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How does a materials discovery workflow look like ?

A. Halder, D. Paudyal, S. Sanvito, M. Takáč and Huseyin Ucar, Acta Mater 297, 121347 (2025)
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Curie temperature from experimental data

A cluster expansion for phase diagrams

Moving to full AI agentic materials modelling

ML to enable massive throughput
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Spin-dependent force field
A model-agnostic tool for magnetic excitations



ML with experimental data: TC

James Nelson, Matteo Cobelli, Luke Gilligan

J. Nelson and SS, Phys. Rev. Mater 3, 104405  (2019)



 ML on experimental data: TC of ferromagnets

Start from

experimental 

data

Goal: predict TC of ferromagnets

~2,500



Goal: predict TC of ferromagnets

“Standard way”

Density 
functional 

theory

Mapping on 
Heisenberg 

model

Classical 
Monte Carlo TC

Approximation

Cell size

Broken symmetry

…

Non-magnons

Interaction range

….

Quantum effects

….

Often if we do not know the answer we cannot ‘predict’

 ML on experimental data: TC of ferromagnets



 ML on experimental data: TC of ferromagnets

1818 Training 746 Test

Ridge = Ridge Reg.; KRR = Kernel Ridge Reg.; NN = Neural Net; RF = Random Forest

Some level of manual curation (e.g. paramagnets)

TC

O=8 Fe=26

Fe3O4
⟨P⟩ = 3/7PFe + 4/7PO



MAE~65 K

J. Nelson and SS, Phys. Rev. Mater 3, 104405  (2019)

 ML on experimental data: TC of ferromagnets

J.F. Belot, V. Taufour, SS and G.L.W. Hart, 
Appl. Phys. Lett. 123, 042405 (2023)

More accurate than ab initio

Gets better with volume



J. Nelson and S. Sanvito, Phys. Rev. Mater 3, 104405  (2019)

 ML on experimental data: TC of ferromagnets
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J. Nelson and S. Sanvito, Phys. Rev. Mater 3, 104405  (2019)

 ML on experimental data: TC of ferromagnets



Data can be used to construct models !

Useful for an initial exploration

Extremely high throughput

Only experimental data are needed

Structure difficult to introduce

Need to harvest more data

 ML on experimental data: TC of ferromagnets

Need to accelerate models construction



  Where do the data come from?

Experimental data are scattered and unstructured

• 4.7M articles published every year

• >0.5M material-science article every year

• Unpublished data 100-fold larger 



  Collecting data automatically

Concept:	construct	an	agent	
for	precise	information	
retrieval	from	scientific	
literature

• Workflow must be domain non-specific

• Little training necessary

• Little labour intensive

• Accurate

• High-throughput

Requirements

Harvest more data



  Collecting data automatically

250,000 
articles

Step 1: 

Sentence tokenisation

Literature List of sentences

Step 4: 

Relation classification

Relevant sentences

The	Curie	temperature	of	Ga0.5Fe2.504	
and	Ga0.7Fe2.3O4	have	been	found	to	

be	equal	to	413	°C	and	347	°C,	
respectively.	

55,000 sentences

Step 3: 

Named entity 
recognition

The	Curie	temperature	of	Ga0.5Fe2.504	
and	Ga0.7Fe2.3O4	have	been	found	to	

be	equal	to	413	°C	and	347	°C,	
respectively.	

Step 2: 

Classification

Ga0.5Fe2.504			413	°C

Ga0.5Fe2.504			347	°C

Ga0.7Fe2.304			413	°C

Ga0.7Fe2.304			347	°C

Step 5: 

Post-processing

Compound TC (K)

Ga0.5Fe2.504																																		686

Ga0.7Fe2.304																																		620

1,700 unique entries Database

L. Gilligan, M. Cobelli, V. Taofour and SS, npj Comp. Mat. 9, 222 (2023)



Database	for	TC:	comparison	with	manually	curated	and	grammar-
based	databases

  The quality of the database



TC:	RF	on	the	automatically	extracted	
database

  The database can be used

No	curation	this	time



  The database can be used

Now	everything	can	be	done	with	LLMs,	
enabling	much	more	complex	
extraction	tasks	(multimodal)



  The database can be used

Careful	with	data	bias!!!

J.Schlesinger et al., Mater. Horiz. d6mh00209a (2026)



  AutoResearch for models construction

Model construction acceleration

M. Cobelli and SS, Digit. Disc.; arXiv:2605.14671 (2026)

needs more sophisticated agents



  AutoResearch for models construction

Model construction acceleration

M. Cobelli and SS, Digit. Disc.; arXiv:2605.14671 (2026)



  AutoResearch for models construction
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Model construction acceleration

M. Cobelli and SS, Digit. Disc.; arXiv:2605.14671 (2026)



Need to accelerate models construction

Data can be used to construct models !

Useful for an initial exploration

Extremely high throughput

Only experimental data are needed

Structure difficult to introduce

Need to harvest more data

 ML on experimental data: TC of ferromagnets

High-throughput NLP method now developed
Need to harvest more data

Need to accelerate models construction
Agents AI can help here



Structure Representations



 How do we introduce the atomic structure?

What do we do when the structure is important?



 How do we introduce the atomic structure?

Structural information more difficult to include

Many conventional methods are not good for ML, 
e.g. space groups

No. 225 No. 166



 Representation in Materials Science

Local Structural Representations

 Cartesian coordinates

Invariant by translations
Locality fixes the problem
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3

4

Locality fixes also invariance by 

permutation
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 Representation in Materials Science

Invariant by rotations Needs to be built in

Usually spherical harmonics expansion

Local Structural Representations



 Representation in Materials Science

Problems with local representations

1) Tend to be large (many features even for simple 
structures)


2) They are not invertible


3) Not so easy to implement


4) Often not complete (same representation to 
different molecules)


5) Cannot describe global quantities

Molecule                        Representation
Representation              ????



 Representation in Materials Science

Global representations
Graphs

• Tend to be complex

• Need to be used with deep models and lots of data

• Very effective and universal

• Equivariance can be built in




 Representation in Materials Science

Global representations

SMILES / SELFIES

CC(=O)OC1=CC=CC=C1C(=O)O

Lexical representation (good 
for generative models)

No 3D info (polymorphs?)



A cluster expansion for phase 
diagrams

Michelangelo Domina, Matteo Cobelli, Urvesh Patil, Hugo Rossignol, Michael 
Minotakis, Rutchapon Hunkao



 A flexible way to represent atomic structures

=
+ + + + +

Jacobi-Legendre potential (cluster expansion)

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)

ϵ1 ϵ1 ϵ2 ϵ3 ϵ3ϵ3
E0 = ∑

i

ϵi



 A flexible way to represent atomic structures

+ + +….
v(2)

33 v(2)
13 v(2)

12

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)

=
+ + + + +ϵ1 ϵ1 ϵ2 ϵ3 ϵ3ϵ3

E0 = ∑
i

ϵi

Jacobi-Legendre potential (cluster expansion)



 A flexible way to represent atomic structures

Shifted Jacobi polynomials

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)
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Jacobi-Legendre potential (cluster expansion)



 A flexible way to represent atomic structures

+ +….
v(3)

233 v(3)
123

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)
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Jacobi-Legendre potential (cluster expansion)



 A flexible way to represent atomic structures

+ +….

“Doubly vanishing” Jacobi polynomials Legendre polynomials

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)
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Jacobi-Legendre potential (cluster expansion)



 A flexible way to represent atomic structures

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)

Jacobi-Legendre polynomials to spherical harmonics

Addition theorem for spherical harmonics

One can establish a connection between the JL cluster 
expansion and atom-centred representations

M. Domina and SS, Phys. Rev. B 112, 085106 (2025)

This can be generalised with multi-polar spherical harmonics



Benzene Molecule

DFT-accurate force fields

 Accurate energy models (DFT > Force Field)

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)



 Accurate energy models (DFT > Force Field)

Amorphous Carbon

 Accurate energy models (DFT > Force Field)

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)

465 features



 Accurate energy models (DFT > Force Field)

Amorphous Carbon

 Accurate energy models (DFT > Force Field)

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)
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 A flexible way to represent atomic structures Phase diagram predictions

Rutchapon Hunkao and SS, Acta Mater. Under review (2026) 

The Ni-Pd phase diagram



Very accurate JLP
 Phase diagram predictions

Multiple models possible: following Pareto front important

3B model: 873 parameters

Rutchapon Hunkao and SS, Acta Mater. Under review (2026) 



Very accurate JL model
 Phase diagram predictions

Rutchapon Hunkao and SS, Acta Mater. Under review (2026) 



Massive throughput Ni-Pd phase diagram

ΔH

 Phase diagram predictions

Rutchapon Hunkao and SS, Acta Mater. Under review (2026) 



 Phase diagram predictions

ΔG = ΔH − TΔS

This is a big task: phonon calculations for 100,000 structures

from supercells containing 24 atoms !!



 Phase diagram predictions

Rutchapon Hunkao and SS, Acta Mater. Under review (2026) 



Massive throughput Ni-Pd phase diagram

>15,000,000 energy calculations

~100,000      phonon calculations

 Phase diagram predictions



 A flexible way to represent atomic structures The JL framework

Very general framework for ML in 
computational materials science

Low-body orders interpretable

Very efficient and avoids deep learning

Extendible to vector and tensor fields and 
working with vector and tensor inputs




