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Neutrons and computation probe the same physics

allows direct comparison between experiment and theory



computation can reveal details that are hard to resolve from experiment alone

Neutrons and computation probe the same physics



measure

This is a bidirectional relationship

explain

predicttest



?

measure

What if the model and experiment disagree?

explain

predicttest

“the model is wrong” … or the model and experiment are misaligned



These lectures:

Focus on computational methods that complement neutron scattering experiments

structure dynamics



These lectures:

An overview of techniques and concepts  
(not “how to simulate X”)

✓✓×



The potential energy surface



Potential energy depends on atomic positions

S1

S2

S3

E1

E2

E3

energy



Potential energy depends on atomic positions

continuous deformation → continuous energy change



The potential energy surface

Every configuration of atoms is a point on a 3N dimensional surface E(r).



The potential energy surface → structure and dynamics

structure vibrations diffusion



Two components to computational modelling
how to calculate E(r)

what to do with 
your method 

for E(r)



I Classical potentials



Classical potentials

E(r) is a sum of analytical functions between atom positions



Classical potentials

E(r) = ∑
i

∑
j

V(rij)

E(r) is a sum of analytical functions between atom positions

r1,2 r1,3

r1,4
r1,5

e.g., pair potentials



Use simple analytical functions for V(r)
Coulomb–Buckingham

V(rij) =
qiqj

4πε0rij
+ Ae−Brij −

C
r6

Coulomb

dispersion

SR repulsion

total



Beyond pair potentials

three-body potentials 
(e.g., describing polyanions)

E(r) = ∑
ij

F(rij) + ∑
ijk

G(θijk)

θijk

dipoles

rij

μi = α ⃗E i

E(r) = ∑
ij

F(rij) + ∑
i

⃗μi ⋅ ⃗Ei

(many-body potential)



Deriving potential parameters
empirical fitting, e.g., experimental crystal structure

E(rij) =
qiqj

4πε0rij
+ Ae−Brij −

C
r6

vary { , , } until amodel = aexperimentA B C



Deriving potential parameters
fit to first-principles data (e.g., DFT)

AIMD
[NPT, PBE0]

SINGLE POINT
[HSE06]

{Fi,Sα,μi}1 {Fi,Sα,μi}2 {Fi,Sα,μi}3

vary { , , } to minimise force errors across the training setA B C



How to model bulk systems?
periodic boundary conditions



How to model bulk systems?
short-range terms → minimum-image convention



Ewald summation
long-range terms? (e.g., Coulomb)

x

charge

periodic array of point charges

qiqj

4πε0rij



x

charge

long-range terms? (e.g., Coulomb)

replace point charges with smeared Gaussians

qiqj

4πε0rij

Fourier transform → converges quickly in reciprocal space

Ewald summation



long-range terms? (e.g., Coulomb)

x

charge

qiqj

4πε0rij

x

charge

original point charges + opposite charge Gaussians

converges fast in real space due to charge screening

Ewald summation



classical potentials

How to calculate E(r)



classical potentials

How to calculate E(r)

• fast / cheap

• excellent scaling




II Density Functional Theory



E = F[ρ]

Hohenberg–Kohn theorems (1964)

ρ

E

If we knew , we could find  
by minimising the energy

F[ρ] ρ(but we don’t know , or )F ρ



E[ρ] = T[ρ] + Vee[ρ] + ∫ vext ρ dr

Kohn–Sham decomposition

electronic  
kinetic energy

electron-electron 
interactions

external  
potential



E[ρ] = T[ρ] + Vee[ρ] + ∫ vext ρ dr

Kohn–Sham decomposition

electronic  
kinetic energy

electron-electron 
interactions

external  
potential



E[ρ] = T[ρ] + Vee[ρ] + ∫ vext ρ dr

Kohn–Sham decomposition

electronic  
kinetic energy

electron-electron 
interactions

external  
potential

Vee[ρ] =
1
2 ∫ ∫

ρ(r)ρ(r′￼)
r − r′￼

dr dr′￼ + V′￼ee[ρ]

J[ρ]

everything else 
(exchange + correlation)classical e–e interaction



What about T[ρ]?

1 electron orbitals

if the electrons were non-interacting:

ρ = ∑
i

ϕi
2

Ts = −
1
2 ∑

i
⟨ϕi ∇2

i ϕi⟩ K.E. is calculable

and … the ground state is a Slater determinant of 1 e− orbitals

(−
1
2

∇2 − veff) ϕi = εi ϕi

→ we could find  by solving the 1 e− Schrödinger equation{ϕ}



What about T[ρ]?

(electron kinetic energy is dominated 
by spatial confinement)

imagine a non-interacting system of electrons with 
the same density as the real system

T[ρ] ≈ Ts[ρ]

T[ρ] = Ts[ρ] + T′￼[ρ]

calculable 
(if we know )ϕi

correction 
term



E[ρ] = T[ρ] + Vee[ρ] + ∫ vext ρ dr

Kohn–Sham decomposition

electronic  
kinetic energy

electron-electron 
interactions

external  
potential

E[ρ] = Ts[ρ] + Jee[ρ] + ∫ vext ρ dr + V′￼[ρ] + T′￼[ρ]

Exc[ρ]

“exchange–correlation functional”



Solving the Kohn–Sham equations

ρ

(−
1
2

∇2 − veff) ϕi = εi ϕi

{ϕi}

ρ = ∑
i

ϕi
2

veff =
∂E
∂ρ

= vext + vJ[ρ] + vxc[ρ]

We need  to calculate ρ {ϕi}

We need  to calculate {ϕi} ρ

iterate until self-consistent



All the approximations are in Exc

LDA GGA

ρ ρ + ∇ρ ρ + ∇ρ

meta-GGA

τ

hybrid

+ x% exact 
exchange



III Machine-Learned Interatomic Potentials



Machine-learning interatomic potentials

r1,2
r1,3

r1,4
r1,5

θ3,5

θ4,5

θ2,4

θ2,3

r1,2

r1,3

r1,4

r1,5

θ2,4

θ2,3

θ3,5

θ4,5

local environment 
(e.g., descriptor-based)

representation



Training MLIPs

r1,2
r1,3

r1,4
r1,5

θ3,5

θ4,5

θ2,4

θ2,3

r1,2

r1,3

r1,4

r1,5

θ2,4

θ2,3

θ3,5

θ4,5

configuration 
(× N) Ei

training data (DFT)

local 
environments representations

ML model
trained to reproduce Ei



Classes of MLIPs

additional training

accuracy transferability

(faster)

universal 
models

fine-tuned 
models

custom 
models



Near-DFT accuracy – within their training set!

configurations

Ei

training extrapolation



classical potentials

How to calculate E(r)

DFT MLIPs

• fast / cheap

• excellent scaling


• physics depends on 
functional form


• limited transferability

• fitting is a dark art

• very accurate

• no parameterisation 


• slow / expensive


• near-DFT accuracy

• much faster than DFT 


• much slower than classical 
potentials


• only as good as the 
training data


• extrapolation is dangerous



