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Traditional materials discovery is slow

Traditional materials discovery workflow

Limitations

High cost, long development cycles, 

low success rate

2
Yang Hu, TOFA 2026



3

The design space of complex materials is vast

Yang Hu, TOFA 2026

The number of possible compositions 
is astronomical, yet the explored 

fraction is infinitesimal

MPEA: multi-principal element alloy
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High-T 

MPEA

• Simulations provide key alloy-screening 

properties

• Atomic-scale characterization of element 

distributions is challenging

Nature 592, 712–716 (2021)

Encyclopedia of Materials: Science and Technology 

(Second Edition) 2001

Yang Hu, TOFA 2026

The design of complex materials is multi-objective

Space propulsion

Gas turbine

Fusion and fission applications
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Simulations can accelerate materials discovery

Robust Atomistic Codes

Mature simulation engines 

provide a reliable 

foundation for executing 

complex workflows.

Yang Hu, TOFA 2026

Limited to small systems & 
short times

Enables larger systems & 
longer times

Phys. Rev. 140, 4A 

(1965): A1133

Phys. Rev. 159, 1 

(1967): 98

J. Comput. Phys. 117, 1 (1995): 1-19

Phys. Rev. B 54, 16 (1996): 11169

J. Phys. Condens. Matter 29, 27 (2017): 273002
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Limited to small systems & 
short times

Enables larger systems & 
longer times

Breakthroughs enabled by U-MLIPs:

• Near-DFT accuracy

• Broad elemental coverage

• Scalable simulations

https://doi.org/10.48550/arXiv.2401.00096 

U-MLIPs expand atomistic simulation capabilities

Phys. Rev. 140, 4A 

(1965): A1133

Phys. Rev. 159, 1 

(1967): 98

Universal Machine 

Learning Interatomic 

Potentials (U-MLIPs)

https://doi.org/10.48550/arXiv.2401.00096


Supercell Atoms
VASP

GPU

U-MLIP wall-clock time per forward pass (ms)

SpeedupORB v3

direct

ORB v3

conserv.

MACE

omat-0

NequIP

oam-xl

2×2×2 32 11.6 min 11 28 27 183 ~6.3×10⁴×

3×3×3 108 79.5 min 12 78 59 766 ~3.8×10⁵×

4×4×4 256 3.78 days 16 184 122 2,215 ~2.0×10⁷×
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U-MLIPs expand atomistic simulation capabilities

Accuracy of U-MLIPs:

Computational efficiency of U-MLIPs:

Calculator Training data
Formation energy

MAE (meV/atom)
R²

Stability

F1 score

NequIP oam-xl
OMat24 + MPtrj + 

sAlex
19.5 0.995 0.885

ORB v3 (mpa)
MPtrj + Alex + 

OMat24
22.7 0.993 0.887

MACE mpa-0 MPtrj + sAlex 27.6 0.994 0.836

Matbench Discovery

➢ Community benchmark for U-MLIPs

➢ Test set — WBM (Wang–Botti–Marques): 

256,963 inorganic crystals covering 85 elements. 

42% are intermetallics; the rest are oxides, 

halides, chalcogenides, pnictides and 

borides/carbides. 16.7% lie on the DFT convex 

hull, i.e. are stable.
Nat. Mach. Intell. 7, no. 6 (2025), 836-847.

npj Comput. Mater. 7, no. 1 (2021): 12.

matbench-discovery.materialsproject.org

➢ Laptop GPU: RTX 5000 Ada, 16 GB

➢ VASP: single-point calculation

➢ U-MLIPs: one forward pass (energy+forces)

➢ Speedup = VASP / ORB direct
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Simulations can accelerate materials discovery

Robust Atomistic Codes

Mature simulation engines 

provide a reliable 

foundation for executing 

complex workflows.

Universal ML Potentials

Pre-trained foundation 

models offer near-DFT 

accuracy across broad 

compositions without 

system-specific fitting.

Yang Hu, TOFA 2026

Simulations are powerful, but 

the barrier to entry is high and 

progress is limited by manual 

setup, monitoring, and analysis.

How can we make simulations more 
accessible?
How can we free researchers from 
routine, repetitive tasks?

arXiv:2607.28461 (2026)

Nat. Commun. 16, 1 (2025): 10653arXiv:2410.22570 (2024)

J. Chem. Phys. 163, 18 (2025)
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Agentic materials discovery is now possible!

Robust Atomistic Codes

Mature simulation engines 

provide a reliable 

foundation for executing 

complex workflows.

Universal ML Potentials

Pre-trained foundation 

models offer near-DFT 

accuracy across broad 

compositions without 

system-specific fitting.

Reasoning-Capable LLMs

Modern LLMs orchestrate 

the pipeline through 

scientific reasoning, tool 

use, and long-context 

processing.

Yang Hu, TOFA 2026

An agent is a software system that can plan and take actions toward a 

goal. In practice, it is an orchestrator that connects tools, data, and 

decision-making logic.

arXiv:2505.07608 

(2025)arXiv:2406.12793 (2024)

arXiv:2303.08774 (2023)
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OptiMat Alloys architecture

➢ OptiMat Alloys is built on the Python-based AutoGen framework.

➢ AutoGen is an open-source framework developed by Microsoft for building multi-agent AI 

applications.

➢ The agent connects to cloud-hosted LLMs via APIs.

Yang Hu, TOFA 2026
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OptiMat Alloys architecture

➢ The agent provides a web-based GUI built with Chainlit.

➢ Users interact with it entirely in natural language.

Yang Hu, TOFA 2026
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OptiMat Alloys architecture

➢ The agent integrates ASE-based simulation 

tools with embedded visualization via OVITO 

and Plotly.

Yang Hu, TOFA 2026

ASE: 

a Python toolkit for 

setting up, running, 

and analyzing 

atomistic simulations.

U-MLIPs are installed 

as Python packages 

and used as 

calculators within ASE.
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OptiMat Alloys architecture

➢ The agent writes 

computed data 

into a local SQLite 

database.

➢ Simulation inputs 

and results can be 

summarized and 

exported as a 

report.

Yang Hu, TOFA 2026



Elements: Co, Cr, Ni
Composition: equiatomic
Structure type: FCC
Property: formation energy

14

Agent decision and execution flow

Yang Hu, TOFA 2026
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A living database that grows through usage

Yang Hu, TOFA 2026

➢ The local SQLite database grows 

with every user–agent interaction.

➢ Data generation is no longer 

separated from data deposition

Data retrieval

Data discarded

Data retrieval

Data deposit

Other agents:

Ephemeral data

Our agent:

Living data

➢ Stored results avoid repeated 

computation
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Beyond results: capturing simulation provenance

Yang Hu, TOFA 2026

➢ Simulation methods, input parameters, and software versions are summarized in an 

exportable report.

➢ Generated structures can also be exported for external use.



Demo

Yang Hu, Swiss RSE day 2026
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Take-home messages

Yang Hu, TOFA 2026

➢ Agentic materials discovery is possible today. Robust atomistic codes, universal ML potentials and 

reasoning-capable LLMs are all mature; the agent is the glue.

➢ U-MLIPs bring near-DFT accuracy at a tiny fraction of the cost. Formation energies within 30 meV/atom 

of DFT on Matbench Discovery; cost scales roughly linearly with system size, against N³ for DFT.

➢ OptiMat Alloys turns a sentence into simulations. SQS structures, elastic tensors and finite-temperature 

thermodynamics, with no scripts, no job files and no HPC account.

➢ Every result persists with its provenance. A FAIR living database that grows through use (491 structures 

in six months of testing) and can be merged across groups.

➢ Screening-grade, not final. Promising compositions still need DFT and experiment; the calculator is 

swappable as better potentials arrive.



Thank you!

Empa – The Place where Innovation Starts

https://www.optimat.chat/

yang.hu@empa.ch

https://github.com/OptiMat-Chat/OptiMat-Alloys

Docker image: yhu1991/optimat-alloys
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Accuracy of U-MLIPs

Acc: Accuracy of classifying crystals as thermodynamically stable or unstable (higher=better)

F1 Score: Harmonic mean of precision and recall for stable/unstable material classification (higher=better)

Prec: Precision of classifying thermodynamic stability (higher=better)

R2: Coefficient of determination (higher=better)



Thermo-Calc and experimental databases

21

16 Thermo-Calc databases (TCFE14, TCHEA8, TCNI13, TCAL10, TCCU6, TCTI6, TCMG8, TCMO2, 

TCNB1, TCNOBL4, TCSI1, TCSLD5, TCZR1, TCCC1, TCPMAG2, TCUHTM2) as of October 2025

(i) the Borg MPEA Database hosted by 

Citrine Informatics (630 compositions), 

and (ii) 29 domain-specific review 

papers published between 2018 and 

2024 (705 compositions, 459 unique 

after deduplication with the Borg set).



Combinatorial thin film libraries for high-throughput 
alloy screening
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SwissMapper integrates

➢ X-ray diffraction (XRD) - structural analysis;

➢ X-ray fluorescence (XRF) - composition;

➢ Nano-indentation - mechanics;

➢ Four-point probe - electrical conductivity;

➢ Optical microscopy - surface morphology.

https://www.empa.ch/web/s206/thin-films-
and-extreme-mechanical-properties
https://doi.org/10.1021/acsami.4c14689

https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://www.empa.ch/web/s206/thin-films-and-extreme-mechanical-properties
https://doi.org/10.1021/acsami.4c14689
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Simulations can accelerate materials discovery

Robust Atomistic Codes

Mature simulation engines 

provide a reliable 

foundation for executing 

complex workflows.

Yang Hu, Swiss RSE day 2026

Structural optimization:

➢ Conjugate gradient (CG)

➢ Broyden–Fletcher–Goldfarb–

Shanno (BFGS) algorithm

➢ FIRE

… 

Elastic properties: 

Thermal properties:

Quasi-harmonic approximation (QHA) 
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Large language models bring opportunities

INCREASING MODEL SCALE INCREASING CONTEXT WINDOW INCREASING REASONING DEPTH

2018

GPT-1

Scale: 117M
 Context: 512

Pretraining

2019

GPT-2

Scale: 1.5B
 Context: 1k

Zero-shot

2020

GPT-3

Scale: 175B
 Context: 2k

Few-shot

2022

GPT-3.5 series

Scale: 175B
 Context: 8k

Instruction 

Following

2023

GPT-4

Scale: Undisclosed
 Context: 8k

Multimodal

2024

GPT-4o

Scale: Undisclosed
 Context: 128k

Omni Integration

2024

o1

Scale: Undisclosed 
Context: 200k

Explicit Reasoning

2025–26

GPT-5 family

Scale: Undisclosed
 Context: up to 1M+

Agentic Reasoning

LLMs are no longer only question-answering systems

Natural-language interaction Tool calling Workflow planning Scientific interpretation Provenance-aware 

reporting
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Planned: integrate open CALPHAD workflows

Yang Hu, TOFA 2026

A substitutional solution phase is fitted to 

➢ ΔHmix at 0 K from SQS; excess S and Cp from quasi-

harmonic G(T); molar volume Vm(T)

➢ Ensemble mean ± std over independent SQS cells, with 

calculator, version and settings recorded

➢ Datasets are exported, not just the fitted TDB — the fit 

can be repeated as potentials improve

QHA Gibbs energy, 15 SQS cells per 

phase, MACE omat-0; bands ±1 std

OptiMat Alloys 

database
SQS ensembles, one 

entry per composition

Export
ESPEI datasets, 

provenance kept

ESPEI
Redlich–Kister 

parameters on SGTE 

unaries

pycalphad
TDB → phase diagrams, 

driving forces
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