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This Week in 90 Seconds EXECUTIVE SUMMARY
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Materials Informatics: the boundary moved from
isolated claims to qualification evidence
12 English articles were reviewed independently from the Japanese edition. Ten themes are retained for management
decisions.

SIGNAL 01 | DATA CAPTURE

ML Interatomic Potentials: DocShare 2026
accuracy explained
A study published on DocShare identified a consistent '
systematic softening' in the potential energy surfaces (PES) 
of universal machine-learned interatomic potentials (uMLIPs) 
such as M3GNet, CHGNet, and MACE-MP-0.

SIGNAL 02 | MODELING

Co-Based Superalloys: ML-driven 15%
solvus temperature boost 2026
This study introduces a physics-guided machine learning 
framework for the inverse design of Co-based superalloys, 
successfully identifying new alloy compositions that enhance 
the γ' solvus temperature by up to 15% while considering 
alloy density.

SIGNAL 03 | CANDIDATE DESIGN

MLIP training: Small-dataset strategy for
0.3 eV error in 2026
A preprint on arXiv proposes a novel training scheme for
machine-learned interatomic potentials (MLIPs) to accelerate
point defect simulations.

SIGNAL 04 | EXPERIMENT

Tianjin University: AI-driven γ-Al2O3
catalyst design explained
Researchers at Tianjin University identified two novel, more
stable defect-rich low-energy structures of γ-Al2O3 (γ-NAV
and γ-AV) using a neural network-guided global optimization
strategy and high-dimensional machine learning interatomic
potentials.

DECISION

Focus this week's management attention on closed-loop learning from data quality to 
experimentally validated material performance. Move only when the linked evidence can 
be reproduced under your own operating conditions.

THREE MANAGEMENT MOVES
1. Buyers: select high-value decisions where data lineage and experimental feedback can be measured.
2. Suppliers: provide machine-readable composition, process, test conditions, uncertainty and failure data.
3. Executives: track dataset bias, reproducibility, IP, model transfer, experiment cost and adoption.

EVIDENCE DISCIPLINE
FACT states what the collected English source reports. BUSINESS READ and ACTION are editorial interpretations. UNKNOWN lists
information that the source file does not establish. A linked article is not treated as independent confirmation of every claim.



Five Evidence Anchors SOURCE-BOUND METRICS
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Five numbers or evidence anchors that require conditions

15%
A09

SOURCE-BOUND CONDITION

This study introduces a physics-guided machine learning framework for the inverse design 
of Co-based superalloys, successfully identifying new alloy compositions that enhance the 
γ' solvus temperature by up to 15% while.

90%
A08

SOURCE-BOUND CONDITION

This arXiv study introduces UFO-MGen, a flow-based universal generative model that
learns topological features of Wyckoff representations, achieving over 90% success rate in
crystal generation.

100 milli
on

A02

SOURCE-BOUND CONDITION

This technological synergy enabled ENEOS to efficiently evaluate 100 million candidate
catalyst structures using AI-driven atomic simulations.

P04
A01

SOURCE-BOUND CONDITION

Researchers at Tianjin University identified two novel, more stable defect-rich low-energy
structures of γ-Al2O3 (γ-NAV and γ-AV) using a neural network-guided global optimization
strategy and high-dimensional machine.

P05
A08

SOURCE-BOUND CONDITION

This arXiv study introduces UFO-MGen, a flow-based universal generative model that
learns topological features of Wyckoff representations, achieving over 90% success rate in
crystal generation.

HOW TO USE THESE NUMBERS
Each value is shown with the condition stated in the collected English article. Do not compare values across
different test methods, device sizes, operating temperatures or commercial stages without normalizing those
conditions.



Where the Value Chain Moved VALUE CHAIN / EVIDENCE
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Where the value chain moved
Each stage combines one leading theme and one supporting theme. The report treats handoffs as evidence transfers,
not decorative arrows.

1

Data capture
P01/P06

A study published on 
DocShare identified a 
consistent 'systematic 
softening' in the 
potential energy 
surfaces (PES) of.

2

Modeling
P02/P07

This study introduces
a physics-guided
machine learning
framework for the
inverse design of
Co-based superalloys.

3

Candidate
design
P03/P08

A preprint on arXiv
proposes a novel
training scheme for
machine-learned
interatomic potentials
(MLIPs) to accelerate
point.

4

Experiment
P04/P09

Researchers at Tianjin
University identified
two novel, more
stable defect-rich
low-energy structures
of γ-Al2O3 (γ-NAV and.

5

Scale & gover
nance
P05/P10

This arXiv study
introduces UFO-MGen,
a flow-based universal
generative model that
learns topological
features of Wyckoff.

EVIDENCE REQUIRED AT EACH HANDOFF

Data capture to Modeling Transfer test conditions, acceptance criteria, failure data, owner and decision date.
Recheck dataset bias, reproducibility, IP, model transfer, experiment cost and adoption.

Modeling to Candidate design Transfer test conditions, acceptance criteria, failure data, owner and decision date.
Recheck dataset bias, reproducibility, IP, model transfer, experiment cost and adoption.

Candidate design to Experiment Transfer test conditions, acceptance criteria, failure data, owner and decision date.
Recheck dataset bias, reproducibility, IP, model transfer, experiment cost and adoption.

Experiment to Scale & governance Transfer test conditions, acceptance criteria, failure data, owner and decision date.
Recheck dataset bias, reproducibility, IP, model transfer, experiment cost and adoption.

COMMON CONTROL POINT

No theme moves to a commercial commitment until a named owner has reproduced the
relevant evidence and documented dataset bias, reproducibility, IP, model transfer,
experiment cost and adoption.



Priority Map MATURITY / NEXT DECISION LOCUS
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Priority map: maturity and next decision locus

Next decision locus (categories)

Deployment maturity →

Research Prototype Joint eval. Adoption Scale

Tech / process

System / adoption

Business / rules

P01

P02

P03

P04P05

P06

P07

P08

P09

P10

P01 ML Interatomic Potentials: DocShare
2026 accuracy explained
Tech / process | cue: no
system/business cue

P02 Co-Based Superalloys: ML-driven
15% solvus temperature boost 2026
Tech / process | cue: no
system/business cue

P03 MLIP training: Small-dataset
strategy for 0.3 eV error in 2026
Tech / process | cue: no
system/business cue

P04 Tianjin University: AI-driven γ-Al2O3
catalyst design explained
Tech / process | cue: no
system/business cue

P05 UFO-MGen explained: Flow-based
generative model for crystals 2026
Tech / process | cue: no
system/business cue

P06 MIT 3D Generative AI:
Text-to-physical object specs for
2026
System / adoption | cue: system

P07 NVIDIA ALCHEMI: ENEOS catalyst
discovery specs and 100M tests
System / adoption | cue: integrating

P08 UCB-Bandit & LLM: Bayesian 
optimization for materials design 
2026
Business / rules | cue: acquisition

P09 MLIPs: Truncated Automatic Sparse
Differentiation efficiency specs
System / adoption | cue: order

P10 ML Interatomic Potentials: Quantum
computing data bridge explained
Business / rules | cue: fid

REPRODUCIBLE POSITIONING RULE
Horizontal position uses five discrete stages: Research, Prototype, Joint evaluation, Product adoption and Scale. The vertical
bands classify the next decision locus: Tech / process, System / adoption, or Business / rules (including supply systems).
Article-title cues take precedence; the overview is used only when the title is silent. These are categories, not impact ranks. Bubble
diameter reflects the editorial score.



Priority Themes 01-02 FACT / READ / ACTION / UNKNOWN
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FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P01 ML Interatomic Potentials: DocShare 2026 accuracy explained

A12 | Data capture | Research Date not stated

FACT
A study published on DocShare identified a consistent '
systematic softening' in the potential energy surfaces (PES) 
of universal machine-learned interatomic potentials 
(uMLIPs) such as M3GNet, CHGNet, and MACE-MP-0. 
Crucially, the research demonstrated that fine-tuning with 
even a single additional data point can rectify this issue, 
significantly improving the reliability of uMLIPs for 
large-scale atomic simulations.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P01.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 19/25 | MATURITY 1/5 | DECISION LOCUS: TECH / PROCESS

P02 Co-Based Superalloys: ML-driven 15% solvus temperature boost 2026

A09 | Modeling | Research Date not stated

FACT
This study introduces a physics-guided machine learning 
framework for the inverse design of Co-based superalloys, 
successfully identifying new alloy compositions that 
enhance the γ' solvus temperature by up to 15% while 
considering alloy density. Combining Gaussian Process 
Regression and multi-objective optimization, this 
framework enables high-precision material design, offering 
an effective pathway for developing high-performance 
structural alloys.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P02.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 19/25 | MATURITY 1/5 | DECISION LOCUS: TECH / PROCESS



Priority Themes 03-04 FACT / READ / ACTION / UNKNOWN
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FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P03 MLIP training: Small-dataset strategy for 0.3 eV error in 2026

A07 | Candidate design | Research Date not stated

FACT
A preprint on arXiv proposes a novel training scheme for 
machine-learned interatomic potentials (MLIPs) to 
accelerate point defect simulations. This efficient method 
trains MLIPs using limited DFT data, based on small 
supercells (<100 atoms) and just four structural relaxation 
calculations. The trained MLIPs were demonstrated to 
predict defect formation energies in large supercells (>200 
atoms) with an error of less than 0.3 eV.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P03.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 19/25 | MATURITY 1/5 | DECISION LOCUS: TECH / PROCESS

P04 Tianjin University: AI-driven γ-Al2O3 catalyst design explained

A01 | Experiment | Pilot Date not stated

FACT
Researchers at Tianjin University identified two novel, more
stable defect-rich low-energy structures of γ-Al2O3 (γ-NAV
and γ-AV) using a neural network-guided global
optimization strategy and high-dimensional machine
learning interatomic potentials. These new structures
significantly impact propane dehydrogenation efficiency,
providing a theoretical foundation for the rational design of
oxide-supported catalysts. This breakthrough promises to
accelerate the development of higher-performance catalytic
materials.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P04.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 19/25 | MATURITY 2/5 | DECISION LOCUS: TECH / PROCESS



Priority Themes 05-06 FACT / READ / ACTION / UNKNOWN
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FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P05 UFO-MGen explained: Flow-based generative model for crystals 2026

A08 | Scale & governance | Research Date not stated

FACT
This arXiv study introduces UFO-MGen, a flow-based
universal generative model that learns topological features
of Wyckoff representations, achieving over 90% success rate
in crystal generation. UFO-MGen demonstrates exceptional
extrapolation capabilities, generating novel crystal
structures beyond known space groups and topologies.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P05.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 19/25 | MATURITY 1/5 | DECISION LOCUS: TECH / PROCESS

P06 MIT 3D Generative AI: Text-to-physical object specs for 2026

A06 | Data capture | Research Date not stated

FACT
MIT's Alexander Htet Kyaw has unveiled a pioneering 
research pipeline that combines 3D generative AI, 
vision-language models, and robotic assembly. This system 
can generate multi-component physical objects from text 
prompts and intelligently infer optimal physical 
configurations, such as where components should be 
stronger, lighter, stiffer, or more flexible.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P06.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 19/25 | MATURITY 1/5 | DECISION LOCUS: SYSTEM / ADOPTION



Priority Themes 07-08 FACT / READ / ACTION / UNKNOWN
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FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P07 NVIDIA ALCHEMI: ENEOS catalyst discovery specs and 100M tests

A02 | Modeling | Research Date not stated

FACT
Matlantis announced that ENEOS Holdings has dramatically
accelerated its oxygen evolution reaction (OER) catalyst
discovery process from years to months by integrating
NVIDIA ALCHEMI with Matlantis PFP. This technological
synergy enabled ENEOS to efficiently evaluate 100 million
candidate catalyst structures using AI-driven atomic
simulations.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P07.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 19/25 | MATURITY 1/5 | DECISION LOCUS: SYSTEM / ADOPTION

P08 UCB-Bandit & LLM: Bayesian optimization for materials design 2026

A10 | Candidate design | Product adoption Date not stated

FACT
A new paper reformulates acquisition function selection in
constrained multi-objective Bayesian optimization (CMOBO)
for materials design as an adaptive policy selection
problem. Two novel controllers, UCB-Bandit and an
LLM-driven Agentic-Switch, demonstrate superior
performance in discovering feasible candidates and
improving Pareto fronts compared to fixed-policy baselines.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P08.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 19/25 | MATURITY 4/5 | DECISION LOCUS: BUSINESS / RULES



Priority Themes 09-10 FACT / READ / ACTION / UNKNOWN

Troy Technical | Materials Informatics | cutoff 2026-09-25 10

FACT is source-bound. BUSINESS READ, ACTION and UNKNOWN are explicit editorial layers.

P09 MLIPs: Truncated Automatic Sparse Differentiation efficiency specs

A05 | Experiment | Product adoption Date not stated

FACT
Calculating high-order derivatives, such as Hessians, for 
machine learning interatomic potentials (MLIPs) has been 
computationally intensive for large systems. This research 
proposes 'Truncated Automatic Sparse Differentiation 
(ASD),' leveraging the physical decay of interatomic 
interactions with distance.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P09.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 19/25 | MATURITY 4/5 | DECISION LOCUS: SYSTEM / ADOPTION

P10 ML Interatomic Potentials: Quantum computing data bridge explained

A03 | Scale & governance | Research Date not stated

FACT
This research proposes a framework to enhance the
accuracy of universal machine-learning interatomic
potentials (uMLIPs) by leveraging sparse, high-fidelity data
from quantum computing-based electronic structure
calculations. By fine-tuning pre-trained DFT-based uMLIPs
with high-precision reference energies from quantum
computing, the reliability of atomistic simulations for
reactions and adsorption is significantly improved.

WHY IT MATTERS
The decision relevance is closed-loop learning from data
quality to experimentally validated material performance.
The signal should be tested at the application and
operating-system level, not accepted from a headline alone.

BUSINESS READ
For operating companies, compare the reported change
with current qualification, sourcing and product-roadmap
assumptions. For suppliers, provide machine-readable
composition, process, test conditions, uncertainty and
failure data.

ACTION
Within 30 days, select high-value decisions where data
lineage and experimental feedback can be measured; record
the evidence and owner against P10.

UNKNOWN
Still unproven or incompletely stated: dataset bias,
reproducibility, IP, model transfer, experiment cost and
adoption.

EDITORIAL SCORE 18/25 | MATURITY 1/5 | DECISION LOCUS: BUSINESS / RULES



Playbook and Roadmap OWNERS / GATES / DELIVERABLES
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Playbook and 0-5 year roadmap

STAKEHOLDER NOW | 0-30 DAYS NEXT | 1-12 MONTHS LATER | 1-5 YEARS

Operating companies select high-value
decisions where data
lineage and experimental
feedback can be measured

Run production-like
qualification with explicit
acceptance and stop
criteria.

Build a portfolio and
architecture that can
absorb technology and
supplier changes.

Materials, equipment and
technology suppliers

provide machine-readable
composition, process, test
conditions, uncertainty
and failure data

Create shared reliability,
process-window and
failure-analysis data with
customers.

Standardize interfaces,
traceability, lifecycle
support and recovery
services.

Trading, investment and
legal teams

Map dataset bias,
reproducibility, IP, model
transfer, experiment cost
and adoption.

Contract for capacity,
quality, change notice,
liability, alternatives and
exit.

Diversify regional,
technical and customer
concentration risk.

ROADMAP

NOW | 0-30 DAYS

Evidence ledger
Owner: Strategy + quality
Deliverable: claim, source, condition,
owner

NOW | 0-30 DAYS

Risk screen
Owner: Procurement + legal
Deliverable: unknowns, alternatives,
stop

NEXT | 1-12 MONTHS

Joint qualification
Owner: R&D + supplier
Deliverable: process window and
failure data

NEXT | 1-12 MONTHS

Commercial gate
Owner: Business + finance
Deliverable: unit economics and
capacity

LATER | 1-5 YEARS

Platform strategy
Owner: Executive team
Deliverable: portfolio and interface
roadmap

LATER | 1-5 YEARS

Service layer
Owner: Operations + channel
Deliverable: monitoring, maintenance
and recovery

GO / NO-GO GATES

GATE OWNER REQUIRED EVIDENCE NO-GO CONDITION

G1 Evidence Quality Source, test conditions and reproducibility No traceable evidence

G2 Integration R&D Interface, process window and failure analysis Cannot meet system
conditions

G3 Commercial Business Capacity, total cost, contract and alternatives Economics or supply cannot
be supported

G4 Lifecycle Operations Monitoring, maintenance, change notice and exit No accountable operating
plan



Analyzed Articles 1/1 FULL TITLES / FULL SOURCE URLS
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ANALYZED ARTICLES | ITEMS 01-12
Every title and URL is displayed in full. URLs wrap without shortening and remain clickable. A verified-reference label means the
translated HTML did not retain its original source URL.

ID FULL ARTICLE TITLE FULL SOURCE / VERIFIED REFERENCE URL - CLICKABLE

A01 Tianjin University: AI-driven γ-Al2O3 catalyst design explained https://www.eurekalert.org/news-releases/1144191

A02 NVIDIA ALCHEMI: ENEOS catalyst discovery specs and 100M
tests

https://markets.businessinsider.com/news/stocks/matlantis-accelerates
-catalyst-discovery-to-advance-materials-innovation-with-nvidia-alchem
i-1036553402

A03 ML Interatomic Potentials: Quantum computing data bridge
explained

https://papers.cool/arxiv/2609.21536

A04 PHICS: Physics-constrained ML for composite inverse design
specs

https://www.eurekalert.org/news-releases/1145064

A05 MLIPs: Truncated Automatic Sparse Differentiation efficiency
specs

https://arxiv.org/abs/2609.20510

A06 MIT 3D Generative AI: Text-to-physical object specs for 2026 https://www.designforam.com/p/from-text-to-robotic-assembly-3d

A07 MLIP training: Small-dataset strategy for 0.3 eV error in 2026 https://arxiv.org/html/2609.24293v1

A08 UFO-MGen explained: Flow-based generative model for
crystals 2026

https://arxiv.org/abs/2609.26547

A09 Co-Based Superalloys: ML-driven 15% solvus temperature
boost 2026

https://arxiv.org/abs/2609.27405

A10 UCB-Bandit & LLM: Bayesian optimization for materials design 
2026

https://arxiv.org/abs/2609.19550

A11 CoFe2O4: AI foundation model vs DFT site preference specs https://ouro.foundation/posts/hermes/foundation-models-miss-the-d-el
ectrons-in-spinel-site-preference

A12 ML Interatomic Potentials: DocShare 2026 accuracy explained https://docshare.wps.com/document/overcoming-systematic-softening-
in-universal-machine-learning-interatomic-potentials-by-fine-tuning/291
029/

https://www.eurekalert.org/news-releases/1144191
https://markets.businessinsider.com/news/stocks/matlantis-accelerates-catalyst-discovery-to-advance-materials-innovation-with-nvidia-alchemi-1036553402
https://markets.businessinsider.com/news/stocks/matlantis-accelerates-catalyst-discovery-to-advance-materials-innovation-with-nvidia-alchemi-1036553402
https://markets.businessinsider.com/news/stocks/matlantis-accelerates-catalyst-discovery-to-advance-materials-innovation-with-nvidia-alchemi-1036553402
https://papers.cool/arxiv/2609.21536
https://www.eurekalert.org/news-releases/1145064
https://arxiv.org/abs/2609.20510
https://www.designforam.com/p/from-text-to-robotic-assembly-3d
https://arxiv.org/html/2609.24293v1
https://arxiv.org/abs/2609.26547
https://arxiv.org/abs/2609.27405
https://arxiv.org/abs/2609.19550
https://ouro.foundation/posts/hermes/foundation-models-miss-the-d-electrons-in-spinel-site-preference
https://ouro.foundation/posts/hermes/foundation-models-miss-the-d-electrons-in-spinel-site-preference
https://docshare.wps.com/document/overcoming-systematic-softening-in-universal-machine-learning-interatomic-potentials-by-fine-tuning/291029/
https://docshare.wps.com/document/overcoming-systematic-softening-in-universal-machine-learning-interatomic-potentials-by-fine-tuning/291029/
https://docshare.wps.com/document/overcoming-systematic-softening-in-universal-machine-learning-interatomic-potentials-by-fine-tuning/291029/
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#01 Tianjin University: AI-driven γ-Al2O3 catalyst
design explained

OVERVIEW

Researchers at Tianjin University identified two novel, more stable defect-rich low-

energy structures of γ-Al₂O₃ (γ-NAV and γ-AV) using a neural network-guided global

optimization strategy and high-dimensional machine learning interatomic potentials.

These new structures significantly impact propane dehydrogenation efficiency,

providing a theoretical foundation for the rational design of oxide-supported catalysts.

This breakthrough promises to accelerate the development of higher-performance

catalytic materials.

Published September 17, 2026  EurekAlert! (Tianjin University research)  China



IN DEPTH

Key Findings

A research team at Tianjin University has made a significant discovery by identifying two

previously unknown, defect-rich, low-energy structures of γ-Al₂O₃ (gamma alumina), a

crucial catalyst support. These novel structures, termed γ-NAV and γ-AV, were

pinpointed through an innovative approach combining a neural network-guided global

optimization strategy with high-dimensional machine learning interatomic potentials (HD-

ML-AIPs). The team demonstrated that these new structures are thermodynamically

more stable than those predicted by existing models. Crucially, they also elucidated how

these novel structures profoundly influence the catalytic performance of propane

dehydrogenation (PDH) reactions, thereby providing a vital theoretical foundation for the

rational design of oxide-supported catalysts.

Technical / Clinical Details

The research commenced with the development of HD-ML-AIPs, trained on a

comprehensive dataset derived from large-scale first-principles calculations. This

potential maintains accuracy comparable to quantum mechanical calculations while

drastically reducing the computational cost of atomic simulations, enabling exploration of

vast structural spaces. Subsequently, a neural network-guided global optimization

strategy, integrated with these HD-ML-AIPs, was employed to efficiently search for

stable γ-Al₂O₃ structures. This process revealed that the γ-NAV (non-adamant defect-

containing structure) and γ-AV (adamant defect-containing structure) possess lower

energies than previously reported most stable structures. Detailed analyses were

conducted on how the surface properties and electronic states of these structures affect

propane adsorption and activation in PDH reactions, specifically indicating that γ-AV

could exhibit higher catalytic activity.



Background & Context

Propane dehydrogenation (PDH) is a critical industrial process for producing propylene,

a key feedstock for polypropylene manufacturing. The efficiency and economic viability

of this process are highly dependent on catalyst performance. While γ-Al₂O₃ is a widely

used catalyst support, its structural complexity and the influence of defects have not

been fully understood. This study represents a paradigm shift from traditional trial-and-

error catalyst development towards a more precise, 'design-based' approach by

meticulously elucidating the atomic-level structure-reactivity relationships. This

contributes significantly to the development of energy-efficient chemical processes and

more sustainable catalytic materials.

Strategic Significance & Outlook

The machine learning and global optimization methodology established in this research

is broadly applicable not only to γ-Al₂O₃ but also to the structural exploration of other

complex oxides and porous materials. This is expected to accelerate the design and

optimization of various functional materials, including catalysts, adsorbents, and battery

components. Particularly, understanding and controlling the influence of defect

structures on material properties will enable the creation of high-performance materials

surpassing conventional limitations. In the future, these theoretical insights are

anticipated to directly inform experimental synthesis, establishing an efficient material

innovation cycle.

Source: https://www.eurekalert.org/news-releases/1144191

Collected: September 25, 2026 | Automated Research System (Gemini API)

https://www.eurekalert.org/news-releases/1144191


#02 NVIDIA ALCHEMI: ENEOS catalyst discovery
specs and 100M tests

OVERVIEW

Matlantis announced that ENEOS Holdings has dramatically accelerated its oxygen

evolution reaction (OER) catalyst discovery process from years to months by

integrating NVIDIA ALCHEMI with Matlantis PFP. This technological synergy enabled

ENEOS to efficiently evaluate 100 million candidate catalyst structures using AI-

driven atomic simulations. Matlantis PFP, a universal machine learning interatomic

potential supporting 96 elements, accelerates atomic simulations while maintaining

quantum-level accuracy, speeding up material development crucial for a sustainable

future.

Published September 17, 2026  Markets Insider (Matlantis and ENEOS Holdings Corporation joint

announcement)  Japan



IN DEPTH

Key Findings

Matlantis has announced that ENEOS Holdings, a leading Japanese energy company,

has dramatically accelerated its discovery process for crucial oxygen evolution reaction

(OER) catalysts. By combining NVIDIA's materials design platform, NVIDIA ALCHEMI,

with Matlantis PFP (Preferred Force Potential), ENEOS has reduced the catalyst

discovery timeline from years to mere months. This innovative integration has enabled

ENEOS to evaluate an unprecedented 100 million candidate catalyst structures with

remarkable speed, thereby expediting the development of next-generation materials

essential for a sustainable society.

Technical / Clinical Details

Matlantis PFP is a versatile machine learning interatomic potential that supports 96

elements. It achieves a quantum mechanical level of accuracy while significantly

accelerating atomic simulations. NVIDIA ALCHEMI, leveraging the high-speed

computational capabilities of Graphics Processing Units (GPUs) and advanced AI

models, efficiently explores the complex relationships between material composition,

structure, and properties. ENEOS has utilized this integrated platform to enhance OER

catalyst performance, aiming, for instance, to improve the efficiency of hydrogen

production through water electrolysis. This technology has enabled large-scale

screening of candidate materials—a feat impossible with traditional trial-and-error

experimental methods—allowing for comprehensive exploration of the OER catalyst

design space and rapid identification of promising new catalysts.



Background & Context

The oxygen evolution reaction (OER) is a critical rate-limiting step in numerous clean

energy technologies, including the production of green hydrogen via water electrolysis,

fuel cells, and CO2 reduction. However, the development of highly efficient and cost-

effective OER catalysts has been a long-standing challenge. Traditional catalyst

development heavily relies on experimental trial-and-error, a bottleneck that incurs

substantial time and cost. Advancements in materials informatics and AI-driven atomic

simulations offer a promising path to overcome this challenge and bridge the gap

between theoretical calculations and experiments. The collaboration between Matlantis

and NVIDIA ALCHEMI represents one of the most advanced approaches in this field,

with Japanese industry taking a leading role in contributing to the global clean energy

transition.

Strategic Significance & Outlook

The integrated platform of Matlantis and NVIDIA ALCHEMI is applicable not only to OER

catalysts but also to the development of a wide range of other materials, including

battery components, semiconductors, alloys, and polymers. This technology empowers

materials scientists to discover and optimize new materials more rapidly and with fewer

resources. This will accelerate the market introduction of energy-efficient products,

environmentally friendly processes, and high-performance devices, potentially

revolutionizing numerous industries. ENEOS's success story serves as a powerful model

demonstrating how AI-driven material innovation can contribute to both enhanced

corporate competitiveness and the realization of a sustainable society.

Source: https://markets.businessinsider.com/news/stocks/matlantis-accelerates-catalyst-discovery-to-

advance-materials-innovation-with-nvidia-alchemi-1036553402

Collected: September 25, 2026 | Automated Research System (Gemini API)

https://markets.businessinsider.com/news/stocks/matlantis-accelerates-catalyst-discovery-to-advance-materials-innovation-with-nvidia-alchemi-1036553402
https://markets.businessinsider.com/news/stocks/matlantis-accelerates-catalyst-discovery-to-advance-materials-innovation-with-nvidia-alchemi-1036553402


#03 ML Interatomic Potentials: Quantum computing
data bridge explained

OVERVIEW

This research proposes a framework to enhance the accuracy of universal machine-

learning interatomic potentials (uMLIPs) by leveraging sparse, high-fidelity data from

quantum computing-based electronic structure calculations. By fine-tuning pre-trained

DFT-based uMLIPs with high-precision reference energies from quantum computing,

the reliability of atomistic simulations for reactions and adsorption is significantly

improved. This approach provides a practical pathway to integrate quantum

computing capabilities into realistic atomistic simulations, substantially boosting

predictive power in materials science.

Published September 18, 2026  Cool Papers (Preprint/Research Highlight)  Unknown



IN DEPTH

Key Findings

A novel framework has been proposed that effectively integrates sparse, high-fidelity

data from quantum computing-based electronic structure calculations with universal

machine-learning interatomic potentials (uMLIPs). This method allows for the fine-tuning

of pre-trained density functional theory (DFT)-based uMLIPs using quantum-computed

reference energies, dramatically enhancing the accuracy of atomistic simulations for

complex phenomena like chemical reactions and adsorption.

Technical / Clinical Details

The core of this framework involves using a small but highly accurate dataset obtained

from quantum computing to refine a uMLIP that has been pre-trained on a broader, less

precise DFT dataset. Quantum computing, while offering unparalleled accuracy in

electronic structure calculations, is computationally expensive and currently limited to

smaller systems. By judiciously selecting a few critical data points (e.g., transition states,

adsorption energies) for quantum calculation and using them to fine-tune the uMLIP, the

model gains high-precision insights without incurring prohibitive computational costs for

large-scale simulations. This hybrid approach allows for the simulation of complex

atomic processes, such as catalytic reactions on surfaces or dynamic phase transitions,

with an accuracy level previously unattainable by either method alone for large systems.

Background & Context

The quest for accurate and efficient atomistic simulations is central to materials science

and engineering. While DFT provides a good balance of accuracy and computational

cost, its limitations become apparent in highly correlated systems or when simulating

large systems for extended periods. Machine learning interatomic potentials (MLIPs)

offer computational speed but often lack the quantum-level accuracy for subtle electronic

effects. Quantum computing, despite its promise, is not yet mature enough for routine

large-scale materials simulations. This research elegantly combines the strengths of

quantum computing (accuracy for key points) with MLIPs (computational efficiency for

large systems) to overcome these individual limitations, addressing a long-standing

challenge in computational materials science.



Strategic Significance & Outlook

This hybrid quantum-MLIP approach provides a practical and scalable strategy for

incorporating the unique advantages of quantum computing into mainstream materials

R&D. It opens new avenues for the inverse design of novel materials, accelerated

discovery of advanced catalysts, and precise engineering of functional surfaces.

Industries such as energy (e.g., hydrogen storage, battery materials), pharmaceuticals

(e.g., drug-surface interactions), and aerospace (e.g., high-temperature alloys) stand to

benefit from the enhanced predictive capabilities. As quantum computing hardware

continues to advance, this framework is poised to become an increasingly powerful tool,

driving unprecedented innovation in material informatics and accelerating the transition

from theoretical discovery to industrial application.

Source: https://papers.cool/arxiv/2609.21536

Collected: September 25, 2026 | Automated Research System (Gemini API)

https://papers.cool/arxiv/2609.21536


#04 PHICS: Physics-constrained ML for composite
inverse design specs

OVERVIEW

The Physics-constrained inverse design system (PHICS) has been developed for the

efficient inverse design of multifunctional composite materials. PHICS integrates

physical causal graph modeling, multi-scale mechanism embedding, and multi-

objective Pareto optimization to establish a closed-loop R&D paradigm from

microscopic design to macroscopic performance validation. This ensures excellent

extrapolation and generalization fidelity by strictly adhering to fundamental physical

conservation laws and boundary conditions, while maintaining the high fitting

efficiency of data-driven models, thereby enhancing materials development reliability

and efficiency.

Published September 23, 2026  Science China Press (Research Highlight/Press Release)

China



IN DEPTH

Key Findings

A pioneering physics-constrained inverse design system, PHICS (Physics-constrained

inverse design system), has been developed for multifunctional composite materials.

PHICS effectively combines the high efficiency of data-driven models with a rigorous

adherence to fundamental physical laws. This system integrates physical causal graph

modeling, multi-scale mechanism embedding, and multi-objective Pareto optimization to

establish a closed-loop R&D paradigm spanning from microscopic design to

macroscopic performance validation.

Technical / Clinical Details

PHICS addresses the challenge of designing complex composite materials by modeling

the relationships between material constituents and properties using physical causal

graphs. This is coupled with multi-scale mechanism embedding, allowing for design

considerations across atomic to macroscopic scales. The system then employs multi-

objective Pareto optimization to generate material designs that simultaneously maximize

often-conflicting performance targets such as strength, lightweight properties, and

thermal conductivity. Crucially, PHICS ensures that AI model predictions strictly obey

fundamental physical conservation laws (e.g., mass, energy) and boundary conditions.

This constraint guarantees reliable predictions and extrapolations even in data-scarce

regions, overcoming a major limitation of traditional data-driven models: their tendency

to propose physically implausible solutions or exhibit poor generalization outside the

training data distribution.

Background & Context

Multifunctional composite materials are pivotal for innovation in various industries,

including aerospace, automotive, medical devices, and sporting goods, offering

enhanced performance through tailored properties. However, designing materials that

optimally satisfy multiple functional requirements simultaneously has been immensely

challenging due to the vast design parameter space and complex underlying physics.

While data-driven AI models offer efficiency, they often risk proposing 'non-physical'

designs, undermining reliability. PHICS bridges this gap between computational

efficiency and physical reliability, providing a robust foundation for faster and more

dependable development of high-performance composite materials.



Strategic Significance & Outlook

The introduction of PHICS has the potential to fundamentally transform the R&D process

for multifunctional composite materials. Its capability for physically consistent predictions

and efficient exploration of the design space is expected to lead to significant reductions

in development time and costs. In the future, this technology could enable the creation of

composite materials with unprecedented properties, designed for use in more complex

environments or for applications with highly stringent requirements. This makes PHICS a

critical tool for accelerating the development of next-generation materials essential for

achieving a sustainable and technologically advanced society, positioning China at the

forefront of this advanced materials informatics domain.

Source: https://www.eurekalert.org/news-releases/1145064

Collected: September 25, 2026 | Automated Research System (Gemini API)

https://www.eurekalert.org/news-releases/1145064


#05 MLIPs: Truncated Automatic Sparse Differentiation
efficiency specs

OVERVIEW

Calculating high-order derivatives, such as Hessians, for machine learning

interatomic potentials (MLIPs) has been computationally intensive for large systems.

This research proposes 'Truncated Automatic Sparse Differentiation (ASD),'

leveraging the physical decay of interatomic interactions with distance. This method

dramatically boosts computational speed while maintaining predictive accuracy,

accelerating the prediction of collective motions in large physical systems and

significantly expanding the applicability and efficiency of MLIP-based material

simulations.

Published September 17, 2026  Cool Papers (Preprint/Research Highlight)  Unknown



IN DEPTH

Key Findings

A novel method, 'Truncated Automatic Sparse Differentiation (ASD),' has been

introduced to address the long-standing computational bottleneck of calculating high-

order derivatives, particularly Hessians, in machine learning interatomic potentials

(MLIPs) for large-scale systems. This technique dramatically accelerates computation

speed while negligibly impacting predictive accuracy, thereby enhancing the efficiency of

simulating collective atomic motions in complex physical systems.

Technical / Clinical Details

MLIPs are powerful tools for enabling large-scale molecular dynamics simulations by

representing interatomic forces through machine learning models. However, accurately

evaluating dynamic material properties like phonon scattering or elastic constants

requires the calculation of second-order derivatives of the potential energy surface,

specifically the Hessian matrix (derivatives of forces). Traditional automatic

differentiation methods face an exponential increase in computational cost as system

size grows, limiting their application to large systems.

The proposed Truncated ASD method exploits the physical principle that interatomic

interactions rapidly decay beyond a certain distance. This allows the Hessian matrix to

be treated as sparse, with many elements being negligible. By efficiently computing only

the significant non-zero elements, the method leverages sparse matrix operations.

Furthermore, the 'truncated' aspect involves intentionally omitting the very smallest non-

zero entries, further reducing computational complexity. Experimental results

demonstrate that this selective omission has a negligible impact on the overall predictive

accuracy of observed physical quantities.



Background & Context

In materials science, understanding dynamic behavior at the atomic scale is crucial for

designing high-performance materials and predicting their functionalities. Accurate

calculation of phonon dispersion relations and elastic responses is essential for

elucidating mechanisms such as thermal conductivity, acoustic properties, and material

fatigue. While MLIPs promised to accelerate these simulations, the bottleneck of high-

order derivative computation restricted their application to large-scale systems. The

introduction of Truncated ASD breaks this limitation, enabling MLIPs to be applied to

more realistic and complex material systems.

Strategic Significance & Outlook

The Truncated ASD method is particularly effective for dynamic simulations of complex

systems such as large porous materials, amorphous structures, and biological

macromolecular complexes. The significant increase in computational speed allows for

longer simulation times and larger system sizes, leading to deeper insights into material

mechanical, thermal, and diffusion properties. This innovation is expected to drive new

breakthroughs in areas like novel material discovery, device performance optimization,

and sustainable material design. By making MLIPs more scalable and efficient,

Truncated ASD will substantially contribute to the advancement of materials informatics,

offering a practical path to accelerate the design and discovery of next-generation

functional materials.

Source: https://arxiv.org/abs/2609.20510

Collected: September 25, 2026 | Automated Research System (Gemini API)

https://arxiv.org/abs/2609.20510


#06 MIT 3D Generative AI: Text-to-physical object
specs for 2026

OVERVIEW

MIT's Alexander Htet Kyaw has unveiled a pioneering research pipeline that

combines 3D generative AI, vision-language models, and robotic assembly. This

system can generate multi-component physical objects from text prompts and

intelligently infer optimal physical configurations, such as where components should

be stronger, lighter, stiffer, or more flexible. It heralds a future where AI-driven design

systems produce not only visual forms but also constructible, reusable, and material-

informed assemblies for real-world manufacturing.

Published September 23, 2026  Bits to Atoms (MIT CDFAM Washington DC 2026 presentation)

USA



IN DEPTH

Key Findings

Alexander Htet Kyaw, a researcher at MIT, has presented a groundbreaking research

pipeline that integrates 3D generative AI, vision-language models, and robotic assembly.

This system is capable of autonomously generating multi-component physical objects

from text prompts. Beyond mere visual appearance, it can also infer and incorporate

physical properties into the design, such as where specific components should be

stronger, lighter, stiffer, or more flexible. This demonstrates the potential for AI to go

beyond simple shape generation and deeply engage with materials science and

manufacturing processes.

Technical / Clinical Details

The pipeline achieves its capabilities by seamlessly coordinating the following key

technologies:

3D Generative AI: The core technology responsible for creating complex three-

dimensional geometries from textual input. It supports the design of objects

composed of multiple distinct materials, not just monolithic structures.

Vision-Language Models (VLMs): These models bridge textual instructions with

image/3D data, enabling a deeper understanding of user intent. For example, for a

prompt like 'lightweight chair,' the VLM would not only generate a shape but also infer

structures and material placements conducive to weight reduction.

Material-Informed Reasoning: For a generated shape, AI determines the optimal

material selection, placement, and component structure based on mechanical

properties (strength, stiffness, flexibility) and functional requirements (e.g., heat

dissipation, electrical conductivity).

Robotic Assembly: Robots physically assemble the multi-component objects

designed by the AI. This step ensures the constructability of the design and serves as

the final stage in producing the tangible physical object.

This system opens up possibilities for automatically designing and manufacturing

functional objects from high-level instructions, without requiring humans to specify

intricate physical properties or manufacturing constraints in detail.



Background & Context

Traditional product design and manufacturing processes have been multi-stage, time-

consuming, and costly, involving designers conceiving concepts, engineers conducting

structural analysis and material selection, and manufacturing personnel fabricating the

actual product. Integrating materials science knowledge with manufacturing expertise

has been particularly challenging, often leading to protracted design iteration cycles.

This MIT research presents a new path where AI bridges these disparate expertises,

optimizing the entire process from design to manufacturing in a cohesive manner. It

realizes an AI-driven approach to 'Design for Assembly' (DfA), with the potential to

significantly accelerate the prototyping and mass production of complex products.

Strategic Significance & Outlook

This AI-driven design and manufacturing system has the potential to revolutionize a wide

range of industries requiring multi-component objects with advanced functionalities,

including aerospace, automotive, medical devices, and consumer products. In the future,

it will likely enable the rapid and efficient generation of objects with more complex

functional requirements and material properties that can adapt to dynamic environmental

changes. By allowing AI to understand and integrate physical constraints into design,

this technology embodies a vision for 'future manufacturing' that produces

unprecedentedly high-performance products. Furthermore, by generating constructible

and reusable assemblies, it is expected to contribute to sustainable manufacturing

practices.

Source: https://www.designforam.com/p/from-text-to-robotic-assembly-3d

Collected: September 25, 2026 | Automated Research System (Gemini API)

https://www.designforam.com/p/from-text-to-robotic-assembly-3d


#07 MLIP training: Small-dataset strategy for 0.3 eV
error in 2026

OVERVIEW

A preprint on arXiv proposes a novel training scheme for machine-learned interatomic

potentials (MLIPs) to accelerate point defect simulations. This efficient method trains

MLIPs using limited DFT data, based on small supercells (<100 atoms) and just four

structural relaxation calculations. The trained MLIPs were demonstrated to predict

defect formation energies in large supercells (>200 atoms) with an error of less than

0.3 eV. This approach significantly enhances the practicality of MLIPs for

computationally expensive point defect simulations.

Published September 22, 2026  arXiv (Preprint)  Unknown



IN DEPTH

Key Findings

A preprint paper released on arXiv introduces a breakthrough strategy for training

machine-learned interatomic potentials (MLIPs) aimed at accelerating point defect

simulations. This innovative scheme enables the efficient construction of high-accuracy

MLIPs using a limited dataset of Density Functional Theory (DFT) calculations, based on

small supercells (fewer than 100 atoms) and only four structural relaxation calculations.

The MLIPs trained with this scheme were demonstrated to predict defect formation

energies in large supercells (over 200 atoms) with an error of less than 0.3 eV,

effectively overcoming significant computational cost challenges.

Technical / Clinical Details

Point defects critically influence the electrical, optical, and mechanical properties of

materials, making accurate prediction of their formation energies indispensable for

materials design. However, conventional DFT calculations typically require large

supercells and numerous atomic configurations, leading to prohibitive computational

costs. The MLIP training scheme proposed in this study features:

Small Supercell Training: Generating training data from small supercells with fewer

than 100 atoms significantly reduces the computational cost of DFT calculations.

Small-Data Efficiency: The scheme efficiently extracts necessary information for

MLIP training from data obtained from just four structural relaxation calculations. This

represents an order-of-magnitude reduction in data volume compared to the large

DFT datasets traditionally required by MLIPs.

High-Accuracy Prediction: Despite the small training data size, the trained MLIPs

demonstrate the ability to predict point defect formation energies in large supercells

(over 200 atoms) with a low error of less than 0.3 eV. This showcases superior

performance, particularly for challenging cases like charged defects.

Enhanced Versatility: The method is suggested to be applicable not only to specific

material systems but also to various types of point defects, including vacancies,

substitutions, interstitials, and charged defects.



This approach facilitates a deeper understanding of point defect behavior in complex

material systems, which was previously difficult to achieve due to computational cost

constraints.

Background & Context

Point defects are of paramount importance across all fields of materials science,

impacting semiconductor device performance, nuclear fuel durability, and metal strength.

Accurately evaluating point defect formation energies and migration pathways is crucial

for predicting and optimizing material reliability and functionality, but this traditionally

demands vast computational resources. While MLIPs are promising tools to address this

challenge, their training typically requires extensive DFT calculation data, with charged

defects incurring even higher costs. This research effectively resolves this MLIP training

bottleneck, paving the way for more practical point defect simulations.

Strategic Significance & Outlook

This efficient MLIP training scheme will dramatically accelerate point defect research in

new materials development. Researchers and engineers will be able to predict point

defect behavior under various conditions and optimize material designs with fewer

computational resources and less time. This is expected to shorten development cycles

for high-performance semiconductors, radiation-resistant materials, and battery

materials, thereby promoting industrial innovation. In the future, this method has the

potential to be applied to other material property evaluations and process simulations,

contributing to the overall advancement of the materials informatics field.

Source: https://arxiv.org/html/2609.24293v1

Collected: September 25, 2026 | Automated Research System (Gemini API)

https://arxiv.org/html/2609.24293v1


#08 UFO-MGen explained: Flow-based generative
model for crystals 2026

OVERVIEW

This arXiv study introduces UFO-MGen, a flow-based universal generative model that

learns topological features of Wyckoff representations, achieving over 90% success

rate in crystal generation. UFO-MGen demonstrates exceptional extrapolation

capabilities, generating novel crystal structures beyond known space groups and

topologies. Equipped with a fine-tuning module for property-constrained generation,

this model represents a breakthrough tool for inverse design of materials tailored to

specific functional requirements.

Published September 23, 2026  arXiv  Unknown



IN DEPTH

Key Findings

This research introduces 'UFO-MGen,' a flow-based universal generative model that

learns the topological features of Wyckoff representations, demonstrating an impressive

generation success rate exceeding 90% and exceptional extrapolation capabilities in

designing novel crystal structures. By integrating a fine-tuning module for property-

constrained crystal generation, UFO-MGen holds significant potential to dramatically

accelerate the inverse design process for materials tailored to specific functional

requirements.

Technical / Clinical Details

Flow-Based Generative Model: UFO-MGen employs a flow-based generative

model that creates crystal structures through continuous transformations within a

latent space. This approach allows for efficient learning of complex crystal structure

distributions, leading to a high probability of generating valid structures.

Topological Learning of Wyckoff Representations: By learning the topological

features of Wyckoff positions, which are fundamental building blocks of crystal

structures, UFO-MGen establishes a basis for generating physically stable and

diverse crystal structures. This contributes to the discovery of highly novel structures

beyond known structural patterns.

High Generation Success Rate and Extrapolation Capability: Evaluation results

show that UFO-MGen overcomes common challenges related to the dynamic stability

of AI-generated crystals, achieving a high success rate of over 90% for stable crystal

structures. Furthermore, it demonstrates robust extrapolation capabilities, effectively

generating entirely new crystal structures (e.g., 2D materials, aperiodic structures)

outside the range of known space groups and chemical compositions. This contrasts

with earlier generative models like CGCNN which often struggled with out-of-

distribution structures.



Property-Constrained Crystal Generation: The model incorporates a fine-tuning

module designed to integrate specific material properties, such as bandgap,

hardness, or thermoelectric performance, as design objectives. This empowers

researchers to target and generate crystals with desired properties, accelerating the

new material discovery process by orders of magnitude compared to traditional

screening.

Background & Context

The discovery of new materials is a driving force behind breakthroughs in numerous

technological fields, including energy, electronics, and medicine. However, the design

space for crystalline materials is vast, making it extremely challenging to find materials

with desired properties using conventional experimental or computational methods. In

particular, 'inverse material design'—efficiently searching for novel crystal structures that

meet specific functional requirements—has been a long-standing challenge in materials

informatics. UFO-MGen addresses this by applying AI generative models to streamline

the exploration of the design space, opening new avenues for discovering high-

performance materials that were previously unattainable with existing methods.

Strategic Significance & Outlook

UFO-MGen has the potential to fundamentally transform the paradigm by which

materials scientists design new materials. This model is expected to become a new

standard in computational materials science, significantly contributing to the discovery of

drug candidates, catalysts, high-performance alloys, and novel semiconductors. Future

directions include applying the model to more complex multi-component systems and

amorphous materials, as well as integrating it as a core component of closed-loop

material discovery systems in autonomous laboratories. This technological advancement

will drastically shorten the lead time for new material development, yielding

immeasurable economic value across industries globally.

Source: https://arxiv.org/abs/2609.26547

Collected: September 25, 2026 | Automated Research System (Gemini API)

https://arxiv.org/abs/2609.26547


#09 Co-Based Superalloys: ML-driven 15% solvus
temperature boost 2026

OVERVIEW

This study introduces a physics-guided machine learning framework for the inverse

design of Co-based superalloys, successfully identifying new alloy compositions that

enhance the γ' solvus temperature by up to 15% while considering alloy density.

Combining Gaussian Process Regression and multi-objective optimization, this

framework enables high-precision material design, offering an effective pathway for

developing high-performance structural alloys. This breakthrough is expected to

accelerate the development of next-generation high-temperature materials critical for

aerospace and energy sectors.

Published September 24, 2026  arXiv  Unknown



IN DEPTH

Key Findings

This research presents a groundbreaking physics-guided machine learning framework

for the inverse design of Cobalt (Co)-based superalloys. The framework has successfully

identified novel alloy compositions that elevate the gamma prime (γ') solvus temperature

by up to 15% compared to conventional Co-based superalloys, all while judiciously

considering alloy density. This achievement provides a more efficient and data-driven

pathway for designing high-performance structural alloys that demand superior

mechanical properties under extreme high-temperature conditions.

Technical / Clinical Details

Physics-Guided Machine Learning Framework: At its core, the framework utilizes

Gaussian Process Regression (GPR) models to accurately learn the relationship

between alloy composition and properties from limited experimental and simulation

data. By incorporating physics-based features, the model's predictive accuracy and

generalizability are significantly enhanced. This approach significantly reduces the

need for extensive, costly experimentation by focusing the search space effectively.

Integration of Multi-Objective Optimization: Material design frequently

necessitates balancing multiple conflicting properties, such as maximizing solvus

temperature while minimizing alloy density, cost, and improving workability. This

framework employs a multi-objective optimization algorithm to integrate these diverse

objective functions, efficiently exploring the Pareto optimal set of solutions that

represent the best trade-offs. This allows for a more holistic design approach than

single-objective optimization.

Enhanced Gamma Prime Solvus Temperature: The mechanical strength,

particularly the high-temperature resistance, of Co-based superalloys is critically

dependent on the stability of the γ' phase. The novel alloy compositions identified in

this study exhibit a significant increase in the γ' solvus temperature—the temperature

at which the γ' phase begins to dissolve into the liquid phase—by approximately 50-

100°C (a 5-15% improvement) above the average for traditional Co-based

superalloys. This directly translates to enabling operations at higher temperatures,

thereby improving engine efficiency and component durability.



Background & Context

Superalloys are critical materials used in extremely high-temperature and high-stress

environments, such as jet engine components in the aerospace industry, power

generation turbines, and fusion reactors. Co-based superalloys, in particular, are

renowned for their high thermal stability and corrosion resistance, but there is a

continuous demand for further performance improvements at even higher temperatures.

Traditional superalloy development has been incredibly time-consuming and expensive

due to the vast number of elemental combinations and complex microstructural control

required. The integration of AI and machine learning provides a potent tool to accelerate

this development process and efficiently explore the design space. This research

demonstrates AI's capacity to complement, and at times surpass, human expertise and

experience in the inverse design of complex metallic materials, offering a significant

competitive edge over countries still relying primarily on conventional methods.

Strategic Significance & Outlook

This physics-guided machine learning framework is applicable not only to Co-based

superalloys but also to the inverse design of Ni-based superalloys and other high-

performance structural materials. This promises rapid development of new materials

capable of functioning in more demanding environments, such as next-generation

aerospace engines, high-efficiency gas turbines, and advanced energy systems.

Researchers and engineers can leverage this tool to design alloys that meet specific

performance requirements (e.g., creep strength at a certain temperature, fatigue life) in

significantly shorter timeframes, moving more quickly to experimental validation.

Ultimately, it holds the potential to serve as a core technology for autonomous materials

discovery systems, further shortening the cycle from fundamental research to industrial

application and establishing new global benchmarks in materials innovation.

Source: https://arxiv.org/abs/2609.27405
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#10 UCB-Bandit & LLM: Bayesian optimization for
materials design 2026

OVERVIEW

A new paper reformulates acquisition function selection in constrained multi-objective

Bayesian optimization (CMOBO) for materials design as an adaptive policy selection

problem. Two novel controllers, UCB-Bandit and an LLM-driven Agentic-Switch,

demonstrate superior performance in discovering feasible candidates and improving

Pareto fronts compared to fixed-policy baselines. This advance enables more efficient

and robust identification of optimal solutions within complex materials design spaces,

accelerating development cycles.

Published September 18, 2026  arXiv  International



IN DEPTH

Key Findings: New Controllers Significantly Enhance Bayesian Optimization

for Materials Design

New research introduces a novel approach to constrained multi-objective Bayesian

optimization (CMOBO) for materials design, reframing the acquisition function selection

as an adaptive policy selection problem. The study highlights two innovative controllers,

UCB-Bandit and an LLM-driven Agentic-Switch, which have demonstrated significantly

superior performance over traditional fixed-policy baselines. These controllers excel at

both discovering feasible candidates and improving the Pareto frontier of multi-objective

design problems.

Technical and Clinical Details: Adaptive Acquisition Function Selection with

LLM Integration

Traditional CMOBO methods often suffer from limited adaptability due to static

acquisition function choices, which guide the selection of the next candidate for

evaluation. This research dynamically manages this selection using a UCB-Bandit

framework, optimizing the balance between exploration and exploitation. Furthermore,

the LLM-driven Agentic-Switch controller intelligently determines which acquisition

function to employ based on insights gathered during the design process. This

integration allows for more rapid and efficient identification of Pareto-optimal solutions

that satisfy multiple objective functions while adhering to design constraints. The method

particularly benefits materials with complex compositions and structures, substantially

reducing the computational burden and enhancing the efficiency of design in vast search

spaces.



Background and Industry Context: Addressing Complexity in Materials Design
with AI

The development of new functional materials is critical across numerous industries,

including clean energy, medicine, and electronics. However, designing materials that

simultaneously optimize multiple properties (e.g., strength and lightness, conductivity

and stability) while meeting manufacturing constraints (cost, synthesizability) is

exceedingly challenging. Bayesian optimization offers a promising approach to these

complex problems, yet its efficiency heavily relies on the choice of acquisition function.

This research addresses this bottleneck, providing a crucial foundation for building more

practical materials design platforms.

Outlook: Towards Autonomous Materials Development and AI-Driven
Research

The adaptive policy selection method developed in this study is expected to serve as a

decision-making engine for AI agents in future autonomous materials discovery

laboratories, guiding the planning and execution of experiments. By combining with the

reasoning capabilities of large language models, this approach can incorporate human-

like flexible thought processes, potentially accelerating groundbreaking discoveries in

uncharted material spaces. This represents a significant step in transforming materials

science research from a trial-and-error paradigm to an AI-driven design methodology.

Source: https://arxiv.org/abs/2609.19550
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#11 CoFe2O4: AI foundation model vs DFT site
preference specs

OVERVIEW

Recent analysis reveals that AI foundation models for materials science, such as

CHGNet and MACE-MP-0, exhibit limitations in accurately predicting d-electron site

preferences in spinel structures. Specifically, for CoFe2O4, model predictions

significantly deviate from density functional theory (DFT) calculations and established

chemical principles. This highlights the necessity of integrating more detailed

electronic structure descriptions to enhance the reliability of materials AI models.

Published September 25, 2026  Ouro  Unknown



IN DEPTH

Key Findings: Materials AI Foundation Models Show Inaccuracy in Predicting

Spinel d-Electron Site Preference

A critical limitation has been identified in prominent AI foundation models for materials

science, such as CHGNet and MACE-MP-0: their inability to accurately predict the d-

electron site preference in compounds with spinel structures. Through a specific analysis

using cobalt ferrite (CoFe2O4), it was demonstrated that the predictions from these

foundation models were markedly inaccurate when compared to high-fidelity density

functional theory (DFT) calculations and textbook expectations based on decades of

chemical understanding.

Technical Details: Complexity of Electronic Structure and Model Limitations

The cation site preference in spinel oxides, particularly for transition metal ions with d-

electrons, strongly depends on complex electronic structures, including electron

correlation, crystal field effects, and exchange interactions. In the CoFe2O4 spinel

structure, the distribution of Co2+ and Fe3+ ions between octahedral and tetrahedral

sites dictates the material's magnetic and electrical properties. While DFT calculations

can describe these electronic structures relatively accurately, current foundation models

primarily learn from simpler geometric and chemical features like atomic positions and

types. This suggests they may not adequately capture the subtle nuances of d-electron

orbital characteristics or spin states. This inaccuracy leads to discrepancies between the

model's predicted structural stability and energy, and the actual behavior of materials.



Background and Industry Context: Reliability Challenges in AI-Driven
Materials Design

AI foundation models hold immense promise for accelerating the discovery of new

materials and property prediction. However, if their predictions contradict fundamental

physical laws or chemical principles, their reliability is severely compromised.

Particularly, the behavior of d-electrons is directly linked to the performance of many

functional materials used in catalysts, magnetic devices, and semiconductors, making

prediction accuracy in this area paramount. This research highlights the current

limitations in the universality (generality) of materials AI models and underscores the

need to incorporate more physically meaningful features and direct electronic structure

descriptions into these models.

Outlook: Necessity for Developing Next-Generation Electronic Structure-
Integrated AI Models

To overcome this challenge, future materials AI models must adopt architectures capable

of directly learning more detailed electronic structure information, beyond mere atomic

arrangements, such as interatomic orbital interactions, spin states, and crystal field

splitting energies. Approaches like embedding quantum states of electrons as node or

edge features in graph neural networks could be considered. Such physically-grounded

model development will enhance the accuracy and reliability of AI predictions not only in

spinel structures but across a wide range of complex material systems, ultimately

leading to more effective AI-driven materials design platforms.

Source: https://ouro.foundation/posts/hermes/foundation-models-miss-the-d-electrons-in-spinel-site-

preference
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#12 ML Interatomic Potentials: DocShare 2026
accuracy explained

OVERVIEW

A study published on DocShare identified a consistent 'systematic softening' in the

potential energy surfaces (PES) of universal machine-learned interatomic potentials

(uMLIPs) such as M3GNet, CHGNet, and MACE-MP-0. Crucially, the research

demonstrated that fine-tuning with even a single additional data point can rectify this

issue, significantly improving the reliability of uMLIPs for large-scale atomic

simulations. This data-efficient correction represents a breakthrough for enhancing

the accuracy and practicality of MLIPs in materials science.

Published September 18, 2026  DocShare  Unknown



IN DEPTH

Key Findings

A research paper published via DocShare has revealed a critical and consistent error,

termed 'systematic softening' in the potential energy surfaces (PES), affecting widely

used universal machine-learned interatomic potentials (uMLIPs) such as M3GNet,

CHGNet, and MACE-MP-0. Remarkably, the study demonstrated that this issue can be

effectively corrected through fine-tuning with as little as a single additional data point.

This discovery paves the way for dramatically enhancing the reliability of uMLIPs in

large-scale atomic simulations through highly data-efficient corrections.

Technical Details

Systematic softening refers to the phenomenon where uMLIPs tend to predict lower

energy gradients (i.e., 'softer' bonds) than actual physical systems, particularly for atomic

configurations far from equilibrium or for specific chemical bond stretches. This error can

significantly impact predictions of material stability, vibrational properties, and reaction

pathways. The researchers identified the root cause of this problem and subsequently

developed a fine-tuning methodology using a minimal amount of high-fidelity first-

principles calculation data (e.g., just one energy and force data point) to update existing

uMLIPs. This data-efficient approach substantially improves the models' predictive

accuracy without incurring the massive computational costs typically associated with

retraining, leading to more realistic results especially for complex phenomena like defect

formation and phase transitions.

Background & Context

uMLIPs are becoming indispensable tools in materials science research, enabling large-

scale atomic simulations at speeds vastly superior to first-principles calculations (e.g.,

DFT) while maintaining comparable accuracy. However, due to their 'universality,'

concerns have been raised regarding their predictive accuracy for specific material

systems or under extreme conditions. The identification of this systematic softening

issue and the discovery of its data-efficient solution are critically important for improving

the practical reliability of uMLIPs. This will enable researchers to apply uMLIPs with

greater confidence to complex material systems and long-time simulations, further

accelerating the pace of new material development.



Strategic Significance & Outlook

The discovery of this fine-tuning methodology will dramatically enhance the applicability

and reliability of uMLIPs, having a profound impact on the materials informatics field.

Moving forward, this approach is expected to be widely applied to identify and correct

systematic errors in uMLIPs across various material classes (e.g., metals,

semiconductors, ceramics, polymers). This will enable more accurate and efficient large-

scale molecular dynamics simulations, Monte Carlo materials exploration, and studies of

defect dynamics. Ultimately, this technology will strengthen the foundation of AI-driven

materials design, contributing to the accelerated discovery and practical implementation

of innovative materials based on more precise predictions.

Source: https://docshare.wps.com/document/overcoming-systematic-softening-in-universal-machine-
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Collected: September 25, 2026 | Automated Research System (Gemini API)

https://docshare.wps.com/document/overcoming-systematic-softening-in-universal-machine-learning-interatomic-potentials-by-fine-tuning/291029/
https://docshare.wps.com/document/overcoming-systematic-softening-in-universal-machine-learning-interatomic-potentials-by-fine-tuning/291029/

