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Innovating nanoscience

Al and machine learning for magnetism (and beyond)
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K. Rossi et al. (a lot of “al.”),

2026 Roadmap on Digitalising Materials Science,
JPhys Materials (2026);

10.1088/2515-7639/ae9010
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THT
......

How does a materials discovery workflow look like ?
Structure Relaxation New relaxed
(from AFLOW) New structure  \13GNET) structure
e W e Element _& ! .
gi Sub sgftutlon ‘: L 07%¢ { %g {
. . ‘Y
. o et _—— Magnetlc moment’ "-‘-'—‘—‘—‘--:-_—_—_—_-_—_—_-_____ MCA
[TC predlCthﬂS]Q——-‘ predictions — —1> predictions ]
N N\
'(composition, T(@ {structure, Tc} '{structure Mg} ' {structure, MCA}
Manually MP / AFLOW Magnetic Magnetocrystalline
generated Random forest moments M3GNET anisotropy energy RF
Tc dataset regression \_  from MP (MCA) Classification,

v /

[Validation with DFT for top]

candidates

Lab

A. Halder, D. Paudyal, S. Sanvito, M. Taka¢ and Huseyin Ucar, Acta Mater 297, 121347 (2025)
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Materials Experimental data > ML Models

theory across

the scales {
S 1
Mesoscale
10 modelling
HS 106
ns 109
ps 10-12

fs 10-15
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A nm um mm
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Representation
Chemistry

Structure
Time

Data

Experimental
Synthetic
Theory

A %

- N

ML model Observable
Regression Scalar
N Network Vectors
Kernels Tensors

Transformers
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CRANN

Don’t use it when it is simple Don’t use it when it is expensive

A A
k%

y o
&)
&) ML/AI
S
Q.
&
o
&)

common sense line conventional
.'> ."

X time
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Outline

Curie temperature from experimental data
Moving to full Al agentic materials modelling

---- DFT (2x2x2): 673 data points
----------

A cluster expansion for phase diagrams |I”i“||H||“||| L

ML to enable massive throughput

Spin-dependent force field

A model-agnostic tool for magnetic excitations




James Nelson, Matteo Cobelli, Luke Gilligan SRR

ML with experimental data: Tc

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



_al data: Tc of ferromagnets

Goal: predict Tc of ferromagnets
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.. on experimental data: Tc of ferromagnets

Goal: predict Tc of ferromagnets

“Standard way”

~ ~ s ) ( )
Density Mapping on Classical
functional | — | Heisenberg | —> —
Monte Carlo
. theory D model
— _J \— _J
Approximation Non-magnons Quantum effects
Cell size Interaction range

Broken symmetry

CRANN

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




ML on experimental data: Tc of ferromagnets

0=8 Fe=26
(...,0,4/7,0,...,0,3/7,0...)

FesO ﬁ > ﬁ >
e (P) = 3/7Pp, + 4/7P, e

1818 Training 746 Test
Some level of manual curation (e.qg. paramagnets)

R? |All C10 C20 C40 C80 P10 P20 P40 PS80
Ridge0.5000.48 0.50 0.51 0.50 0.27 0.30 0.32 0.37
KRR [0.7040.72 0.76 0.74 0.71 0.70 0.71 0.70 0.69
NN 0.74 0.77 0.77 0.75 0.71 0.74 0.75 0.73
RF 0.83]0.78 0.80 0.80 0.81 0.73 0.75 0.74 0.73

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



-ental data: Tc of ferromagnets

More accurate than ab initio

Exp. Te (K)

1200 1

1000 1

800 1

600 1

400 -

200 1

[
MAE~65 K i
° ..:(,
° . /" .
o 00.:. o :‘.‘/
¢ ...‘I / °

00 600 800 1000 1200
Pred. T¢ (K)

CRANN

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

Training Data Size vs MAE

9x 10

w
< 8x 10!

7x10%;

2% 103 3% 103

Training Data Size

10°

Gets better with volume

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



ML on experimental data: Tc of ferromagnets

1400

Fe-Ni

1200 -

1000 -

800 -

Tc (K)

600 -

400 -

200 -

Ni-Rh

06 08 1.0 0.2 05 0.8

Co Fe
Atomic Fraction

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

0.6

0.8 1.0
Ni

CRANN



-xperimental data: Tc of ferromagnets

AN
T

1.0 0.8 0.6 0.4 0.2

Atomic Fraction Co

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

0.0

- 1000
- 750
-500
-250

Tc (K)

1200

1000

800

600

400

200

CRANN



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

Need to harvest more data

Need to accelerate models construction



- Where do the data come from?

Experimental data are scattered and unstructured

CRANN

* 4. /M articles published every year
« >0.5M material-science article every year
« Unpublished data 100-fold larger

- nanoparticles

- battery cathode matenals
- photocatalytic materials

- thermoelectric maternials

- polymers

- MOFs

- biomaterials

- 2D materials

- semiconductor materials

Numbgr of publlcapons
EEEERT"EER




Collecting data automatically

Harvest more data

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

Requirements
» Workflow must be domain non-specific
« Little training necessary
« Little labour intensive
« Accurate
* High-throughput



Collecting data automatically

Literature List of sentences Relevant sentences
— The Curie temperature of GapsFe2504
— and Gao.7Fe2304 have been found to
q — » e eaial 0 415 -C and 347 -C.
— respectively.
Step 1: \ Step 2:
250.000 Sentence tokenisation Classification 55,000 sentences

articles

Gao_5Fe2.5O4 413 °C

GapsFezs04 347 °C

Gao_7F62_304 413 °C

Gao,7Fez.304 347 °C

Step 5:
Post-processing

<

Step 4:
Relation classification

The Curie temperature of GagsFez.504
and Gao.sFe;.304 have been found to
be equal to 413 °C and 347 °C,
respectively.

Step 3:
Named entity
recognition

Compound Tc (K) Ii

Gao.sFez504 686 q

Gao.7Fe2304 620 | ,l
1,700 unique entries Database

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



 The quality of the database

6.0E L
3.0 ® r
® Eed ChemData CRANN
m ‘. [1 Bert extracted
= 2.5
< 'o 9] Manually extracted
. ® @
£2090
° ®
@
)
S15)@
3 @@
o @00
g ® @@
L1070000000@®
000000 @@@®
Crrerrreeeel ) §
OQQQQQOOQQQQO CAC o]
0.57000000000000000000000@@®E
OQ....OOQ0.000000000..00.0.0
Clelolo o OXOJOJOYOJOXOXCJOXOXOJORCXOXOJOXCOJC RO XOJOJOXC )
00'ooooooocoooo'ooooooooooolooooo : Ceesesto<U L ]
) 200 400 600 800 1000 1200
Tc (K)
1400 - e ChemDataExtractor
o BERT-PSIE
1200 e Manually curated
1000 -
¥ 8001
©
600 -
400+
200
0_

B C O Al Si Ca Ti Cr Mn Fe Co Ni Cu Ga Ge Sr Y La Ce Nd Gd Tb Dy Ho Er U

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



-e database can be used

15004 Precision: 0.83 0.87 0.98

Recall: 0.88 0.51 0.41
1250 1 — — —

1000
¥
S 750
500 - ==

250 1 y

0 i =" S . —_—

all 300 600 900
Screening Temperature (K)

No curation this time

Tc: RF on the automatically extracted
database

Tc (predicted) (K)

Tc (predicted) (K)

1200 4

=
o
o
o

800 1

600 -

4001 &%

200 1

1200 4

1000 4

800 1

600 -

400 1

200 1

BERT-PSIE
R2 = 0.65
MAE = 126K P
RMS = 174K s

BERT-PSIE + ChemDataExtraxtor

R2 = 0.69 R
MAE = 118K
RMS = 165K %

0

250 500 750 1000 1250
Tc (measured) (K)



-base can be used

Now everything can be done with LLMs,

enabling much more complex
extraction tasks (multimodal)

Energy density (Wh kg™)&

Cycle Number (n)

CRANN

S
(]
1

o
<
1

—%— This Work

7
—e—, CuO-P/NVPOF/

] —®~ MoSe,/MXeng]/AC
1 7 MoSe,//AC,”

17

{ —#— CoSe,-CNS//NVPOF

/

4

1 —ﬁ—MoSeifGO//AC ’
7 7
10 100 ., 1000 10000
Power density (W kg™)

[-: Ragone plot

6 extracted

® Extracted points — Extracted fit
165.5
L ]
1452 e
E,
o= ()
S 1274
£
2
3 18 S
=
g
W 98.04 \
[ J
86
100 200 500 1,000 2,000
Power density (W kg™)
EXTRACTED FIT
FIT ERROR R2
66.15 W kg™’ 0.997
RMSE 6 fit points
Tcell Em n
0.007574 Wh kg™ /W 170 Wh kg™' 0.6498

kg™

Fit




 The database can be used

Careful with data bias!!!

Number of targets

10 20 30 40 =50
o o—
1 0,
5 00% -CGNF I SynthNN
S
("2}
£ =
S 50%
2]
<
g
Qo
S ol — 1]
00 01 02 03 0.0 0.1 0.2 0.3
100%
2 - PU-CGCNN
N .
2]
g m
S 50%
7))
<
g
Qo
X 0%

0.0 0.1

0.2 0.3

Mopt (€V/atom)

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

0.0 0.1 0.2 0.3
Mopt (€V/atom)

1.0

(@)
(9}
Score

0.0

0.0

CRANN



_nodels construction

CRANN

Model construction acceleration
needs more sophisticated agents

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



_ch for models construction

Model construction acceleration

CRANN

Automat autoresearch workflow

Inputs and constraints

Agentic autoresearch loop

-

program.md
-_—_- Defines goal, constraints,
evaluation protocol, and

stopping rules

s

N
Available during descriptor development

Project directory

Training/search data J ReJeckattempt

and revert to
previous best

Held-out validation data

P p——

Fixed CV
folds on
training/
search set

Evaluate accepted checkpoint
on held-out validation set

Used for generialization monitoring,
stopping, and final selection

Accept
checkpoint

1. Propose chemically
motivated descriptor idea

=

Yes

Problem Knowledge
Scientific Insight
Implementation Strategy

Improves
best cv-MAE?

2. Write descriptors/idea.md

v

3. Implement
descriptors/idea.py

6. Compute mean [

cross-validation MAE

]

(cv-MAE) J

only descriptors from formula

‘ L4. Compute composition-

1

5. Evaluate with fixed
random forest on
training/search set

e

>

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



or models construction

Model construction acceleration

=e= train/search
80 A =m=held-out val r 450
O Discarded attempt
B Selected descriptors
F 400
78 A ._l
o
® F 350
76 o
o o
° I - 300
< 744 1. Magnetism-focused composition L4 ® Q o
; baseline . . 1 o
< 2. Added Magnetic sublattice i o o L 250
s ratios and interaction |
features °
72 4 .ﬁ/& Added Explicit magnet-family 17. Added Pairwise
-_I elemental fractions and electronegativity-difference L 500
grouped interactions ionicity features
— L—————— 22. Exchange-balance descriptor
\ I with pairwise ionicity block
70 4. Added Common oxidation-state 0 removed
and charge-balance proxy - 150
features
[ —
— —] n
68 A 18. Added Exchange-density and F 100
dilution balance features on
10. Added Full atomic-number ionicity pair descriptor
fraction fingerprint plus
periodic block totals
66 1 T T T T T T ) 50
1 6 11 16 21 26

Search iteration

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

Descriptor size

Kept
Discarded
Crashed

Feature addition
Feature removal
Feature refinement

CRANN



-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

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

Need to accelerate models construction
Agents Al can help here



CRANN

Structure Representations

a Pharmacophore
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How do we introduce the &

What do we do when the structure is important?

CRANN

1400 - . .

Fe-Ni Ni-Rh
1200
1000

800 -

Tc (K)

600 -

400

200 -

06 08 1.0 02 05 0.8 06 0.8 1.0
Co Fe Ni
Atomic Fraction



How do we introduce the

Structural information more difficult to include

CRANN

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




Representation in Materials S

Local Structural Representations

CRANN

1 2 Cartesian coordinates
U = (x_ia ZI?Q, x—éa x_;l)

4

—

v+ 1w

3

Invariant by translations

Locality fixes the problem

Qlocal Z Qz

Locality fixes also invariance by 4 1
permutation i



Representation in Materials $

Local Structural Representations

5
U
Uv
Invariant by rotations .;\‘ Needs to be built in

Usually spherical harmonics expansion

&
o‘i» 20

OCele®
o OCSCoCo
B QSO0

QG&'Q
P
© €G-
e Yo %
BEE

@
L



Representation

Problems with local representations

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

2) They are not invertible

Molecule —P Representation
Representation =— 7777

3) Not so easy to implement

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

5) Cannot describe global quantities



Representation in Materials Scie

Global representations

Graphs o
e secnd e MICNE]  “eesrsesescaseats e el e P g et
! 0 2 o H- or  H-Dono
| @ c © ative®
: @ @ | ®._® ®
| o c o : C
| EY @ C.@ i Input H-Acceptor
9. _ 9 _ 0 e ce@®ce ! e_©O
Te e e * o o Miolocure @ S A

® @ ° & 0 ce cle E\/," \.\ ) Aromatic
& & C @ ‘ E o OH \‘ H-Acceptor @
___________________________________________ ’ _--,--.' ’ll \ e o 7.7 < oy
' o E
------------- JunctionTree -----=-=-======, \ \n/ § e f
I c-0 E \ J C(=0)0
c® N9
® LS,
c-C ! 2 I s
: co
¢C B.C0 BCO :
eco o ; T ..
» ' clceceet
c=0 7.0.@ ; (benzene)
£ ] : ®

 Very effective and universal
« Equivariance can be built in

* Tend to be complex
* Need to be used with deep models and lots of data



Representation in Materiz

Global representations

CRANN

SMILES / SELFIES

'i' CC(=0)0C1=CC=CC=C1C(=0)0
0

C /C\ y Lexical representation (good
for generative models)

No 3D info (polymorphs?)



CRANN

A cluster expansion for phase

diagrams
e 5,53) e
Two Body Three Body Four Body

{/}+{Z§A}+{&}+

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



A flexible way to represe

Jacobi-Legendre potential (cluster expansion)

CRANN

P 404,010,040 Ey= )¢
O € €, € € € € p
o ® _
® o
Eshort:EO

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



A flexible way to represe

Jacobi-Legendre potential (cluster expansion)

CRANN
P 404,010,040 Ey= )¢
® € € €& € € & i
o ® _
® o ,
oo 0 0,00 V Zv (rj2)
e el @
33 13 12

Eshort — EO + ‘/2

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



A flexible way to represe

Jacobi-Legendre potential (cluster expansion)

CRANN
P 404,010,040 Ey= )¢
® ® € € €& € € & i
® =
® o ,
oo 0 0,00 V Z'v (rj2)
@ @ @
33 13 12

Mmax

0 (rji) = D aff B{?) (7 cos (77 ! ))

n> Tcut

Shifted Jacobi polynomials

Eshort — EO + ‘/2

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



A flexible way to represe

Jacobi-Legendre potential (cluster expansion)

CRANN
° o0 00,040 -)Y
O €, € € € € € '
o ¢ _— |
® o /
00 00 0, Z v57 (i)
(2) (2) (2) H E E B
V33 Y13 V12
S S e
H E E ® ?'Jk:
e 3
233 123

Eshort — EO + ‘/2 + V:'i

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



A flexible way to repre

Jacobi-Legendre potential (cluster expansion)

CRANN
oj0 004040 -V
61 €1 €2 €3 63 €3 ;
o0 0 0 0 0, Z"U (i1
(2) (2) (2) [ B T B |
33 13 12

E :/ (3 )
Vs = vgkzz Tﬂ’rklvr]z ""kn)
" = En ’L]k}

Pmax  dmax

ki 5@.B) 5@ B) 5 jki
Jk,(r]urkusjkz)_ Z aJl PP 'Pl]l

mnyl” nyji © npki

n1,n2=2 [=0 / \

“Doubly vanishing” Jacobi polynomials ~ -€9endre polynomials

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



A flexible way fc

Jacobi-Legendre polynomials to spherical harmonics

Addition theorem for spherical harmonics

A A 4 m* m
PiEsi ) = 57 Z Y™ (#55) Y™ (£1s)

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

This can be generalised with multi-polar spherical harmonics

M. Domina, U. Patil, M. Cobelli and SS, Phys. Rev. B 108, 094102 (2023)
M. Domina and SS, Phys. Rev. B 112, 085106 (2025)



Accurate energy mode

DFT-accurate force fields

Eshort — EO + V2 + V3 + Vzl

o Train .
Test »°

I
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Benzene Molecule
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N W
pair distr. (arb. units)

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

Eshort — EO + V2 + V3 + V;l

Amorphous Carbon

MAE = 0.596 (eV/A)
RMS = 0.779 (eV/A)
MAX = 5.948 (eV/A)

Force (eV/A)

102

10°

-20

) 7 T
_155.0 4 MAE = 0.033 (eV/atom) ’
RMS = 0.046 (eV/ atom) 20
1555 4 MAX = 0.227 (eV/atom) 4
~156.0 - 10
T
£ —156.5 + 0 1
—157.0
~10 4
—157.5
—90 -
15804 7 Energy (eV/atom) 7
100 7
—158 —157 —156 —155
DFT

465 features

0
DFT

20

CRANN
(c) s
RMS — 6.15 (eV) P
MAX = 49.613 (eV) v 4
200
100 -+
10
0 -
100 - 10°
/
—2004 7 Virial (eV)
/ 100
—200 0 200

distance (A)

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

DFT




Accurate energy mo

Eshort = Eo+ Vo + V3 +V, Amorphous Carbon

CRANN

freq (cm™1)

I XWK T L UW L KX

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



Phase diagram predic

The Ni-Pd phase diagram

Weight Percent Palladium

0 20 40 60

80 90 100

1600
1200
O . "
S_ u 45.4%, 1237°C
@
5 800 |- _
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@ 3
Q (o]
g; ‘“DO gf:*35433 C:
e e re—— Magnetic
' T ~.~__ Transition
~.
~.
0+ ~.
SN,
1 | | | | | | l |
0 20 40 60 80 100

Atomic Percent Palladium

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

CRANN



Phase diagram predi

Very accurate JLP

Multiple models possible: following Pareto front important

Energy (meV/atom)

Stress (meV/atom)
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Rutchapon Hunkao and SS, Acta Mater. Under review (2026)
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Phase diagram predictia

Very accurate JL model

0.75 -
0.50 -
0.25 -

Potential (eV)

(a)

—— Pd-Pd
Pd-Ni
—— Ni-Ni

Pair distribution

(b)

4 5 6

1 2 3

Interatomic distance (4)

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

CRANN



Phase diagram predictions

Massive throughput Ni-Pd phase diagram

AH

CRANN
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Phase diagram predictio
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Phase diagram predic

Massive throughput

AG (meV/atom)

Ni-Pd phase diagram
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The JL framework

CRANN

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
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