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QM results at a fraction of the cost

Amorphous Si compression - 
100,000 atoms

Deringer et al, 2021
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QM results at a fraction of the cost
Heat flow in phase change 
materials - ~500,000 atoms

Zhou et al, 2023
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Objectives

• Build a transferable ML model for the DOS


• Identify the challenges in modelling and interpreting the DOS 


• Apply the ML DOS models to study :


• the feature/property relations


• thermal properties of materials in physics-based approximations
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Atom-centred model for the DOS

•   

 

DOS(𝒜, E) = 2
Nk

bands

∑
n

∑
k

δ̃(E − ϵn(k))

CBM, Anelli, A., Csányi, G., Ceriotti, M., 2020. 
Learning the electronic density of states in condensed matter. Phys. Rev. B 102, 235130
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Thermodynamic properties from ground-state

Lopanitsyna, N., CBM, Ceriotti, M., 2021. 
Finite-temperature materials modeling 
from the quantum nuclei to the hot electron 
regime. Phys. Rev. Materials 5, 043802 12
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Thermodynamic properties from ground-state

correction due
to hot electrons

Lopanitsyna, N., CBM, Ceriotti, M., 2021. 
Finite-temperature materials modeling 
from the quantum nuclei to the hot electron 
regime. Phys. Rev. Materials 5, 043802 12

Constant pressure heat 
capacity of nickel

Uel
DOS(T) = ∫

∞

−∞
εDOS(ε)[fFD(ε − μ(T), T) − fFD(ε − εF, T = 0)] dε

Cel
P (T) = ∂⟨Uel

DOS(T)⟩
∂T

https://journals.aps.org/prmaterials/abstract/10.1103/PhysRevMaterials.5.043802
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The finite-temperature problem

" High errors with respect to T=0 forces
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The finite-temperature problem

Phase diagram of 
hydrogen computed with 
DFT
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Naive solution
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Naive solution
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Naive solution

New ML potential for 
every temperature (4 in 
total)
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Sketch of the idea

FI(Tel)

FI(0)

18
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Sketch of the idea

ΔFI(Tel)

FI(Tel)

FI(0)
using ingredients from the same 
DFT calculation and 
extrapolating to ANY electronic 
temperature

18

CBM, Grasselli, F., Ceriotti, M., 2022. 
Predicting hot-electron free energies from ground-state data. Phys. Rev. B 106, L121116
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• Ensemble DFT[1, 2]:  
 
 
 
 
 
 

A(Tel) = E(0)+ΔE(Tel)−TelSKS(Tel)

• Approximation: A(Tel) ≈ E(0)+ΔE0
band(Tel)−TelS0(Tel) + 𝒪( f2)

[1]: Mermin, 1965
[2]: Marzari and Vanderbilt, 1997 19

ΔE0
band(Tel) = ∫ dϵ DOS0(ϵ) ϵ [ f(μ, Tel) − f(μ0, T = 0)]

S0(Tel) = − kB ∫ dϵ DOS0(ϵ) [f log( f ) − (1 − f )log(1 − f )]

Fixed DOS approximation

The temperature Tel is an external parameter 



Systematic errors of the approximation

Approximation error in the total free energy and a single 
force component for a liquid hydrogen structure

20
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Application in ML workflows

A(Tel) ≈ E(0) + ΔE0
band(Tel) − TelS0(Tel)

21
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Application in ML workflows

ANY ML interatomic 
potentials (GAP, DeepMD, 
BPNN, (M/Gr)ACE,…) ML DOS models

A(Tel) ≈ E(0) + ΔE0
band(Tel) − TelS0(Tel)

21

FI(Tel) ≈ FI(0) − ∇I(ΔE0
band(Tel) − TelS0(Tel))

∇ηA(Tel) ≈ ∇ηE(0) + ∇η(ΔE0
band(Tel) − TelS0(Tel))

energy

force

stress

CBM, Grasselli, F., Ceriotti, M., 2022. 
Predicting hot-electron free energies from ground-state data. Phys. Rev. B 106, L121116



Application to phase diagram of hydrogen
from Cheng et al. (Nature, 2020)
from FPMD
from iterative ML models

• training set size: ~28,500 structures


• 128 atoms per structure


• DFT calculations on the training set 
targeting the ground state ONLY 

PCA map of SOAP vectors

22

CBM, Grasselli, F., Ceriotti, M., 2022. 
Predicting hot-electron free energies from ground-state data. Phys. Rev. B 106, L121116

Cheng et al., 2020



ML models for the  energy contributions
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ML models for the  energy contributions

" E(0) = E2B + EMB

SOAP based model

23

Bartók et al., 2010
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ML models for the  energy contributions

" E(0) = E2B + EMB

" DOS(𝒜, ϵ) = ∑
𝒜j∈𝒜

LDOS(𝒜j, ϵ)

SOAP based model

CBM., Anelli, A., Csányi, G., Ceriotti, M., 2020. 
Learning the electronic density of states in condensed matter. Phys. Rev. B 102, 235130.

23

Bartók et al., 2010
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Hydrogen EOS
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Hydrogen EOS
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Heat capacity of high pressure hydrogen

• Using finite differences: 
 
 
 
 
 

Cp =
⟨H(T + ΔT)⟩Np T+ΔT − ⟨H(T)⟩Np T

ΔT

25

CBM, Grasselli, F., Ceriotti, M., 2022. 
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Heat capacity of high pressure hydrogen

" Using finite di%erences:

Cp =
⟨H(T + ΔT)⟩Np T+ΔT − ⟨H(T)⟩Np T

ΔT

25

Constant pressure heat capacity of 
hydrogen at 400GPa

CBM, Grasselli, F., Ceriotti, M., 2022. 
Predicting hot-electron free energies from ground-state data. Phys. Rev. B 106, L121116
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Takehome message

• Atom-centred DOS models are versatile and transferable

• ML DOS models can be used in physics-inspired modelling of materials:

• characterise local electronic fingerprints

• incorporate electron-finite-temperature effects

26



Property 2: 

solid-state nuclear magnetic resonance parameters



(Quick) Introduction to NMR
Bext
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Bind

Bind(r) = σ(r)Bext



(Quick) Introduction to NMR
Bext

28

Magnetic dipole moment I  1/2>

Electric field gradient

Bind

Bind(r) = σ(r)Bext



NMR parameters as local fingerprints

29

Q4 Q3 Q2 Q1



Objectives

• Build a transferable ML model for the NMR parameters


• Identify the challenges in modelling NMR parameters as tensors 


• Apply the ML NMR models to study :


• the feature/property relations


• dynamics of solids

30



Conventions for NMR tensors

aa

isotropic CS σiso

span Ωσ

skew 
κσ = 3a / Ω 

anisotropy
ζσ = 3δ / 2

δ asymmetry 
ησ = a / δ

isotropic CS σiso

Haeberlen convention Maryland convention

31



ML architecture
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a-SiO2 dataset generation protocol
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system size:
144 atoms

density
[2.0, 2.8] g.cm-3

melt quench anneal

te
m

pe
ra

tu
re

 (K
)
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quench rates (K.s-1)

time

EFGMS

well converged GIPAW calculations 
with high k-point density

atomistic 
dataset

(using CHIK [1]) (using GAP [2])

annealed a-SiO2 configuration 
(2x2x2 illustration)

1014

[1] Carré et al., 2008
[2] Bartók et al., 2010 
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2D NMR spectra of a-SiO2 models
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• NMR models provide an atomistic interpretation of experimental observables 
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• Flexible architectures open the door for multi-property learning
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Property 3: 

potential energy surface
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Graphene oxide as a basis for transferable MLIPs

46
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The structure of reduced GODetermining the structure of rGO

!

Short Answer: Generate big structural 

model and heat it over nanoseconds

How? We need a potential to describe 

interactions between C,H,O in gas phase, 

surfaces, edges, fragments…
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Short Answer: Generate big structural 

model and heat it over nanoseconds

How? We need a potential to describe 

interactions between C,H,O in gas phase, 

surfaces, edges, fragments…

Courtesy of Z. El-Machachi
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Objectives

• Not to train an MLIP from scratch (yes, it is painful!)


• Assess the out-of-domain performance of an MLIP trained on (some) 
chemistry: GO-MACE-23


• Quantify the role of data and architecture in out-of-domain performance


• Identify requirements for general-purpose MLIP targeting (organic) chemistry 

48
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Performance on the rMD17 dataset
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Vibrational spectra of molecules

Domain of GO-MACE-23

Domain of MACE-OFF family

F RMSE = 0.05 eV/A F RMSE = 0.32 eV/A F RMSE = 0.22 eV/A

F RMSE = 0.003 eV/A F RMSE = 0.002 eV/A F RMSE = 0.016 eV/A
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Fullerenes
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Encapsulated reactions
Reported in the literature Yet to be reported in the literature
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+ :06+(%*#$&#'()*+'*"&,- , #$%&'()-.&:06+(%&4%(12"'&7:;9
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! !"#$#%&#'()*+'*"&,- " #$%&'()*.&/%%012"*3$0&+450%*"#$&10"()4(+*'*(6&7/!89

+ :06+(%*#$&#'()*+'*"&,- , #$%&'()-.&:06+(%&4%(12"'&7:;9

/
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0?@?A&060%@B&(%&δ*+(

CDE

. . .

ℓ = 0 ℓ = 1 ℓ = 2
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CBM, El-Machachi, Z., Gierczak, K.A., Gardner, 
J.L.A., Deringer, V.L., 2025. 
Assessing zero-shot generalisation behaviour in 
graph-neural-network interatomic potentials. 
arXiv: 2502.21317 57



Other MLIPs trained on GO

• MLIPs trained with GraphPES : a 
universal interface to train and fine-
tune grpah-neural network potentials


• GraphPES accessible on: https://
github.com/jla-gardner/graph-pes 


• pip install graph-pes

CBM, El-Machachi, Z., Gierczak, K.A., Gardner, 
J.L.A., Deringer, V.L., 2025. 
Assessing zero-shot generalisation behaviour in 
graph-neural-network interatomic potentials. 
arXiv: 2502.21317 58

https://github.com/jla-gardner/graph-pes
https://github.com/jla-gardner/graph-pes


Takehome message

• Systematic assessment of out-of-domain performance is essential for MLIPs


• Structural variability is as important as chemical diversity when training 
general-purpose MLIPs for chemical reactions
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Conclusions

• ML tools are essential in atomistic modelling

• Data is central to atomistic ML

• The emergence of pretrained/foundation models will close the gap between 
material and molecular modelling

• Universal models describing structural, electronic, and spectroscopic 
fingerprints within physics-based approximations can enable more accurate 
and predictive materials modelling and design
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