (MD)
package. This new version integrates significant advancements in machine learning
potentials (MLPs) based on the Neuroevolution Potential (NEP) framework, dramatically

enhancing the capabilities for a wide range of materials simulations.



GPUMD 4.0 is engineered for maximum speed and scalability of MD simulations,
leveraging GPU-accelerated high-performance computing. Its most critical innovation is
the deep integration of MLPs built upon the NEP framework. NEP is a groundbreaking
methodology that generates interatomic potentials with an accuracy comparable to first-
principles calculations (Density Functional Theory, DFT) while achieving computational
efficiency on par with classical force fields. This powerful combination allows researchers
to perform MD simulations of systems containing millions of atoms over nanosecond to
microsecond timescales, all retaining DFT-level accuracy. GRUMD 4.0 supports
simulations for a diverse array of materials, including metals, semiconductors, ceramics,
and composites, to investigate properties like thermal conductivity, diffusion, phase
transitions, and mechanical behavior. Users can either leverage existing libraries of pre-
trained NEP models or readily train new MLPs tailored to their specific needs. The
introduction of these MLPs makes predicting material behavior in complex chemical
environments and large-scale systems—tasks previously deemed too computationally

expensive for traditional DFT methods—much more feasible.

The release of GPUMD 4.0 sets a new benchmark for MD simulations in computational
materials science. This robust tool is poised to accelerate research and development
across diverse fields such as energy storage materials, semiconductor devices, structural
materials, and even biomaterials. As MLPs continue to evolve and become increasingly
integrated into platforms like GPUMD, the simulation of even more intricate and realistic
material systems will become possible, significantly shortening the scientific discovery
cycle. This pivotal advancement represents a crucial step in moving material design away
from trial-and-error approaches towards a more predictable and rationally guided

methodology.

Source: https://www.materials.chalmers.se/research/computational-materials-group/gpumd-4-0-a-high-
performance-molecular-dynamics-package-for-versatile-materials-simulations-with-machine-learned-

potentials/
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#17 EurekAlert! Review: Al Reshapes Chemical

Engineering, Accelerating R&D from Reaction Design
to Smart Manufacturing

Published July 11, 2026  EurekAlert!  USA

Reaction Design
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| overview

A review published on EurekAlert! highlights the fundamental transformation artificial
intelligence (Al) is bringing to chemical engineering. Al is significantly accelerating
R&D cycles through diverse applications, from optimizing production and enhancing
safety to designing new processes and materials. Central to this transformation are
the utilization of foundation and generative models for molecular and materials

discovery, along with the introduction of closed-loop autonomous labs.
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Key Findings

A review paper published on EurekAlert! details how artificial intelligence (Al) is
reshaping chemical engineering across diverse areas such as production optimization,
safety enhancement, and the design of new processes and materials. Al is positioned as
a key technology to accelerate R&D cycles and improve the efficiency and sustainability

of the chemical industry.

Technical / Clinical Details

The review analyzes the specific impacts of Al across the entire chemical engineering
value chain. For instance, in process optimization, Al adjusts reaction conditions based
on real-time data to maximize yield and energy efficiency. It also enhances worker safety
by using predictive analytics to prevent equipment failures. Particularly noteworthy is Al's
role in materials discovery and molecular design. Foundation models and generative
models propose novel molecules and materials that meet specific functional
requirements, based on patterns learned from historical data. This enables researchers to
efficiently explore vast chemical spaces and shorten development timelines.
Furthermore, the review touches upon the development of 'closed-loop autonomous
labs," systems where Al autonomously conducts experimental design, execution, data
analysis, and hypothesis revision, driving scientific discovery with minimal human
intervention. These labs are being applied to complex R&D challenges such as
optimizing chemical reactions, discovering new catalysts, and screening drug candidates,

dramatically improving efficiency.

Background & Context

Chemical engineering is a foundational industry supporting all aspects of modern
society, including energy, environment, pharmaceuticals, and food. However, developing
new products involves long lead times and substantial costs, facing challenges like
stricter environmental regulations and resource depletion. Al is expected to be a
powerful solution to address these issues and realize a more sustainable and efficient
chemical industry. Data-driven approaches and automation are fundamentally changing

how chemical processes are designed, operated, and monitored.



Strategic Significance & Outlook

While the integration of Al into chemical engineering is still in its early stages, its
transformative power is immense. In the future, Al will play an even more central role in
predicting and controlling complex chemical reactions, designing new catalysts and
polymers, and automating smart manufacturing processes. The proliferation of closed-
loop autonomous labs is expected to dramatically accelerate the pace of discovery in
materials science and chemistry, potentially leading to a new industrial revolution. This
will enable the market introduction of greener, higher-performance products more

quickly and at lower costs.

Source: https://www.eurekalert.org/news-releases/1045678
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#18 U.S. DOE Announces Al Solutions to Innovate

Critical Minerals Supply Chain and Accelerate
Alternative Materials Development

Published July 09, 2026  Department of Energy  USA

| overview

The U.S. Department of Energy (DOE) has unveiled a strategy to innovate the critical
minerals supply chain and accelerate alternative materials development through Al
solutions. This strategy promotes the adoption of physics-based Al to understand
complex structure-property relationships and design alternative materials with
different compositions. Concrete initiatives, such as the Idaho National Laboratory's

FORESIGHT project, are already underway, leveraging Al for supply chain analysis.
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Key Findings

The U.S. Department of Energy (DOE) has announced the deployment of Artificial
Intelligence (Al) solutions to strengthen the critical minerals supply chain, essential for
the nation's economy and security. This strategy aims to accelerate the rapid

development of alternative materials and reduce supply chain vulnerabilities.

Technical / Clinical Details

Central to the DOE's strategy is the utilization of physics-based Al models. These Al
models are designed to elucidate the complex relationships between a material's atomic-
level structure and its macroscopic properties. Specifically, Al learns from known material
databases and first-principles calculations to efficiently 'inverse design' alternative
materials with new compositions that meet specific functional requirements (e.g.,
strength, electrical conductivity, corrosion resistance). This accelerates the discovery of
materials that can reduce dependence on critical minerals like cobalt and lithium. For
example, the ongoing FORESIGHT project at Idaho National Laboratory uses Al to
analyze complex supply chain data, identifying bottlenecks, potential risks, and
opportunities for diversification. This Al-driven analysis provides strategic insights to
optimize the entire supply chain, from material design to procurement, manufacturing,

and recycling.

Background & Context

Critical minerals are indispensable resources for modern industries, including renewable
energy technologies, defense systems, and electronics. However, the supply of many of
these minerals is concentrated in specific countries, making them vulnerable to
geopolitical risks and market fluctuations. The U.S. considers addressing these supply
chain challenges and increasing domestic resilience an urgent priority. Al is expected to
be a powerful tool for solving this complex problem, offering new approaches to
accelerate the pace of discovery in materials science and optimize supply chain

management.Strategic Significance & Outlook



The DOE's Al-driven critical minerals strategy will play a vital role in increasing U.S.
material self-sufficiency and supporting the transition to a clean energy economy. The
discovery of alternative materials through physics-based Al will also lead to the
development of new manufacturing processes that are more cost-effective and
environmentally friendly. In the future, Al is expected to enable real-time monitoring, risk
prediction, and autonomous adjustments across the entire supply chain, building a more
resilient and secure critical minerals supply chain. This will bring long-term benefits to

both national security and economic prosperity.

Source: https://www.energy.gov/undersecretaryforscience/genesis-mission/securing-americas-critical-

minerals-supply
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#19 GitHub Repository ‘awesome-ai-for-science’
Launched, Featuring Google GNoME, Microsoft
MatterGen, and Other Curated Al Tools Accelerating
Scientific Discovery

Published July 16, 2026  GitHub (ai-boost) International
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| overview

The ‘awesome-ai-for-science' repository has been launched on GitHub, providing a
curated list of Al tools and frameworks that accelerate discovery across diverse
scientific fields, including physics, chemistry, biology, and materials science. The list
specifically highlights groundbreaking technologies such as Google DeepMind's
GNoME, which discovered 2.2 million new crystal structures, Microsoft's MatterGen
for inorganic material design, and ORB as a general machine-learning interatomic
potential. This resource allows researchers easy access to cutting-edge Al tools for

their work.
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Key Findings

A new repository titled 'awesome-ai-for-science' has been released on GitHub, offering a
curated list of Al tools, libraries, papers, datasets, and frameworks that accelerate
scientific discovery. This repository specifically showcases cutting-edge Al technologies,
such as Google DeepMind's GNoME and Microsoft's MatterGen, which are making

significant impacts in the field of materials science.

Technical / Clinical Details

This GitHub repository organizes resources across various categories to help scientific
researchers effectively utilize Al in their projects. Particularly noteworthy are the

following innovative tools in materials science and chemistry:

e Google DeepMind's GNoME (Graph Networks for Materials Exploration): A
system that autonomously discovered 2.2 million new stable crystal structures using
graph neural networks. This dramatically expands the search space for synthesizable
materials in materials science and holds the potential to accelerate the development

of new materials for batteries, superconductors, and more.

¢ Microsoft's MatterGen: A generative Al model developed to design and generate
inorganic materials with specific desired properties. This tool proposes new material
candidates' compositions and structures based on user-specified conditions,

significantly streamlining the materials design process.

e ORB (Orbital Resolution and Beyond): Introduced as a type of universal machine-
learning interatomic potential (MLIP), ORB achieves accuracy comparable to first-

principles calculations while enabling simulations of much larger atomic systems.

These tools demonstrate Al's capability to automate and accelerate discovery across a
wide range of scientific domains, from fundamental sciences like physics, chemistry, and
biology to applied sciences like materials development and drug discovery. The
repository provides an overview of each tool, access methods, and links to relevant

papers, making it easier for researchers to explore the latest Al technologies.



Background & Context

The pace of scientific discovery is accelerating due to the explosive growth in data
volume and advances in computational power, but many challenges still exist.
Particularly, finding optimal solutions from vast search spaces has been limited by
traditional methods. Al is expected to be a powerful means to overcome these
challenges, resolving bottlenecks in scientific research by generating new hypotheses,
automating experiments, and enhancing data interpretation. Such 'awesome-lists' play a
crucial role in sharing knowledge and resources within the rapidly developing Al for

Science community.

Strategic Significance & Outlook

Resources like 'awesome-ai-for-science' democratize scientific discovery by lowering
barriers for researchers to access and apply cutting-edge Al tools in their work. The
evolution of tools like GNOME and MatterGen accelerates the realization of 'self-driving
labs," envisioning a future where humans and Al collaborate to push the frontiers of
science. In the future, this repository will likely include even more innovative Al tools,
spearheading a new era of discoveries brought about by the convergence of science and
Al.

Source: https://github.com/ai-boost/awesome-ai-for-science
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#20 IntuitionLabs Compares AlphaFold 3 and ESM3,
Highlighting Evolution of Al Biology Foundation
Models and Generative Diffusion Superiority

Published July 10, 2026  IntuitionLabs  Unknown

| overview

An IntuitionLabs analysis provides a detailed comparison of leading Al biology
foundation models like AlphaFold 3 and ESM3. The article focuses on models such as
AlphaFold 3, a generative diffusion model for 3D atomic coordinates; ESM-3 for
protein language modeling; and Boltz-2, which combines structure and binding
affinity prediction. It specifically notes the significance and innovation of AlphaFold

3's transition to a generative diffusion architecture for predicting complex molecular

complexes.
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Key Findings

An IntuitionLabs article provides a detailed comparative analysis of leading Al biology
foundation models, including AlphaFold 3 and ESM3. It particularly emphasizes that
AlphaFold 3's adoption of a generative diffusion architecture for predicting complex
molecular complexes has dramatically enhanced its performance, establishing a new

standard for Al-driven structural prediction in biology.

Technical / Clinical Details

The article describes three key Al biology foundation models in detail:

e AlphaFold 3: The latest model developed by Google DeepMind, predicting 3D
atomic coordinates for various biomolecular complexes, including proteins, DNA,
RNA, and ligands. While previous AlphaFold versions primarily focused on protein
structure prediction, AlphaFold 3 has transitioned to a 'generative diffusion model'
architecture. This change improves its ability to more accurately model interatomic
interactions in complex molecular complexes and generate diverse conformations.

This is crucial for drug discovery and understanding biological processes.

e ESM-3 (Evolutionary Scale Modeling): The latest generation of protein language
models developed by Meta Al. It excels at predicting protein function and properties
primarily from protein sequences. By learning from large protein sequence datasets
and analyzing amino acid sequence patterns, it contributes to understanding protein

evolution, the impact of mutations, and functional prediction.

e Boltz-2: A model that combines structure prediction with binding affinity prediction.
While specific details are scarce in the article, this suggests its ability to predict not
only molecular structures but also the strength of their binding to other molecules

(e.g., drug candidates).

AlphaFold 3's shift to a generative diffusion architecture indicates the evolution of Al
capabilities from mere prediction to ‘generation,’ opening possibilities for more flexible
modeling of unknown interactions and complex system behaviors, beyond just

improving the accuracy of known structure predictions.



Background & Context

Structural prediction in biology has been a bottleneck in diverse research areas, including
drug discovery, enzyme design, and elucidation of disease mechanisms. DeepMind's
AlphaFold series revolutionized this field, dramatically improving the accuracy of protein
structure prediction. However, predicting complex interactions of proteins not just with
themselves but also with other molecules like DNA, RNA, ligands, and ions, was the next
major challenge. The adoption of new generative diffusion models indicates the

evolution of Al to address this complexity.

Strategic Significance & Outlook

The advent of generative diffusion models like AlphaFold 3 will significantly transform
the future of drug discovery and biotechnology. Researchers will be able to efficiently
design novel drug candidate structures that bind to specific disease targets using Al,
potentially accelerating development pipelines. Furthermore, a wide range of
applications is expected, such as elucidating pathogen infection mechanisms and
designing enzymes for new biofuel production. The evolution of Al biology foundation

models will be a central driver of life science research in the coming decades.

Source: https://intuitionlabs.ai/articles/biology-foundation-models-comparison
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#21 EngineerMD: Generative Al in Product Design
Significantly Cuts Development Time and Cost by

Auto-Generating Thousands of Design Options

Published July 12, 2026  EngineerMD  Unknown
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An EngineerMD article explores how generative Al is transforming product design in
2026, highlighting its ability to automate design space exploration, simulate
performance, and generate thousands of design variations. This technology can
produce CAD-ready designs based on structural, material, and manufacturing
constraints, holding significant potential for dramatically reducing product
development time and cost. This promises accelerated innovation and faster time-to-

market.
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Key Findings

According to EngineerMD's analysis, generative Al is fundamentally transforming the
product design process, leading to significant reductions in development time and cost.
This technology automates design space exploration, simulates performance, and
generates thousands of design variations that were previously impossible with traditional

design methods.

Technical / Clinical Details

Generative Al operates by having engineers input specific design requirements (e.g.,
weight reduction, strength improvement, use of particular materials, manufacturing cost
reduction), after which Al algorithms autonomously generate numerous design
candidates that satisfy these constraints. Unlike traditional iterative trial-and-error, this
process can rapidly propose optimized or entirely novel design geometries. The Al
considers structural integrity, material properties, and constraints of specific
manufacturing processes (e.g., 3D printing, CNC machining) to generate designs
compatible with CAD (computer-aided design) software. This enables engineers to
explore vast design spaces in a short amount of time and identify optimal solutions.
Specifically, it can automatically simulate hundreds to thousands of design options,
evaluating their performance (e.g., stress distribution, heat transfer, aerodynamic drag).
This capability supports decision-making in the early stages of product development,
reduces the number of physical prototypes, and can potentially shorten development

time by up to XX% and cut costs by up to YY%.

Background & Context

In the field of product design, there is a constant demand for high performance,
competitive costs, and short time-to-market. However, designing complex products
requires immense time and expertise, and evaluating multiple design proposals itself has
been a significant burden. The introduction of generative Al resolves this bottleneck,
providing an environment where designers and engineers can focus on more creative
problem-solving. Interest in this technology is growing across all industries, including
aerospace, automotive, consumer electronics, and medical devices.Strategic Significance
& Outlook



Generative Al is set to be a key driver in shaping the future of product design. Moving
forward, Al is expected to understand more advanced manufacturing constraints (e.g.,
complex topologies for composite materials, additive manufacturing) and optimize entire
supply chains. This will facilitate mass customization of products, promote the use of
sustainable materials, and establish product development processes that can respond
quickly to market needs. Ultimately, it is anticipated that an era will arrive where
generative Al collaborates with humans to create unprecedented and innovative

products.

Source: https://www.engineermd.com/2026/07/generative-ai-in-product-design.html
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#22 YouTube Channel yaavikmaterials: ML Interatomic

Potentials Enable Large-Scale MD with DFT Accuracy,
Resolving System Size Trade-offs

Published July 11, 2026  yaavikmaterials (YouTube) Unknown

| overview

A YouTube video by yaavikmaterials explains how machine-learning interatomic
potentials (MLIPs) like MACE, NequlP, and CHGNet are resolving the system size and
simulation time trade-offs in molecular dynamics (MD) simulations. These MLIPs
reproduce Density Functional Theory (DFT) energies and forces at a fraction of the
computational cost, enabling nanosecond-scale MD simulations for large systems.

However, the video also stresses the necessity of careful benchmarking in out-of-

distribution chemistry.
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Key Findings

As explained in a YouTube video by yaavikmaterials, machine-learning interatomic
potentials (MLIPs) such as MACE, NequlP, and CHGNet are effectively addressing the
fundamental trade-off between system size and simulation time in molecular dynamics
(MD) simulations. These MLIPs can compute energies and forces with accuracy
comparable to Density Functional Theory (DFT), enabling large-scale and long-duration

MD simulations previously considered impossible.

Technical / Clinical Details

Traditionally, MD simulations requiring high accuracy had to rely on computationally
expensive quantum mechanical calculations like DFT, which severely limited the
accessible system sizes and simulation times. Conversely, classical force fields were fast
but insufficient for accurately describing complex chemical phenomena involving bond
formation and breaking. MLIPs like MACE (Many-Body Atomic Contributory Ensembles),
NequlP (Neural Equivariant Interatomic Potentials), and CHGNet (Charge-informed
Graph Neural Network potential) learn the potential energy surface of interatomic
interactions from vast datasets of DFT calculations. As a result, they can reproduce DFT-
level energies and forces at a mere fraction of the computational cost (e.g., hundreds of
times faster than DFT). This enables MD simulations of systems with thousands to
millions of atoms over nanosecond to microsecond timescales, allowing researchers to
study various physical phenomena, such as heat conduction, diffusion, phase transitions,
and mechanical behavior of materials, at more realistic scales. The video cautions that
when these models are applied to 'Out-of-Distribution' (OOD) chemical environments,

careful benchmarking and validation are essential to ensure their reliability.



Background & Context

In computational materials science, understanding material behavior at the atomic scale
is crucial for developing new materials and improving the performance of existing ones.
However, many real-world material systems, such as semiconductors, batteries, catalysts,
and composites, are highly complex and require large-scale, long-duration simulations.
The advent of MLIPs has resolved this computational bottleneck, opening the door to
more efficient and reliable material design and process optimization. This marks the
convergence of the long-standing goal to combine DFT's high accuracy with classical
MD's speed.

Strategic Significance & Outlook

The evolution of MLIPs will significantly broaden the scope of molecular dynamics
simulations, accelerating the pace of discovery in materials science, chemistry, and
biophysics. Moving forward, MLIPs are predicted to serve as core technologies in self-
driving materials discovery laboratories, forming the foundation for systems where Al
autonomously designs, executes, and analyzes experiments. Addressing the OOD
problem and further improving the generalization capabilities of MLIPs will be key
focuses for future research. This is expected to enable computational science to work in
conjunction with experimental science to develop new materials at an unprecedented

speed.

Source: https://www.youtube.com/post/UgkxsUEkiPBFolVHk8EBGIVOGBv7tKdGlaDX
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#23 arXiv Paper Examines Limitations and Potential of
MACE and CHGNet Foundation MLIPs in d4/d6/d7
Perovskite Oxide MD Simulations

Published July 10, 2026  arXiv  International
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| overview

This paper provides a detailed examination of the successes and limitations of
foundation machine-learning interatomic potentials (MLIPs) like MACE and CHGNet in
molecular dynamics (MD) simulations of d4/d6/d7 perovskite oxides. While enabling
nanosecond-scale simulations without system-specific training, the study reveals
persistent limitations in accurately capturing pure site-local multiplet population
shifts and specific structural features. This analysis offers critical insights for future

MLIP development.
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Key Findings

In a study on molecular dynamics (MD) simulations of d4/d6/d7 perovskite oxides, the
successes and limitations of prominent foundation machine-learning interatomic
potentials (MLIPs), MACE and CHGNet, were thoroughly examined. While these MLIPs
enable nanosecond-scale simulations without system-specific training, challenges in

accurately describing some complex physical phenomena became evident.

Technical / Clinical Details

Perovskite oxides, especially those with transition metal ions having d4, d6, or d7
electron configurations, are known for their diverse functionalities, including
ferroelectricity, magnetism, and catalytic properties. Understanding their atomic-scale
dynamic behavior is crucial for new material design. This study utilized MACE (Many-
Body Atomic Contributory Ensembles) and CHGNet (Charge-informed Graph Neural
Network potential), both universal MLIPs pre-trained on large Density Functional Theory
(DFT) calculation data, to perform MD simulations of these perovskite oxides. The

following points were revealed:

e Successes: MACE and CHGNet were confirmed to stably simulate relatively large
(thousands of atoms) perovskite systems at nanosecond timescales without additional
system-specific training. This demonstrated their capability to evaluate fundamental
behaviors like thermodynamic properties, lattice vibrations, and phase transitions with

DFT-like accuracy.

¢ Limitations: It was identified that there are limitations in accurately capturing purely
site-local multiplet population shifts (energy shifts caused by local electron
configuration changes) and specific strongly correlated phenomena such as orbital
order and spin order. This suggests that these phenomena may not be sufficiently
represented in the DFT calculations included in the MLIP's training dataset, or that the
MLIP's architecture might be insufficient to capture these complex quantum

mechanical effects.

This analysis points out potential blind spots of MLIPs in describing certain types of

physical phenomena and suggests directions for future model development.



Background & Context

MLIPs are becoming a mainstream tool in computational materials science by combining
the high accuracy of DFT with the speed of classical MD. However, their generality and
applicability to a wide range of chemical spaces and physical phenomena still require
detailed validation. Materials with strong electronic correlations, such as perovskite
oxides, are particularly challenging targets for MLIPs, and evaluating their performance is
crucial for understanding the limitations of MLIPs and the necessity for future physics-

aware Al models.Strategic Significance & Outlook

The results of this study provide clear directions for the MLIP development community to
further improve the accuracy and generalization performance of MLIPs in materials with
strong electronic correlations. In the future, the development of more high-fidelity and
diverse datasets, as well as new MLIP architectures capable of explicitly incorporating
electronic correlations and spin dynamics, will be required. This is expected to deepen
the design and understanding of complex functional materials like perovskite oxides,
accelerating breakthroughs in diverse application areas such as sensors, memory, and

catalysts.

Source: https://arxiv.org/abs/2607.05140
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#24 arXiv Paper: Equivariant Graph Neural Networks

Revolutionize Atomic Modeling and Advance Molecular
Coarse-Graining

Published July 10, 2026  arXiv  International

| overview

This paper discusses how machine-learning interatomic potentials (MLIPs), including
equivariant graph neural networks (EGNNs), have transformed atomic modeling by
learning potential energy surfaces from quantum mechanical data. It also introduces
significant methodological advances in coarse-graining, such as the E(3)-equivariant
message-passing neural network architecture for molecular coarse-graining, which

holds the potential to dramatically improve the efficiency of large-system simulations.
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Key Findings

This paper highlights how machine-learning interatomic potentials (MLIPs), including
Equivariant Graph Neural Networks (EGNNSs), have revolutionized the field of atomic
modeling by learning potential energy surfaces directly from quantum mechanical (QM)
data. Notably, new methodological advances related to coarse-graining, such as the E(3)-
equivariant message-passing neural network architecture for molecular coarse-graining,

are introduced.

Technical / Clinical Details

MLIPs bridge the gap in large-scale simulations in materials science and chemistry by
describing interatomic interactions with accuracy comparable to first-principles
calculations (DFT) but with significantly higher computational efficiency. EGNNs explicitly
incorporate the symmetries of physical systems (rotation, translation, inversion) into the
learning process, dramatically enhancing the predictive accuracy and generalization
performance of potential energy surfaces. This enables more reliable predictions even in
out-of-distribution (OOD) chemical environments, beyond the scope of the training
dataset. In addition to MLIP advancements, the paper discusses Al applications in
‘coarse-graining' (CG) methods to boost the simulation efficiency of large molecular
systems. Specifically, the E(3)-equivariant message-passing neural network architecture
allows learning interactions between coarse-grained particles while preserving the
original atomic-level physical symmetries. This improves the accuracy and physical
validity of CG models, enabling simulations of biomolecular complexes and soft matter,

which were previously too computationally expensive, at more realistic time scales.

Background & Context

Atomic-level simulations are crucial for discovering new materials, elucidating catalytic
reaction mechanisms, and understanding biomolecular functions. However, they have
faced the challenge of explosively increasing computational costs as system size grows.
MLIPs and Al-driven coarse-graining have emerged as powerful tools to overcome this
computational bottleneck, enabling the study of more complex and realistic materials
and biological systems. EGNNs are a successful example of the fusion of physics and Al,
and their symmetry-aware capabilities are critical for enhancing the reliability and

interpretability of Al in scientific modeling.



Strategic Significance & Outlook

The evolution of MLIPs, including EGNNs, and advancements in coarse-graining methods
like the E(3)-equivariant message-passing neural network, will further push the frontiers
of computational materials science, chemistry, and biophysics. This will deepen our
understanding of various multi-scale phenomena, such as complex phase transitions,
polymer dynamics, and drug cellular permeation. In the future, these Al-driven modeling
methods are expected to integrate with experimental data and become core
technologies in self-driving materials discovery laboratories, dramatically accelerating
the pace and efficiency of scientific discovery. This holds the potential to significantly

shorten the development of new functional materials and therapeutic approaches.

Source: https://arxiv.org/abs/2607.05030
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#25 arXiv Paper: Model-Agnostic Graph Prompt

Learning Significantly Enhances GNN Crystal Property
Prediction Accuracy

Published July 09, 2026  arXiv  International

| overview

This paper proposes a novel model-agnostic soft prompt learning framework to
improve the crystal property prediction performance of Graph Neural Networks
(GNNSs). By incorporating node-level and graph-level soft prompts, the framework
effectively captures latent features not explicitly provided to the GNN. This results in
significantly improved prediction accuracy and enables cross-property knowledge
transfer, especially with limited training data, opening new possibilities for Al in

materials science.
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Key Findings

Researchers have proposed a novel model-agnostic soft prompt learning framework that
significantly enhances the accuracy of crystal property prediction by Graph Neural
Networks (GNNSs). This groundbreaking approach achieved a leap in predictive
performance by effectively extracting hidden latent features not directly supplied to the
GNN.

Technical / Clinical Details

Predicting crystal properties is essential for the discovery and design of new materials.
GNNs are widely used for property prediction from crystal structures due to their ability
to capture topological information. However, GNN performance heavily depends on the
quantity and quality of available training data and their capacity to capture latent
features related to specific properties. The soft prompt learning framework proposed in
this study applies the concept of prompt learning, which has been successful in large

language models (LLMs), to GNNSs. Specifically, it introduces two types of soft prompts:

¢ Node-level soft prompts: Learnable prompt vectors added to each atomic node,

allowing the GNN to infer additional information about the atom's local environment.

¢ Graph-level soft prompts: Prompt vectors designed to capture global structural

features and chemical context across the entire crystal.

These soft prompts function as additional learnable parameters without altering the
GNN model's architecture. As a result, the proposed framework significantly improved
the prediction accuracy for various crystal properties (e.g., formation energy, band gap,
hardness) compared to conventional GNNs. Furthermore, the method demonstrated
‘cross-property knowledge transfer' capability. This means that prompts learned from
predicting one property (e.g., formation energy) can be reused for predicting another
property (e.g., band gap), achieving high accuracy even with limited training data. This

capability is extremely useful, especially when data is scarce for novel materials.



Background & Context

Materials discovery and design in materials science often involve extensive experimental
and computational costs. Machine learning, particularly GNNs, offers a promising tool to
accelerate this process, but the scarcity of high-quality labeled datasets has hindered
their widespread adoption. Methods like prompt learning provide a new paradigm for
extracting maximum information from limited data and enhancing the model's
generalization capability. This research marks a crucial step for materials informatics to

achieve more with less data.

Strategic Significance & Outlook

The model-agnostic soft prompt learning framework will have a significant impact on the
field of crystal property prediction. It is expected to become a powerful tool for
improving GNN performance, especially in the exploration of new material classes and
materials with scarce data. In the future, this approach is anticipated to be applied to
other material classes (e.g., amorphous materials, polymers) and more complex material
properties (e.g., phase transition behavior, defect formation energy), further enhancing
the efficiency and accuracy of materials science research. This will further strengthen Al's

role in breaking bottlenecks in new material development and accelerating innovation.

Source: https://arxiv.org/abs/2607.04543
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#26 MLIP Studio Launches Free Web App 'MLIP Studio,’
Accelerating Molecular and Materials Simulations with
Over 60 Universal MLPs

Published July 11,2026  MLIP Studio Blog  Unknown

| overview

MLIP Studio has released 'MLIP Studio," a free web application enabling atomic
calculations for molecules and materials using universal machine-learning interatomic
potentials (MLIPs). This application integrates over 60 universal MLIPs from families
like MACE, FAIRChem/UMA, MatterSim, ORB, SevenNet, and PET, supporting diverse
calculations such as energy, forces, geometric optimization, and electronic density of

states. This allows researchers easy access to high-performance atomic simulations.
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Key Findings

MLIP Studio has announced 'MLIP Studio," a free web application that enables atomic
calculations for molecules and materials using universal machine-learning interatomic
potentials (MLIPs). This platform integrates over 60 state-of-the-art MLIPs and

democratizes access to high-performance atomic simulations through a user-friendly

interface.

Technical / Clinical Details

MLIP Studio provides an environment where users can directly perform molecular
dynamics (MD) or static calculations using universal MLIPs from various families,
including MACE, FAIRChem/UMA, MatterSim, ORB, SevenNet, and PET, all from a web
browser. These MLIPs boast accuracy comparable to first-principles calculations (DFT)
while allowing for significantly faster computations, making them particularly suitable for
large systems and long-duration simulations. The main types of calculations supported

by the application include:

¢ Energy and Forces: Calculating the total energy and forces on each atom for a given

atomic configuration.
e Geometry Optimization: Searching for stable molecular and crystal structures.

¢ Electronic Density of States (DOS): Crucial for understanding the electronic

properties of materials.

MLIP Studio is designed to make these complex calculations easily executable even for
users with minimal coding knowledge. This empowers materials scientists, chemists, and
biophysicists to conduct rapid design evaluations and exploratory simulations directly
from their desktops. Notably, the ability to compare multiple different MLIPs on the
same system is extremely useful for selecting the optimal potential for a specific

application.



Background & Context

Machine-learned interatomic potentials (MLIPs) are rapidly gaining traction in
computational materials science, presenting a new paradigm that merges the accuracy of
DFT with the efficiency of classical MD. However, utilizing MLIPs typically requires
specialized software installation, environment setup, and programming skills, which have
been significant barriers for non-experts. Web applications like MLIP Studio remove
these barriers, accelerating the process of materials discovery and design by making

cutting-edge computational tools accessible to a wider research community.

Strategic Significance & Outlook

The introduction of MLIP Studio marks an important step towards the democratization of
computational materials science. In the future, this platform is expected to integrate even
more MLIP models and computational functionalities (e.g., phase transition simulations,
replica exchange MD) for more advanced material property evaluation and process
design. This will shorten new material development times and foster innovation in both
academic research institutions and industrial R&D departments. Furthermore, it holds
potential as a powerful tool for practical learning of fundamental atomic simulation

concepts in student education.

Source: https://mlipstudio.com/blog/announcing-mlip-studio
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#27 arXiv Paper Demonstrates Full-Data Accuracy with
Fewer Labels in ML Force Field Training Through Data
Selection Strategy

Published July 17, 2026  arXiv  International
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| overview

This paper investigates the critical role of data selection in training and fine-tuning
machine-learning force fields (MLFFs), demonstrating that active learning strategies
like LLPR (Least-Likely to Predict Region) can achieve full-data accuracy with fewer
labels. It highlights that label selection is more crucial than foundation model size for
bridging performance gaps, even with intentionally mismatched foundations, offering

significant insights for efficient MLFF development.
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Key Findings

A new study demonstrates that data selection is critically important in the training and
fine-tuning of machine-learning force fields (MLFFs). Active learning strategies, such as
LLPR (Least-Likely to Predict Region), were shown to achieve 'full-data accuracy'—
comparable to training with all available data—using significantly fewer labels. This
dramatically reduces the number of expensive first-principles calculations (DFT) required,

thereby boosting the efficiency of MLFF development.

Technical / Clinical Details

MLFFs are indispensable tools for reducing the computational cost of molecular
dynamics (MD) simulations while maintaining the accuracy of first-principles calculations.
However, training highly accurate MLFFs typically requires a vast amount of DFT data
('labels’), the generation of which is computationally expensive. This paper evaluated
various data selection strategies, particularly active learning (AL) methods. AL optimizes
the learning process by identifying data points where the model is most uncertain in its
predictions and then 'labeling’ them with new DFT calculations. AL strategies like LLPR
achieve maximum accuracy improvement within a limited labeling budget by selecting
data that most effectively fills the gaps in the model's current knowledge. The research
revealed that even when using intentionally mismatched foundation models (e.g.,
applying a foundation model specialized in metallic bonding to a molecular system),
careful label selection plays a more decisive role in bridging performance gaps than the
size or complexity of the foundation model itself. This suggests that achieving higher

MLFF accuracy depends not just on more data, but on 'smarter' data selection.

Background & Context

In computational materials science, MLFFs are widely used for discovering new materials,
optimizing catalytic processes, and elucidating biomolecular behavior. However, the
computational cost of DFT data required for MLFF training remains high, acting as a
bottleneck for development speed. Active learning has emerged as a promising
approach to resolve this challenge, paving the way for developing higher-performance

MLFFs with fewer computational resources.



Source: https://arxiv.org/abs/2607.09000
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#28 ACS Publications Proposes Physics-Driven
Computational Paradigm with Al-Assisted Multiscale
Simulation for Low-Temperature Flexible Organic
Crystals

Published July 14, 2026  ACS Publications  USA

| overview

This research proposes a physics-driven computational paradigm for elucidating the
properties of low-temperature flexible organic crystals. Combining Al-assisted
multiscale simulation and machine-learning force fields (MLFFs), this approach
ensures mechanically viable and thermodynamically stable structural candidates by
enforcing physical laws in generative models for inverse design. This addresses Out-
of-Distribution (OOD) challenges in cryogenic regions and streamlines the design of

flexible organic crystals.
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Key Findings

This study proposes a new ‘physics-driven computational paradigm' for understanding
and designing organic crystals that exhibit flexibility at low temperatures. By combining
Al-assisted multiscale simulations and machine-learning force fields (MLFFs), it has
enabled the reliable generation of mechanically viable and thermodynamically stable
structural candidates, particularly in generative models for inverse design, by enforcing

physical laws.

Technical / Clinical Details

Low-temperature flexible organic crystals hold promise for various advanced
technological applications, including organic electronics and medical materials. However,
understanding their complex dynamic behavior and structure-property relationships has
been challenging. The paradigm proposed in this study integrates the following key

elements:

e Al-Assisted Multiscale Simulation: Al models that simulate material behavior across
multiple scales, from atomic to mesoscopic levels. This allows for a more accurate

capture of interactions between different scales.

¢ Machine-Learning Force Fields (MLFFs): Describe interatomic interactions with
accuracy comparable to first-principles calculations (DFT) while achieving
computational efficiency on par with classical force fields. This enables MD

simulations of large organic crystal systems.

e Enforcement of Physical Laws: The most critical aspect is the introduction of
mechanisms that explicitly enforce physical laws (e.g., interatomic exclusion volume,
bond length/angle constraints, energy minimization principles) within generative
models for inverse design. This ensures that the structural candidates generated by Al
are not merely statistical patterns learned from data but are also physically plausible

and stable.



This physics-driven approach specifically enhances the reliability of generative models in
predicting material behavior in 'Out-of-Distribution' (OOD) scenarios, particularly in
cryogenic regions beyond the training dataset. By ensuring that generative models
adhere to physical constraints, it effectively eliminates non-physical (or unstable)
structural candidates that conventional black-box Al models tend to produce, enabling

more efficient material exploration.

Background & Context

Organic crystals, with their diverse structures and tunable properties, are attracting
attention as foundational materials for next-generation flexible electronics, sensors, and
biomedical devices. However, predicting and controlling their flexibility and dynamic
behavior, especially in low-temperature environments, has been a significant challenge
due to their complexity. Traditional computational methods were often too
computationally expensive or lacked sufficient accuracy, making rational design of such
materials difficult. The introduction of Al offers new opportunities to overcome these

challenges and enable faster, more accurate material design.

Strategic Significance & Outlook

The physics-driven computational paradigm holds the potential to revolutionize the
design of low-temperature flexible organic crystals. This approach will accelerate the
development of new high-performance materials in fields such as organic electronics,
flexible displays, and smart wearable devices. In the future, this framework is expected to
be further expanded and applied to other types of soft matter (e.g., polymers, liquid
crystals) and the design of material responses to more complex external stimuli (e.g.,
electric fields, magnetic fields, light). This will usher in a more transparent and reliable era

where Al leads scientific discovery and innovation.

Source: https://pubs.acs.org/doi/10.1021/jacs.6c00544
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#29 Machine Learning Transforms Materials Science:
From Property Prediction to Structural Design,
Emphasizing LLM Validation

Published July 15, 2026  Academic Review / Journal  Global

| overview

A new academic review highlights the transformative role of machine learning (ML) in
materials science, detailing its impact on property prediction, novel material
discovery, and process optimization. Significant advancements include ML interatomic
potentials (MLIPs), graph neural networks (GNNs) for crystal structures, and
foundation models like LLMs for text analysis and workflow automation. The paper
critically emphasizes the need for rigorous validation of LLM outputs due to potential

‘hallucinations’ and the paramount importance of domain-knowledge-driven models.
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Key Findings

A comprehensive academic review has been published, emphasizing the transformative
contributions of machine learning (ML) in materials science, particularly in accelerating
material property prediction, novel material discovery, and process optimization. The
review highlights that while the advancements in foundation models, such as Large
Language Models (LLMs), open new avenues for automating materials science

workflows, rigorous validation of their outputs remains critical.

Technical / Clinical Details

The review details how MLIPs combine the accuracy of ab initio calculations with the
efficiency of classical molecular dynamics, enabling large-scale simulations previously
unfeasible. It also covers the application of Graph Neural Networks (GNNs), which
effectively model complex relationships in crystal structures. More recently, LLMs are
being deployed for tasks like scientific literature analysis, data organization, and
automated experimental planning, streamlining research processes. However, the review
strongly cautions about the 'hallucination’ problem in LLM outputs, where models
generate factually incorrect information or non-existent references. This underscores the
necessity for materials scientists to critically evaluate Al-generated insights using their

expert domain knowledge.

Background & Context

Data-driven approaches have significantly reshaped the traditional trial-and-error
paradigm of materials design and discovery. ML's capability to analyze vast experimental
and computational datasets, identifying patterns and correlations beyond human
intuition, has rapidly accelerated the development of new materials. These
advancements pave the way for a wide range of industrial applications, including higher-
performance electronic devices, more efficient energy storage systems, and

environmentally friendly catalysts.



Strategic Significance & Outlook

The integration of ML and foundation models in materials science is expected to
continue enhancing research efficiency and speeding up discoveries. However, to fully
realize this potential, research must focus on improving model transparency and
reliability. Future developments will likely involve the creation of better validation tools
for LLMs and the design of hybrid models that intrinsically incorporate domain-specific
knowledge. This trajectory promises to enable safer and more trustworthy Al-assisted
materials science research, allowing scientists to concentrate on more complex problems

and generate genuine scientific breakthroughs.

Source: https://www.mdpi.com/2673-8392/6/7/150
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#30 Self-Driving Labs, Integrating Al and Automated

Experimentation, Accelerate Chemical and Materials
Discovery

Published July 10, 2026  ResearchGate (Review) Global

| overview

Autonomous self-driving labs (SDLs), which integrate machine learning with
automated experimental platforms, are dramatically accelerating the pace of
molecular and materials discovery in chemistry and materials science. SDLs leverage
Al to uncover correlations within vast datasets, generating high-quality data through
robotic high-throughput experiments for iterative optimization. This review highlights
successful SDL implementations and discusses current limitations and future

opportunities in this rapidly evolving field.
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Key Findings

The emergence of Self-Driving Labs (SDLs), integrating machine learning (ML) with
advanced automated experimental platforms, is revolutionizing the pace of molecular
and materials discovery in chemical and materials sciences. SDLs enable unprecedentedly
rapid exploration of chemical design spaces, promising to significantly shorten

development cycles.

Technical / Clinical Details

SDLs operate by using Al algorithms to identify complex correlations and hidden
patterns within large datasets, thereby generating novel hypotheses. Robotic high-
throughput experimental systems then synthesize and characterize materials based on
these hypotheses, feeding the results back into the Al models. This closed-loop iterative
optimization cycle drastically reduces the time and cost associated with traditional
human-driven trial-and-error processes. For instance, an Al might propose promising
candidate molecules, robots synthesize them, and analytical instruments evaluate their
properties—all executed autonomously. This allows researchers to focus on more

strategic problem-solving and higher-level scientific inquiry.

Background & Context

The discovery of new molecules and materials typically requires decades of effort and
substantial resources. Identifying optimal candidates from an immense combinatorial
space, especially when seeking materials with specific functionalities, has traditionally
been an arduous task. SDLs have emerged as a powerful tool to address this challenge,
holding the potential to accelerate innovation across diverse sectors, including
pharmaceuticals, electronic materials, energy materials, and catalysts. Early success
stories are already demonstrating their efficacy, highlighting a paradigm shift in scientific

research methodologies.



Strategic Significance & Outlook

While still in its nascent stages, with current applications often confined to specific
domains, SDL technology is projected to significantly expand its scope by integrating
more complex experiments, diverse material systems, and sophisticated Al reasoning
capabilities. As society faces urgent needs for sustainable materials, new drug therapies,
and environmental technologies, SDLs are expected to play a central role in their
development. Ongoing research and development efforts are focused on overcoming
current limitations and maximizing the full potential of SDLs to drive future scientific

breakthroughs.

Source: https://www.researchgate.net/publication/367546553_The_rise_of_self-

driving_labs_in_chemical_and_materials_sciences
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#31 Tokyo University of Science Develops Al-Assisted
Method for Catalyst Design Balancing Activity and
Stability

Published July 10, 2026  Science Tokyo / Mirage News  Japan
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| overview

Researchers at Tokyo University of Science have developed a new Al-assisted method
for designing catalysts that achieve both high activity and high stability, a long-
standing challenge in the field. The Al successfully learned complex patterns and
autonomously proposed promising catalyst structures. This breakthrough represents
a significant step towards accelerating the inverse design of advanced materials for
batteries, chemical catalysts, and various industrial applications, potentially reducing

reliance on scarce resources.
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Key Findings

A research team at Tokyo University of Science has developed a novel Al-assisted
method to design catalysts that successfully achieve both high activity and high stability,
a critical challenge in catalyst development. The Al learned complex patterns and
autonomously proposed promising catalyst structures that balance these two often-

conflicting properties.

Technical / Clinical Details

The research team leveraged extensive datasets of existing catalysts and their
physicochemical properties to train a machine learning model. The Al learned the
intricate relationships between structural features, elemental composition, and electronic
states that influence both catalyst activity and stability. As a result, the Al was able to
propose novel structures that closely resembled previously identified promising catalysts
or offered superior potential. This Al-assisted approach enables a dramatic reduction in
the design cycle compared to traditional trial-and-error methods. Given that catalyst
development typically requires extensive experimentation and prototyping, Al-driven

filtering of design candidates significantly enhances research efficiency.

Background & Context

Catalysts are indispensable materials in the chemical and energy industries, contributing
significantly to improved reaction efficiency and reduced environmental impact.
However, the dual goals of high activity and high stability often present a trade-off,
making the simultaneous achievement of both in catalyst design extremely difficult.
Furthermore, many specialized catalysts rely on scarce precious metals, necessitating
more efficient development methods from the perspectives of sustainability and cost
reduction. This Al-assisted design method offers a powerful solution to these critical

challenges.



Strategic Significance & Outlook

This Al-assisted catalyst design method holds significant promise for applications across
a wide range of fields, including battery materials, fuel cells, and chemical synthesis
processes. As a crucial step towards inverse design, the ability to 'back-calculate' material
structures from desired functionalities can reduce dependence on scarce resources and
foster more sustainable material development. In the future, this technology could serve
as a foundational element for fully autonomous 'self-driving labs' capable of discovering

and optimizing catalysts independently.

Source: https://www.scitech.tokyo/news/ai-catalyst-discovery/
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#32 Osaka University Develops Al-Designed Super-
Adhesive Hydrogel with Self-Healing and High
Mechanical Strength Underwater

Published July 09, 2026  The Times of India  Japan

| overview

Researchers at Osaka University and collaborating Japanese institutions have
developed a novel Al-designed super-adhesive hydrogel that exhibits superior
underwater adhesion, self-healing capabilities, and high mechanical strength. Utilizing
an Al-driven framework combining machine learning and high-throughput
experimentation significantly reduced development time compared to traditional
trial-and-error methods. This new hydrogel holds promising applications in medical

adhesives, wearable electronics, soft robotics, and underwater repair.
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Key Findings

A team of researchers from Osaka University and other collaborating Japanese
institutions has developed a groundbreaking super-adhesive hydrogel, designed with Al,
that boasts exceptional underwater adhesion, robust self-healing abilities, and high
mechanical strength. This achievement represents a significant leap beyond the

limitations of conventional materials development processes.

Technical / Clinical Details

The discovery of this novel hydrogel was facilitated by an Al-driven framework that
integrated machine learning with high-throughput experimentation. The research team
trained Al models on vast datasets concerning material composition, structure, and
intermolecular interactions. The Al then predicted candidate materials optimized
simultaneously for multiple properties such as underwater adhesion, self-healing, and
mechanical strength. This approach dramatically shortened the development time
compared to conventional, empirical trial-and-error methods. Specifically, the hydrogel
achieves strong adhesion to surfaces underwater through the formation of robust
molecular-level interactions within its hydrophilic polymer network and specific
crosslinking agents. Even when damaged, it can self-repair by utilizing ambient water to
reform its molecular chains. Its high mechanical strength ensures resilience against

various physical stresses.

Background & Context

Many traditional adhesives face a critical challenge: their performance significantly
degrades in aqueous environments. However, there is a growing demand for materials
with underwater adhesive and self-healing properties across various fields, including
biomedical applications (for internal body use), soft robotics (for underwater
manipulation), and marine engineering (for repairing underwater structures). Prior
material development processes required extensive experimentation and prolonged
trial-and-error, making it exceptionally difficult to simultaneously optimize multiple
complex properties. Al-driven frameworks offer a powerful solution to this challenge,

promising to dramatically accelerate the development process.



Strategic Significance & Outlook

This Al-designed super-adhesive hydrogel is expected to find applications in a wide array
of fields, including medical adhesives (e.g., tissue adhesion during surgery), wearable
electronics (e.g., underwater sensor attachment), soft robotics, underwater repair, and
even biomimetic materials. Its biocompatibility also opens doors for contributions to
next-generation medical devices and regenerative medicine. This technology stands as a
potent example of innovation driven by the convergence of Al and materials science,

poised to reshape the future of material development.

Source: https://timesofindia.indiatimes.com/science/japanese-scientists-create-ai-designed-super-

adhesive-hydrogel-a-self-healing-material-that-sticks-underwater/articleshow/132285014.cms
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#33 IBM and ORNL Pioneer Hybrid Quantum-Al

Simulation for Fusion Reactor Tritium Generation
Material

Published July 09, 2026  Live Science  USA
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| overview

Scientists from IBM and Oak Ridge National Laboratory (ORNL) have successfully
conducted the world's first simulation of tritium generation, a rare hydrogen isotope
critical for fusion reactors, using a hybrid quantum-Al computing approach. This
pioneering research modeled the molecular configurations of liquid salt FLiBe, a
candidate material for tritium extraction, potentially addressing a key bottleneck in
fusion energy development. The convergence of Al and quantum computing

promises to accelerate the search for promising molten salt materials.
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Key Findings

A team of scientists from IBM and Oak Ridge National Laboratory (ORNL) has
successfully performed the world's first experiment simulating the generation process of
tritium, a rare hydrogen isotope essential for fusion reactors, by employing a hybrid
quantum-Al computing approach. This groundbreaking achievement marks a significant

milestone towards the realization of fusion energy.

Technical / Clinical Details

The research team utilized a combination of quantum computing and Al to model the
molecular configurations of lithium-beryllium fluoride (FLiBe), a liquid salt considered
highly promising for tritium extraction within fusion reactor blanket concepts.
Specifically, the quantum computer performed high-precision calculations of FLiBe's
complex quantum mechanical behaviors, while Al analyzed these results to predict
optimal molecular configurations and interactions. This hybrid approach allowed for
efficient execution of complex simulations that would have required immense time and
resources using conventional classical computing methods. The simulation results are
particularly critical for material design, given that tritium is an unstable isotope and its
generation and recovery are directly linked to the economic viability and safety of fusion

reactors.

Background & Context

Fusion energy holds immense promise as a clean and virtually inexhaustible power
source, but its practical implementation faces several technical challenges. Among these,
the efficient generation and recovery of tritium represent a major bottleneck. Tritium is
an indispensable fuel for deuterium-tritium fusion reactions, and its supply is limited.
Consequently, there is an urgent need to develop systems known as 'blankets' that can
self-generate tritium within the fusion reactor, with liquid salts like FLiBe being key
candidates. This research provides a new computational tool to accelerate the design

and optimization of such complex material systems.



Strategic Significance & Outlook

This hybrid quantum-Al computing simulation has charted a new course for fusion
energy research. The methodology is applicable not only to tritium breeding materials
but also to the design of other fusion reactor components (e.g., radiation-resistant
materials) and broader molecular simulations in advanced materials science. The
synergistic effect of Al and quantum computing is expected to enable the exploration of
previously intractable computational domains, dramatically accelerating the pace of new
material discovery. This will bring the practical realization of fusion energy closer,

potentially contributing to the resolution of global energy challenges.

Source: https://www.livescience.com/technology/quantum/quantum-computing-wielded-to-create-

extremely-rare-material-critical-to-nuclear-fusion
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#34 arXiv: New 'ATR' Framework Enhances Dynamic
Stability of MLIPs by Actively Rejecting Pseudo-Labels

Published July 10, 2026  arXiv  Global
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| overview

A new arXiv preprint introduces the 'Adaptive Multi-Teacher Routing (ATR)'
framework, which significantly improves the reliability and generalization capability of
universal machine-learning interatomic potentials (uMLIPs). ATR actively rejects
unreliable pseudo-labels during training, enabling efficient extraction of high-fidelity
r2SCAN-level pseudo-labels from large repositories of medium-to-low fidelity
structures. Pre-training with ATR enhances dynamic robustness in molecular dynamics

simulations, preventing structural collapse across various material systems.
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Key Findings

A novel framework, 'Adaptive Multi-Teacher Routing (ATR)," has been introduced to
significantly enhance the reliability and generalization capabilities of universal machine-
learning interatomic potentials (UMLIPs). ATR effectively boosts the dynamic stability of

simulations by actively rejecting unreliable pseudo-labels during the training process.

Technical / Clinical Details

The ATR framework enables the efficient extraction of high-fidelity r2SCAN-level pseudo-
labels, particularly from large repositories containing medium-to-low fidelity structures.
This process is achieved by leveraging information from multiple 'teacher' models and
routing data points based on their reliability. By excluding unreliable data points from
training, the resulting uMLIPs can describe interatomic interactions with greater accuracy
and robustness. Applying this method during the pre-training phase has been
demonstrated to prevent structural collapse in molecular dynamics simulations,
especially under complex dynamic environments such as high temperatures, high
pressures, or during phase transitions. This leads to improved reliability of simulations
across a wide range of material systems, including, for example, the solidification

processes of metal alloys or the glass transition of polymer materials.

Background & Context

uUMLIPs are highly anticipated as powerful tools for accelerating materials science
discovery by combining the accuracy of ab initio calculations with the efficiency of large-
scale simulations. However, to enhance their versatility, reliability and generalization
capabilities across diverse material systems and physical conditions have been crucial.
Conventional MLIPs often struggle with prediction accuracy and simulation stability in
unknown domains, heavily dependent on the quality and scope of their training data.
Methods like ATR are designed to bridge this ‘'reliability gap,' further advancing the
practical application of uMLIPs.



Strategic Significance & Outlook

The introduction of the ATR framework will have a substantial impact on the field of
computational materials science. More reliable simulation results are expected,
particularly in large-scale materials screening, design, and process optimization.
Improved dynamic robustness will enable the prediction of material behavior under
extreme conditions, previously difficult to simulate, accelerating the development of
next-generation aerospace materials, energy materials, and catalysts. ATR holds the
potential to become a critical foundational technology for uMLIPs to address a wider

array of scientific and technological challenges.

Source: https://arxiv.org/html/2607.09456v1
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#35 arXiv: Self-Organizing NCA Enables One-Shot
Generative Design of Disordered Metamaterials for
Biomedical and Robotics Applications

Published July 17, 2026  arXiv  Global

| overview

An arXiv preprint introduces a novel generative design framework for disordered
metamaterials using self-organizing Neural Cellular Automata (NCA) to overcome
data-intensive generative Al limitations. The NCA framework dynamically grows
complex microstructures through learned local interaction rules, adapting to
disordered domains with just a single training template. This data-efficient, versatile
approach enables control over microstructural properties without retraining,
unlocking access to previously intractable disordered materials for applications like

biomedical implants and soft robotics.
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Key Findings

A groundbreaking generative design framework for disordered metamaterials, utilizing
self-organizing Neural Cellular Automata (NCA), has been proposed to address the
limitations of data-intensive generative Al. This NCA framework demonstrates high
versatility and data efficiency, capable of dynamically growing complex microstructures

from just a single training template and adapting to disordered domains.

Technical / Clinical Details

Traditional generative Al models typically require large datasets to explore diverse design
spaces, but such data is often scarce for designing disordered materials, particularly
metamaterials. The NCA framework in this study learns local interaction rules, enabling
the self-organized generation of target microstructures from an initial random state. This
‘one-shot generative design' approach allows learning from a single target template and
then rapidly generating new microstructures. Consequently, microstructural properties—
such as mechanical, optical, and acoustic characteristics of the generated metamaterials
—can be controlled without the need for model retraining. This technology specifically
opens new avenues for designing previously challenging disordered materials,
particularly for custom biomedical implants and the development of flexible, adaptive

structures in soft robotics.

Background & Context

Metamaterials are artificial materials with extraordinary properties not found in nature
(e.g., negative refractive index, ultralight structures), and their design necessitates precise
control of internal structures. Disordered metamaterials, while offering specific
functionalities, have been exceptionally difficult to design due to their inherent
complexity. Al-driven generative design is seen as key to solving this challenge, but most
approaches presuppose vast amounts of training data. The approach in this study
represents a significant advancement by overcoming this data constraint, enabling the

design of complex materials even in data-scarce environments.



Strategic Significance & Outlook

This data-efficient and versatile NCA generative design framework is expected to have
broad implications across materials science and engineering. It could accelerate the
development of personalized biomedical implants, environmentally friendly lightweight
structures, or soft robots capable of more complex movements. The ability to control
properties without retraining will significantly shorten the design-to-manufacturing
cycle, promoting the commercialization of new disordered materials with novel
functionalities. In the future, this NCA-based approach is anticipated to set a new

standard for data efficiency and adaptability in novel material discovery.

Source: https://arxiv.org/html/2607.14475v1
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#36 CASUS Discovers Noble-Metal-Free Solar Fuel
Catalysts via Al-Driven Computational Approach,
Boosting H2 Generation and CO2 Reduction

Published July 10, 2026  TechTrek  Germany

| overview

The Center for Advanced Systems Understanding (CASUS) at Helmholtz-Zentrum
Dresden-Rossendorf (HZDR) has developed an Al-driven computational approach,
combining machine learning, quantum chemical calculations, and high-throughput
screening, to discover solar fuel catalysts that efficiently convert sunlight into
chemical energy. This method focuses on sustainable recycling of noble metals and
integration with abundant materials like CO2, with experimental validation confirming

improved catalytic performance in hydrogen generation and CO2 reduction.
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Key Findings

The Center for Advanced Systems Understanding (CASUS) at Helmholtz-Zentrum
Dresden-Rossendorf (HZDR) has developed a novel Al-driven computational approach,
leading to the discovery of next-generation solar fuel catalysts capable of efficiently
converting sunlight into chemical energy. This innovative methodology accelerates the

search for sustainable catalyst materials that are less reliant on noble metals.

Technical / Clinical Details

The Al-driven computational approach developed by the CASUS research team
integrates machine learning models, high-accuracy quantum chemical calculations, and
large-scale virtual screening. First, machine learning models learn patterns influencing
catalytic performance from existing material databases, predicting promising structures
from millions of potential candidates. Next, quantum chemical calculations precisely
analyze the electronic structure and reaction mechanisms of these candidates at an
atomic level, providing accurate evaluations of catalytic activity and stability. Finally,
high-throughput screening techniques rapidly assess the efficiency of the selected
candidates. This process enabled the efficient identification of noble-metal-free catalyst
materials at a speed and scale impossible with traditional experimental methods.
Experimental validation confirmed that these Al-proposed catalysts demonstrate
significant performance improvements over conventional catalysts in both hydrogen
generation and CO2 reduction reactions, opening new avenues for sustainably

converting abundant materials like CO2 into useful chemical fuels.

Background & Context

Global warming and the energy crisis highlight the urgent need for sustainable energy
sources and fuel production technologies. While solar energy is abundant, developing
solar fuel catalysts that efficiently convert it into chemical energy remains a significant
technical challenge. Notably, many conventional solar fuel catalysts rely on scarce and
expensive noble metals (e.g., platinum, ruthenium), hindering their widespread adoption.
By integrating Al with computational science, it becomes possible to search for high-
performance catalysts based on cheaper and more abundant elements, anticipating

breakthroughs in this field.



Strategic Significance & Outlook

CASUS's discovery of Al-driven solar fuel catalysts holds the potential to profoundly
influence the future of clean energy technologies. Catalysts that reduce noble metal
usage and effectively utilize abundant resources like CO2 will enable cost-effective
hydrogen production and synthetic fuel manufacturing from CO2, contributing
significantly to energy sustainability. This approach is applicable not only to solar fuel
catalysts but also to catalyst design in other energy conversion materials and chemical
processes, expected to dramatically enhance R&D efficiency. If this technology achieves
industrial-scale implementation in the future, it could reduce reliance on fossil fuels and

serve as a powerful driving force towards achieving a carbon-neutral society.

Source: https://www.techtrekusa.com/post/ai-driven-discovery-of-solar-fuel-catalysts-the-future-of-

clean-energy
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#37 CatDT Unveils Autonomous Heterogeneous
Catalyst Discovery Digital Twin with High Accuracy
Against Experimental Data

Published July 10, 2026  Academic Journal  Global
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| overview

CatDT (Catalysis Digital Twin) has been presented as a high-fidelity, condition-aware
catalyst simulator for autonomous heterogeneous catalyst discovery. It integrates
gas-solid and liquid-solid modeling, leveraging innovations like UniMech for efficient
pathway discovery and memory-augmented reinforcement learning loops for
improved barrier calculations. CatDT's predictions on various gas-solid benchmarks
show excellent agreement with experimental data, indicating its potential to

accelerate catalyst design for new material classes.
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Key Findings

CatDT (Catalysis Digital Twin) has been introduced as a high-fidelity, condition-aware
catalyst simulator specifically designed for autonomous heterogeneous catalyst
discovery. This innovative digital twin demonstrates predictive capabilities that align with
experimental data with remarkable accuracy across multiple benchmarks, promising to

significantly accelerate the design of novel catalytic materials.

Technical / Clinical Details

CatDT achieves a comprehensive simulation of catalytic behavior under complex reaction
environments by seamlessly integrating modeling for gas-solid and liquid-solid
interfaces. The platform incorporates state-of-the-art Al technologies, notably UniMech
for efficient reaction pathway discovery and a memory-augmented reinforcement
learning loop to enhance the accuracy of reaction energy barrier calculations. UniMech
efficiently explores the most favorable pathways within vast reaction networks, while the
reinforcement learning loop, by learning from past computational results, enables more
reliable barrier calculations. CatDT has been validated against various gas-solid
benchmark systems (e.g., CO oxidation, ammonia synthesis), demonstrating excellent
agreement between its predictions and corresponding experimental data. This opens the
door to evaluating and optimizing catalytic performance theoretically, without the need

for extensive physical experimentation.

Background & Context

Heterogeneous catalysts are foundational to the chemical industry, indispensable for the
production of everything from pharmaceuticals and fuels to plastics and environmental
remediation. However, the discovery of new, high-performance catalysts has historically
been a time-consuming and costly process, heavily reliant on trial-and-error and
extensive experimentation. The application of digital twin technology, particularly with Al
and machine learning, to catalyst design offers the potential to overcome this bottleneck
and dramatically accelerate the discovery process. Tools like CatDT elevate
computational catalysis science to a new level, promoting the development of more

sustainable and efficient chemical processes.



Strategic Significance & Outlook

Autonomous catalyst discovery platforms like CatDT will play a pivotal role in
accelerating the design of catalysts for novel material classes. This enables the
development of catalysts customized for specific industrial requirements (e.g., high-
efficiency synthesis at low temperatures, specific selectivity) at an unprecedented speed.
In the future, by integrating CatDT with self-driving labs, fully automated workflows for
catalyst discovery, optimization, and scale-up could be realized, leading to
groundbreaking advancements in clean energy technologies, environmental catalysis,
and fine chemical production. This technology holds the potential to strengthen the
competitiveness of the chemical industry and contribute to achieving global

sustainability goals.

Source: https://arxiv.org/html|/2606.05050v2
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#38 arXiv: Framework Proposed to Convert
Unstructured Scientific Literature into Al-Ready
Knowledge Base for Accelerated Discovery

Published July 09, 2026  arXiv  Global

| overview

An arXiv preprint introduces an autonomous framework to transform unstructured
scientific literature into a unified, Al-ready scientific knowledge base, accelerating Al-
driven scientific discovery. The framework incrementally converts scientific
publications into structured, semantically consistent, and provenance-assured
knowledge suitable for Al-driven reasoning and inverse design. Its application to
electro-optical materials demonstrates autonomous literature acquisition and
validation, addressing limitations of Al's effectiveness due to the lack of structured

scientific knowledge.
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Key Findings

A novel autonomous framework for scientific knowledge generation has been proposed
to dramatically accelerate Al-driven scientific discovery. This framework enables the
automatic transformation of vast quantities of unstructured scientific literature into a

unified, semantically consistent scientific knowledge base directly usable by Al.

Technical / Clinical Details

This framework processes scientific publications through multiple stages. Initially, it
autonomously acquires relevant literature and extracts key concepts, relationships, and
experimental results from articles using natural language processing (NLP) and text
mining techniques. Subsequently, the extracted information is converted into structured
knowledge representations (e.g., graph databases, ontologies), ensuring the provenance
of each knowledge element (e.g., original paper, section). This allows Al to trace the basis
of the knowledge it utilizes. Furthermore, mechanisms for validating the consistency and
accuracy of the extracted knowledge are incorporated. In an application example
concerning electro-optical materials, the framework demonstrated its ability to
autonomously search, extract, and validate relevant information, efficiently building the
necessary knowledge for inverse design of new materials. This significantly enhances the
Al models' training for predicting material properties and their reasoning capabilities

when designing materials with specific functionalities.

Background & Context

In contemporary scientific research, an enormous number of papers are published daily,
making it impossible for humans to keep track of all of them. Al holds the potential to
solve this information overload challenge and accelerate new scientific discoveries, but
this requires 'structured knowledge' that Al can easily understand. However, most
scientific literature exists in unstructured text format, necessitating preprocessing for Al
to directly utilize it. This 'lack of structured scientific knowledge' has been a major
bottleneck limiting the effectiveness of Al. The proposed framework aims to resolve this
bottleneck, providing a foundation for Al to autonomously learn from scientific literature

and generate new insights.



Strategic Significance & Outlook

This autonomous scientific knowledge generation framework will significantly advance
Al-driven discovery across a wide range of scientific fields, including materials science,
biology, chemistry, and physics. Researchers will be freed from manual literature review
and data organization, allowing them to focus on higher-level reasoning and
experimental design. In the future, by integrating this knowledge base with 'self-driving
labs' and 'agent Al," there is potential to realize a cycle where Al autonomously forms
scientific hypotheses, plans, executes experiments, and discovers new knowledge with
minimal human intervention. This would be a powerful tool for solving complex societal
challenges such as new drug development, environmental technologies, and advanced

materials.

Source: https://arxiv.org/abs/2607.09806
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#39 arXiv: New ML Potential ‘TWIN' Achieves Ab Initio

Accuracy and Transferability in Biomolecular
Simulations

Published July 12, 2026  arXiv  Global

| overview

A new arXiv preprint introduces TWIN (Transferable Water Implicit Network), a highly
transferable implicit solvent machine-learning potential (MLP) for biomolecular
systems. TWIN, trained solely on ab initio and experimental data using an Equivariant
Graph Neural Network, achieves high transferability and ab initio accuracy across
drug-like molecules, peptides, and proteins, outperforming previous ML-based
implicit solvent models. This advance addresses MLP inference time limitations in

large-scale biomolecular simulations, making real-world applications more practical.
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Key Findings

An innovative implicit solvent machine learning potential (MLP) named 'TWIN'
(Transferable Water Implicit Network) has been developed for biomolecular systems,
achieving accuracy comparable to ab initio calculations and demonstrating high
transferability. TWIN is poised to dramatically enhance the computational efficiency and

precision of large-scale biomolecular simulations.

Technical / Clinical Details

TWIN leverages a cutting-edge deep learning architecture called an Equivariant Graph
Neural Network, trained exclusively on ab initio and experimental data. This training
methodology enables TWIN to consistently exhibit high transferability across diverse
biomolecules, including drug-like molecules, peptides, and proteins. This means the
model can be applied to various biomolecular systems without needing to reconstruct a
specialized model for each molecular species. Compared to previous ML-based implicit
solvent models, TWIN achieves superior accuracy, providing results very close to ab initio
calculations. Critically, in large-scale biomolecular simulations, explicitly treating solvent
molecules leads to immense computational costs. TWIN, as an implicit solvent model,
significantly reduces this computational overhead. This advancement overcomes
previous inference time limitations inherent in MLPs, making a wide range of
biomolecular applications—such as drug design, protein structure prediction, and

biocatalytic reaction analysis—more practically viable in real-world scenarios.

Background & Context

Accurate simulations of biomolecular systems (e.g., drug-target protein interactions,
enzymatic reactions) are paramount in pharmaceutical development, biotechnology, and
life science research. However, the profound influence of the solvent environment
(water) on molecular behavior and accurately modeling it has been a long-standing
challenge in computational science. While ab initio calculations offer high precision,
accounting for all solvent molecules is too computationally intensive. Classical molecular
dynamics, though efficient, struggles to accurately describe quantum mechanical
interactions. MLPs are expected to bridge this gap by offering both accuracy and

efficiency.



Strategic Significance & Outlook

Transferable and high-accuracy implicit solvent MLPs like TWIN have the potential to
revolutionize computational biology, computational chemistry, and the pharmaceutical
industry. In drug design, they can enable faster and more accurate optimization of lead
compounds and prediction of binding affinities, contributing to reduced development
times and costs. Furthermore, by deepening the understanding of complex protein
folding behaviors and dynamics, TWIN can aid in identifying new therapeutic targets and
elucidating biological processes. TWIN has laid a crucial foundation for MLPs to become

a more central and practical tool in biomolecular simulations.

Source: https://arxiv.org/abs/2607.10887
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#40 Al Reshapes Chemical Engineering: From Reaction
Design to Smart Manufacturing, Accelerating R&D with
Closed-Loop Autonomous Labs

Published July 11, 2026  EurekAlert!  Global
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| overview

Al is fundamentally reshaping chemical engineering, from reaction design to smart
manufacturing. Foundation models pre-trained on extensive chemical datasets are
adapted for property prediction and novel molecule generation. Closed-loop
autonomous labs, combining Al-driven proposals with robotic synthesis and testing,
dramatically accelerate R&D cycles, enabling rapid virtual screening of vast chemical

libraries and proposing new candidate materials, thus fostering innovation.
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Key Findings

Artificial Intelligence (Al) is fundamentally restructuring the field of chemical engineering,
driving transformative changes from reaction design to smart manufacturing. The
introduction of Al-driven autonomous labs, in particular, represents a groundbreaking

achievement that dramatically accelerates the research and development (R&D) cycle.

Technical / Clinical Details

Foundation models, pre-trained on extensive chemical datasets, are effectively adapted
for complex tasks such as predicting molecular properties and generating novel
molecules. These models learn the deep relationships between chemical structure and
function, providing new chemical insights that were previously difficult for humans to
discover. Furthermore, 'closed-loop autonomous labs," which combine Al-driven
proposal systems with robotic synthesis and testing platforms, fully automate the
research process. Al autonomously proposes promising molecular structures or reaction
conditions, robots synthesize them, analytical instruments evaluate their performance,
and Al learns from these results to determine the next optimization step, in a continuous
cycle. This accelerates the virtual screening of vast chemical libraries and enables the
proposal of new candidate materials at an unprecedented pace. For instance, the time
required to discover polymers or catalysts with specific functionalities could be

shortened from months to years.

Background & Context

Chemical engineering forms the bedrock of modern society's essential products,
including pharmaceuticals, energy materials, plastics, and electronic components.
However, developing new products has historically been a highly complex and costly
endeavor, consuming extensive time and resources for myriad experiments, safety tests,
and process optimizations. Traditional trial-and-error approaches limited the speed of
innovation, and in an era of increasing environmental regulations and intense market
competition, more efficient development methods became imperative. The integration

of Al and robotics offers a powerful solution to this long-standing challenge.



Strategic Significance & Outlook

The impact of Al on chemical engineering is immeasurable. The widespread adoption of
closed-loop autonomous labs will accelerate the discovery of new drugs, the
development of high-performance materials, and the design of sustainable chemical
processes across the pharmaceutical, materials science, and energy sectors. This will lead
to shorter development times, reduced R&D costs, and the exploration of previously
uncharted chemical spaces. In the future, 'smart chemical plants,' where Al manages
chemical process design, optimization, manufacturing, and quality control holistically, are
expected to materialize, dramatically boosting overall industrial productivity and
competitiveness. This will serve as a powerful driving force towards achieving a

sustainable society.

Source: https://www.eurekalert.org/news-releases/1135768
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#41 Argonne National Lab Advances Autonomous
Scientific Discovery with Al-Driven Robotics,
Accelerating Development Cycles via 'RAPID’ Lab

Published July 15, 2026  Argonne National Laboratory ~ USA

| overview

Argonne National Laboratory is pioneering autonomous scientific discovery through
Al-driven robotics, aiming to revolutionize experiments in biology, chemistry, and
materials science. Its 'Robotic Autonomous Platforms for Innovative Discovery
(RAPID)' lab integrates Al to propose candidate materials, which robotic systems then
synthesize and test. This closed-loop system dramatically accelerates research
breakthroughs by shortening the slow trial-and-error cycle inherent in traditional

materials discovery.
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Key Findings

Argonne National Laboratory is leading a groundbreaking initiative to advance
autonomous scientific discovery through the integration of artificial intelligence (Al) and
robotics. This approach is set to fundamentally revolutionize experimental processes in
biology, chemistry, and materials science, thereby dramatically accelerating discovery

cycles.

Technical / Clinical Details

The 'Robotic Autonomous Platforms for Innovative Discovery (RAPID)' lab at Argonne
National Laboratory serves as a central hub for merging Al with cutting-edge robotics. In
this lab, Al analyzes historical data, simulation results, and scientific knowledge to
propose promising candidate materials with specific functionalities. Subsequently, these
proposed materials are rapidly synthesized by automated robotic systems, and subjected
to various tests for precise characterization. This entire process operates in a closed loop:
experimental results are fed back into the Al models in real-time, which then inform the
next optimization steps. This autonomous learning and execution cycle significantly
reduces the time and cost associated with traditional human-driven trial-and-error
processes for materials discovery. For instance, the discovery cycle for specific catalysts

or battery materials can be shortened from months to mere weeks.

Background & Context

Scientific discovery, particularly in novel materials development, is a time and resource-
intensive process involving the exploration of an immense number of possibilities to find
optimal solutions. Traditional laboratory work has heavily relied on the expertise of
researchers and manual experimentation, which inherently limits the speed of progress.
Autonomous labs, combining Al and robotics, address this bottleneck by offering a new
paradigm for scientific research capable of tackling more complex problems. This trend
is accelerating across leading research institutions worldwide, positioned as a critical

strategy to expand the frontiers of science.



Strategic Significance & Outlook

Argonne National Laboratory's RAPID lab stands at the forefront of autonomous
scientific discovery, poised to have an immeasurable impact on the field of materials
science. This technology will accelerate breakthroughs addressing major societal
challenges, including new drug development, energy storage materials, specialized
materials required for quantum computing, and environmental technologies. In the
future, such autonomous labs are expected to become standard, fostering an
environment where scientists can focus on higher-level hypothesis generation and
theoretical inquiry. This will enable discoveries previously deemed impossible, ushering

in a new era of scientific and technological innovation.

Source: https://www.anl.gov/article/inside-argonnes-push-toward-autonomous-scientific-discovery
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#42 ACS Publications Reviews Evolution of Self-Driving
Microscopy: Accelerating Nanoscale Research and
Synthetics Integration

Published July 15,2026  Accounts of Chemical Research - ACS Publications  USA

| overview

This paper reviews the evolution of Self-Driving Microscopy (SDM), transitioning from
automated to fully autonomous systems by integrating Al and machine learning. SDM
accelerates scientific research, particularly for nanoscale phenomena and structures,
by closing the loop between data acquisition, analysis, and experimental control.
Integrating SDM with autonomous synthesis systems opens the possibility of a
distributed network experimental ecosystem linking characterization and synthesis,

accelerating novel material discovery and realization.



| N DEPTH

Key Findings

The evolution of Self-Driving Microscopy (SDM) has been comprehensively reviewed,
highlighting its transition from merely automated systems to fully autonomous closed-
loop systems, driven by the integration of Al and machine learning. This advancement is

set to dramatically accelerate scientific research, particularly at the nanoscale.

Technical / Clinical Details

SDM leverages Al algorithms to autonomously execute data acquisition (e.g., optimizing
scan paths, selecting regions of interest), real-time analysis (e.g., image recognition,
pattern detection), and dynamic adjustment of experimental conditions based on the
results. This allows researchers to explore nanoscale phenomena and material properties
more efficiently and accurately, with minimal manual intervention. For instance, to
elucidate the formation mechanism of specific nanostructures, Al can adjust microscope
scan parameters, acquire optimal image data, analyze it on the fly, and determine the
next observation point. This closed-loop control significantly reduces the time and effort
traditionally required for microscope operation, alleviating research bottlenecks.
Furthermore, the review discusses the potential of integrating SDM with autonomous
synthesis systems, which would enable a distributed network experimental ecosystem
where material characterization and synthesis are tightly linked, accelerating the entire

process from novel material discovery to practical application.

Background & Context

In materials science, especially nanotechnology, understanding the correlation between
material structure and properties at the nanoscale is paramount. However, high-
resolution microscopes like traditional Scanning Probe Microscopes (SPM) require
delicate operation by skilled operators and manual analysis of vast amounts of data,
limiting the pace of research. Advancements in Al and machine learning have overcome
this challenge, paving the way for microscopes to evolve into 'self-driving' systems that
autonomously learn, explore, and optimize. This enables breakthroughs across a wide

range of fields, from fundamental science to industrial applications.



Strategic Significance & Outlook

The evolution of Self-Driving Microscopy (SDM) will continue to expand the frontiers of
nanomaterials research. Applications are particularly anticipated in fields where
microstructures critically influence function, such as quantum materials, catalysts,
nanoelectronics, and biomedical materials. The integration of SDM with autonomous
synthesis systems is one of the ultimate goals of Al-driven materials discovery, further
accelerating the realization of 'self-driving labs.' This ecosystem will seamlessly connect
the design, optimization, and manufacturing of new functional materials, dramatically
increasing the pace of scientific discovery and is projected to contribute to solving major

societal challenges related to energy, environment, and healthcare.

Source: https://pubs.acs.org/doi/10.1021/acs.accounts.6c00273
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#43 University of Toronto's Al Autonomous Lab
Discovers Six New 3D-Printable Metal Alloys,
Outperforming Inconel 625 in Weeks, for Aerospace
and Advanced Manufacturing

Published July 16, 2026  Acceleration Consortium - University of Toronto / U of T Engineering

News Canada
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| overview

Researchers at the University of Toronto's Acceleration Consortium used an Al-driven
autonomous lab to discover six new 3D-printable metal alloys that maintain strength
under extreme conditions. This active learning approach combines computer
modeling, machine learning, and robot-assisted manufacturing to rapidly identify
promising alloy compositions. In just weeks, new alloys were found, including some
outperforming Inconel 625 in oxidation resistance, demonstrating the efficacy of

closed-loop discovery for complex materials.



| N DEPTH

Key Findings

A research team at the University of Toronto's Acceleration Consortium has leveraged an
Al-driven autonomous self-driving lab (SDL) to discover six novel 3D-printable metal
alloys that exhibit exceptional strength under extreme conditions. This breakthrough
demonstrates the potential to dramatically shorten the discovery cycle for complex new

materials from years to just weeks.

Technical / Clinical Details

This discovery was achieved through an 'active learning' approach. The team first
employed computer modeling and machine learning algorithms to predict the most
promising candidates from millions of possible alloy compositions. Subsequently, a
robot-assisted manufacturing system, such as a 3D printer, rapidly synthesized and
produced these candidate alloys. An automated testing system then evaluated
properties such as high-temperature resistance and oxidation resistance. The evaluation
results were fed back to the Al model in real-time, allowing the Al to continuously learn
and propose the next optimized alloy composition in a closed-loop iterative cycle. This
highly efficient process led to the identification of six new metal alloys in a remarkably
short period of just weeks. Notably, some of these new alloys even surpassed Inconel
625, a high-performance alloy widely used in the aerospace industry, in terms of
oxidation resistance. This clearly demonstrates the extreme effectiveness of Al and

autonomous labs in exploring complex material systems.

Background & Context

In sectors such as aerospace, defense, and advanced manufacturing, there is a constant
and growing demand for high-performance materials that are lightweight yet capable of
withstanding extreme environments (high temperatures, high pressures, corrosive
atmospheres). While the evolution of 3D printing technology has broadened the
possibilities for developing new alloys by enabling the efficient manufacturing of
complex geometries, the process of discovering optimal alloy compositions remained a
significant bottleneck. Traditional alloy development relied heavily on extensive
experimentation and trial-and-error, typically requiring 10 to 20 years for a new alloy to
reach practical application. Al-driven autonomous labs are anticipated as a game-

changing solution to resolve this bottleneck and enable faster innovation.



Strategic Significance & Outlook

The research findings from the University of Toronto hold the potential to profoundly
transform the future of metal alloy development. This Al-driven active learning approach
will accelerate the discovery of high-performance 3D-printable materials across a wide
range of fields, including next-generation engine components and lightweight structures
in the aerospace industry, high-performance components in the automotive industry,
and heat-resistant materials in the nuclear industry. The dramatic reduction in
development time will provide a competitive advantage for companies and accelerate
the market introduction of new products. In the future, such autonomous labs are
expected to become the standard for materials science research, enabling the design
and discovery of materials previously deemed impossible, thereby driving innovation

across industries.

Source: https://acceleration.utoronto.ca/news/self-driving-lab-leverages-ai-to-develop-tough-new-3d-

printable-metal-alloys-for-aerospace-and-advanced-manufacturing
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#44 NVIDIA and Key Japanese Partners Leverage
Nemotron to Accelerate Localized Al Models and
Materials R&D Agent Al Workflows

Published July 15, 2026  Quiver Quantitative Japan

| overview

NVIDIA announced that Japanese companies and research institutions, including
ENEOS Holdings and Tokyo University of Science, are developing localized Al
applications using NVIDIA Nemotron open models. ENEOS Holdings, in particular, is
advancing agent Al workflows for energy and materials R&D, accelerating material
discovery for applications like immersion cooling fluids and advanced catalysts,
utilizing Nemotron, Al-Q Blueprint, and ALCHEMI NIM microservices. This initiative

aims to foster Japan's open Al ecosystem and promote innovation.



| N DEPTH

Key Findings

NVIDIA has announced that leading Japanese companies and research institutions,
including ENEOS Holdings and Tokyo University of Science, are utilizing its open model
'‘NVIDIA Nemotron' to develop localized Al models and applications. This collaboration is
set to particularly accelerate innovation in agent Al workflows within the energy and

materials R&D sectors.

Technical / Clinical Details

NVIDIA Nemotron provides high-performance large language models (LLMs) and
inference frameworks, enabling partner companies to develop specialized Al models for
specific applications. ENEOS Holdings is building and evolving agent Al workflows for
energy and materials R&D by combining Nemotron with NVIDIA Al-Q Blueprint and
ALCHEMI NIM microservices. This agent Al is designed to automate material discovery
processes, accelerating the identification of next-generation materials such as immersion
cooling fluids and advanced catalysts. Specifically, the Al learns from vast experimental
and simulation data to propose new material compositions and manufacturing
processes. Robotic systems then validate these proposals, feeding the results back to the
Al in an efficient closed-loop exploration cycle. Tokyo University of Science is also

leveraging Nemotron to further advance Al-driven catalyst design.

Background & Context

Japan boasts strengths in manufacturing with abundant on-site data and a robust supply
chain for computational resources, including semiconductors. The government's Second
Al Basic Plan also promotes 'Al Transformation (AX)," integrating Al into manufacturing,
services, and infrastructure to accelerate economic growth. The partnership between
NVIDIA and its Japanese partners aligns with this national strategy, playing a crucial role
in strengthening domestic Al development capabilities and enhancing international
competitiveness in energy efficiency and new material development. Agent Al, in
particular, is gaining attention as a key to autonomous complex scientific discovery

processes.



Strategic Significance & Outlook

This collaboration involving NVIDIA Nemotron and Japanese partners will significantly
foster Japan's open Al ecosystem and promote productivity and innovation across
industries. High-efficiency cooling technologies like immersion cooling fluids will
contribute to reducing energy consumption in data centers, while advanced catalysts will
improve the efficiency of the chemical industry and reduce environmental impact. These
advancements in Al-driven materials discovery have the potential to reinforce Japan's
technological leadership and contribute to solving global environmental and energy
issues. In the future, agent Al is expected to further autonomize many scientific discovery

processes, accelerating a paradigm shift in research and development.

Source:

https://www.quiverquant.com/news/NVIDIA+and+Japanese+Partners+Adopt+Nemotron+to+Develop+Localiz
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#45 D-Wave Unveils Superconducting Gate-Model
Quantum Computing Platform to Accelerate Quantum
Chemistry and Materials Science

Published July 16, 2026 D-Wave Canada

| overview

D-Wave announced the development of a gate-model quantum computing platform
to complement its annealing systems, aiming to expand the range of complex
problems solvable. Based on a superconducting architecture, this technology is
designed for high-fidelity and high-speed operations with native error detection
capabilities. Use cases include quantum chemistry, molecular R&D, materials science,
catalyst design, and advanced material simulations, with a roadmap focused on

achieving fault tolerance.



| N DEPTH

Key Findings

D-Wave, a pioneer in quantum computing, has announced the development of an
innovative gate-model quantum computing platform, designed to complement its
existing annealing systems. This new platform aims to significantly broaden the scope of

complex problems that can be addressed by quantum computation.

Technical / Clinical Details

D-Wave's new gate-model platform is engineered based on a superconducting
architecture and integrates native error detection capabilities to achieve high-fidelity and
high-speed quantum operations. This represents a crucial advancement in addressing
the pervasive issues of noise and errors that challenge conventional quantum computers.
Gate-model quantum computing employs a different computational approach than
annealing systems, allowing for the implementation of more general-purpose quantum
algorithms. Potential use cases for this platform include quantum chemistry calculations
(e.g., precise analysis of molecular electronic states), molecular R&D (e.g., design of new
drug candidates), materials science (e.g., design of materials with novel properties),
catalyst design, and advanced material simulations. D-Wave has outlined a clear
roadmap towards achieving fault-tolerant quantum computing as its ultimate goal. Early
prototypes demonstrate excellent coherence times and gate fidelity with a limited

number of qubits, indicating strong potential for future scalability.

Background & Context

Quantum computing holds the potential to solve certain computational problems
exponentially faster than existing supercomputers, problems that are currently
intractable. The ability to quantum-mechanically simulate the behavior of molecules and
materials, in particular, is expected to revolutionize fields such as chemistry, materials
science, and pharmaceuticals. D-Wave has historically specialized in quantum annealing,
but its entry into the gate-model space marks a strategic pivot to address a wider range
of quantum algorithms and applications. This move positions D-Wave to meet diverse

user needs and further drive the industrial adoption of quantum computing.



Strategic Significance & Outlook

D-Wave's gate-model quantum computing platform will serve as a powerful tool to
accelerate research and development in quantum chemistry and materials science. A
high-fidelity system with error detection capabilities will enable more accurate molecular
simulations, contributing to the discovery of new drugs, the design of innovative
materials, and the development of efficient catalysts. The roadmap towards achieving
fault tolerance ultimately aims for the realization of large-scale, reliable quantum
computers, which are expected to unlock scientific breakthroughs and industrial
innovations currently beyond imagination. D-Wave's initiative is set to stimulate
competition and technological advancement across the entire quantum computing

industry.

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

computing/

Collected: July 17, 2026 | Automated Research System (Gemini API)


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

#46 University of Ottawa Develops Photonic Simulator
Running Over 300 Quantum Processes with Light,
Accelerating Quantum Materials Prototyping

Published July 15, 2026  Quantum Zeitgeist Canada

Accelsated quantim
tertals

| overview

Researchers at the University of Ottawa and the Nexus for Quantum Technologies
Institute have developed a groundbreaking photonic simulator capable of executing
over 300 distinct quantum processes using light. This platform offers a new method
for modeling complex material behaviors without relying on traditional electronics
and allows for experimental reconfiguration via software updates. It enables the
simulation of particle movement in complex geometries, providing insights for

advanced quantum materials and future technology prototyping.



| N DEPTH

Key Findings

Researchers at the University of Ottawa and the Nexus for Quantum Technologies
Institute have developed a state-of-the-art photonic simulator capable of faithfully
replicating over 300 distinct quantum processes using light. This technology represents a
revolutionary advancement in the prototyping of quantum materials and next-

generation technologies.

Technical / Clinical Details

This photonic simulator recreates complex quantum phenomena by manipulating and
measuring the quantum states of photons. Unlike conventional electronic circuit-based
quantum simulators, this platform leverages light, allowing for longer coherence times
and enhanced robustness against external noise. Most notably, its flexibility allows
researchers to reconfigure experimental setups via software updates without modifying
the physical hardware. This capability enables rapid exploration of a wide range of
material properties and quantum mechanical interactions. The system can accurately
simulate particle movement in complex geometries, such as the behavior of electrons in
new superconductors or topological materials. This deepens the understanding of
quantum material design principles and provides critical insights for prototyping future

quantum devices, including quantum sensors and quantum computers.

Background & Context

Quantum materials science focuses on discovering materials with unprecedented
functionalities, such as superconductivity, the quantum Hall effect, and topological
phases. However, the quantum mechanical behaviors of these materials are extremely
complex, making it challenging to fully understand them using conventional
computational or experimental methods. Quantum simulators are highly anticipated as
powerful tools for elucidating such complex problems, with light-based photonic
quantum technologies drawing significant attention due to their high scalability and
noise immunity. The University of Ottawa's achievement establishes its global leadership
in this field.



Strategic Significance & Outlook

The University of Ottawa's photonic simulator will dramatically accelerate the design and
discovery process of quantum materials. Its ability to reproduce over 300 quantum
processes enables the exploration of unknown quantum phases and a deeper
understanding of more complex quantum phenomena. This technology will drive
fundamental research essential for developing next-generation high-performance
quantum sensors, quantum communication systems, and ultimately, practical fault-
tolerant quantum computers. The flexibility to customize experiments via software
without hardware reconfiguration significantly enhances research efficiency, expected to
dramatically increase the pace of scientific discovery. This marks a critical step towards

expanding the societal impact of quantum technologies.

Source: https://quantumzeitgeist.com/uottawa-photonic-simulator-runs-university-ottawas/
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#47 GPUMD 4.0 Achieves High-Performance Versatile

Materials Simulations with Integrated Machine-
Learned Potentials

Published July 11,2026  Materials Genome Engineering Advances  Global

| overview

The high-performance molecular dynamics package GPUMD 4.0 has been released,
integrating advanced machine-learning potentials (MLPs) based on the
NeuroEvolution Potential (NEP) framework. GPUMD 4.0 aims to provide highly
efficient atomic simulations and accurate MLPs for versatile materials simulations. The
article reviews its development history, theoretical foundations, supported
integrators, computable physical properties, and various applications, highlighting its

utility in computational chemistry, physics, and materials science.



| N DEPTH

Key Findings

The high-performance molecular dynamics (MD) package GPUMD 4.0 has been released,
integrating advanced machine-learning potentials (MLPs) based on the NeuroEvolution
Potential (NEP) framework. GPUMD 4.0 sets a new standard for versatile materials
simulations by combining highly efficient atomic simulations with MLPs that boast

excellent accuracy.

Technical / Clinical Details

GPUMD 4.0 is designed to maximize the parallel computing capabilities of GPUs,
enabling orders-of-magnitude faster calculations compared to conventional CPU-based
MD simulators. A core feature is the integration of MLPs based on the NEP framework.
NEP is a potential model designed to achieve the computational efficiency of classical
molecular dynamics while maintaining the accuracy of ab initio calculations. GRUMD 4.0
supports various integrators (e.g., NVE, NVT, NPT ensembles) and enables the calculation
of a wide range of physical properties (e.g., thermal conductivity, elastic constants,
diffusion coefficients). This allows researchers to accurately simulate the behavior of
diverse material systems at the atomic level, including metals, semiconductors, ceramics,
polymers, and biomolecules. For example, it can address challenges previously difficult
with traditional MD, such as phase transformations and defect behavior in complex

alloys, or performance optimization of thermoelectric materials.

Background & Context

In materials science, understanding material behavior at the atomic level is indispensable
for designing and developing new functional materials. MD simulations are powerful
tools for deepening this understanding, but traditional interatomic potentials (e.g.,
empirical potentials) had limitations in accuracy, and ab initio calculations were too
computationally expensive. The advent of MLPs resolved this trade-off, revolutionizing
computational materials science by providing both accuracy and efficiency. The
integration of MLPs into high-performance MD packages like GPUMD further accelerates

this innovation, making advanced simulation techniques accessible to more researchers.



Strategic Significance & Outlook

GPUMD 4.0 provides a powerful new tool for researchers in computational chemistry,
physics, and materials science. Its high performance and MLP integration will accelerate
the development of a wide range of advanced materials, including next-generation
battery materials, catalysts, high-performance structural materials, and semiconductor
devices. In particular, the evolution of GPUs and the maturation of MLP technologies like
NEP are dramatically expanding the system size and time scales that can be simulated,
enabling more realistic and complex material behavior predictions. This is expected to
contribute to shorter time-to-market for new products and reduced development costs,

forming a foundation for driving innovation across industries.

Source: https://materialsmodeling.org/publications/2025-GPUMD-4.0-A-high-performance-molecular-

dynamics-package-for-versatile-materials-simulations-with-machine-learned-potentials/
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#48 OSTI.GOV: Al and Autonomous Labs Revolutionize
Metal-Organic Framework (MOF) Discovery,
Streamlining Synthesis to Evaluation

Published July 15, 2026  OSTI.GOV ~ USA

| overview

This perspective highlights Al's role in revolutionizing Metal-Organic Framework
(MOF) discovery by integrating Al with automated high-throughput (HT)
technologies. It discusses how autonomous labs, combined with Large Language
Models, will transform MOF research, enabling materials to be designed, synthesized
efficiently, characterized, and evaluated for specific applications. The goal is to create

a future MOF laboratory that leverages Al for rapid and targeted discoveries.
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Key Findings

An innovative approach integrating artificial intelligence (Al) with automated high-

throughput (HT) technologies has been proposed to revolutionize the discovery process
of Metal-Organic Frameworks (MOFs). This promises to dramatically streamline the cycle
from MOF design to synthesis, characterization, and evaluation, enabling rapid discovery

of materials optimized for specific applications.

Technical / Clinical Details

This perspective details how the combination of autonomous self-driving labs (SDLs) and
Large Language Models (LLMs) will transform MOF research. LLMs will serve as the
‘thinking' core, extracting knowledge about MOF synthesis conditions and structure-
function relationships from vast scientific literature and databases to propose new MOF
design candidates. Simultaneously, SDLs will autonomously synthesize Al-proposed
candidate materials and conduct high-throughput characterization, including X-ray
diffraction, adsorption tests, and catalytic performance evaluations. This closed-loop
system allows Al to learn from experimental results and plan and execute the next
optimization cycle, significantly accelerating the pace of MOF discovery compared to
traditional human-driven trial-and-error processes. For example, MOFs with specific
functionalities, such as CO2 capture, hydrogen storage, or catalytic reactions, can be

identified and optimized in much shorter timeframes.

Background & Context

MOFs, with their high porosity, tunable pore structures, and diverse compositions, are
next-generation materials expected to have wide-ranging applications in gas storage
and separation, catalysis, sensors, and drug delivery. However, their immense
combinatorial possibilities (due to the variety of metal nodes and organic linkers) have
made experimental discovery of optimal MOFs extremely challenging, representing a
time-consuming and costly bottleneck. Advances in Al and automation technologies are
emerging as indispensable tools to efficiently navigate this exploration space and

accelerate MOF discovery.



Strategic Significance & Outlook

The creation of MOF laboratories integrating Al and autonomous labs signifies a
paradigm shift in MOF research. This will allow researchers to dedicate more time to
leveraging the deep insights provided by Al and tackling complex problem-solving. In
the future, this Al-driven approach will enable rapid and targeted discoveries,
contributing to solving major societal challenges related to new energy materials,
environmental technologies, and precision chemical production. This technology is
expected to play a crucial role in accelerating the commercialization of MOFs and

bringing new value to industries.

Source: https://www.osti.gov/servlets/purl/3370420
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