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Why think about total energy?

* Many important materials properties depend on total energy

a-Gallium e Equation of State & Bulk Moduli
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Why think about total energy?

* Many important materials properties depend on total energy

a-Gallium

Murnaghan equation of state:

Ko = bulk modulus

e Equation of State & Bulk Moduli
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Phase Stability & Defect Formation
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Why care about Forces?

e Forces (derivatives of total energy) tell us how atoms move
e Structural relaxation, cell optimization (stresses), mechanics

e Molecular dynamics — fluctuations, vibrations, diffusion, reactions

e Let's look at vibrations (phonons) in a model material, CsSnBr;

Huang, Lambrecht, Phys Rev B 2014



Phonons from harmonic approximations vs. MD simulations

e Phonon dispersion curves for CsSnBr3
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Band gap predictions must include anharmonicity
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Cannot describe band gap of anharmonic materials
with linear/harmonic theories

* Need anharmonicity (from hidden electfronic disorder)

CM Hylton-Farrington, RCR, Chem Mater, 2024



Cation diffusion in Silver lodide

 |odide sits on cubic lattice, Agt diffuses
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Cation diffusion in Silver lodide
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Cation diffusion in Silver lodide
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Rotational Disorder & Mechanics

pa S
<

9 - >
Crystal H
6 | Intial Length
Plastic
Crystal
3 .
O |

e Rotational disorder can
weaken mechanical properties
(e.g. Young's moduli)

e Plastic Crystals have translational
order & rotational disorder

AC Thakur, RCR, ACS Earth & Space Chem 2024, JCP
2024, ACS Earth & Space Chem 2023, Mol Phys 2021



Bridging the gap with machine learning

Microsecond

Time Scale

Picosecond

e —
Approaching

Nanometer Length Scale Micrometer

 Machine learning moves us in the right direction

o Still developing techniques that include important physiCs...  zhco, Qiu, Guo,
J Phys Chem C 2022



Use machine learning to model interatomic interactions

* Machine learning o make neural network potentials

Predict
Energies anad
Forces

DFT Energies Train Neural
and Forces Network

« Can model large systems with
DFT accuracy!



Scalability enables increase in scales reachable in simulations

« Can model huge systems

Pushing the Limit of Molecular Dynamics with Ab
Initio Accuracy to 100 Million Atoms with
Machine Learning
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« Can model long timescales for thermodynamics & kineftics
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To the board to discuss
the theory behind these calculations



What are Molecular Dynamics (MD) Simulations?

* Numerical solution of classical equations of motion
(Newton's Equations) for a molecular system

F = ma



What are Molecular Dynamics (MD) Simulations?

* Numerical solution of classical equations of motion
(Newton's Equations) for a molecular system

F = ma

+ Given an initial condition (positions and momenta),
we can humerically evolve the system in fime




Integrating the equations of motion

* Velocity Verlet algorithm (Taylor expansion)
1
r(t + Ar) = r(¢) + v(H) At + Ea(t)Atz

a(r) + a(r + Ar)

v(t + At) = v(1) + At

2




How to choose the timestep?

* Want At large enough to simulate for long fimes

* Need At small enough to accurately integrate EOM; error O(At?)

/;\ 0.10H Big At | o AT ShOUld
=1 conserve constant
| 0.05} | '
L of motion: here,
SN 4 the energy E
0 3000 6000 9000

t
+ Typically At smaller than fastest timescale in the system

system (fastest motion) time step (1 fs = 10 s)
molecules (bond vibrations) 05-1.0fs
molecules, rigid bonds (angle bending) 2.0fs
atoms (translation) 5-10fs
Lennard-Jones system 0.001 (dimensionless units)

From Scoftt Shell's (UCSB) lecture notes




Choosing Initial Conditions

* Randomly insert N molecules into simulation box

* Almost all infermolecular
potentials include an
excluded volume core
(Pauli exclusion)

Energy

* Overlapping cores lead to high energy configurations

“* Difficult tfo equilibrate: Bad initial condition
* Could make sure particles don't overlap...



Choosing Initial Conditions

* Put N molecules onto a lattice (often cubic)

“* Lattice will melt if it Is not
stable at this state point.

+ Need to follow time evolution
of “melfing” to ensure you
arrive at the desired state

+ Why have | drawn the system off-centera —==



Periodic Boundary Conditions

* Want o mimic an infinite system with N molecules

OO OO O O] + Particles “feel” image of

other particles outside on
other side of boundary

“* If particle “leaves” box, it Yenters” on other side

“+ Be careful of artitacts! E.g. long-wavelength fluctuation suppression,
finite-size effects,...



Initializing the Momenta

* Choose velocities randomly from a Gaussian distribution

T 1/2 m?}2
P(vy) = z
)= (zr) o (“anr)

+ Need 1o correct so that there iIs no net momentum

N
Ptot — E m;v; =0
i=1

<+ System should rapidly equilibrate to Maxwell-Boltzmann
distribution it initialized ditferently (e.g. uniform distribution)



Equilibrating the System

“ Need to run for a period of fime to allow the system to come
to equilibrium at the state point of inferest

* Monitor thermodynamic & structural quantities to ensure
quantities no longer drift and oscillate about average values



Equilibrating the System

“ Need to run for a period of fime to allow the system to come
to equilibrium at the state point of inferest

* Monitor thermodynamic & structural quantities to ensure
quantities no longer drift and oscillate about average values
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Equilibrating the System

“ Need to run for a period of fime to allow the system to come
to equilibrium at the state point of inferest

* Monitor thermodynamic & structural quantities to ensure
quantities no longer drift and oscillate about average values
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“* To speed equilibration from lattice, can offen increase T to
“melt” the lattice, then later decrease to desired T



More on Equilibration

“* Scale interactions to speed equilibration in some cases

“* Starfing closer to equilibrium state results in shorter
equilibration times

“* Difficult to say a priori how long is needed for equilibration

* More time typically needed when equilibrating from a lattice
or near a phase transition

“* Golden Rule: examine carefully parameters/observables as
the simulation proceeds

* Check as many exact relations as possible, e.g. partitioning
of kinefic energy in molecular systems

* Once equlilibrated, can proceed to production phase:
accumulating meaningful statistics!



Simulations at Constant Temperature

* Under most experimental situations, we operate at o
constant femperatfure T

+ How can we do this in a MD simulation@



Simulations at Constant Temperature

* Under most experimental situations, we operate at o
constant femperatfure T

+ How can we do this in a MD simulation@

* Imagine the system is weakly coupled to a heat bath
(thermal reservoir) at specified temperature T

* We will discuss 3 approaches:
« Constraint Methods
» Extended System Methods
« Stochastic Methods



Constraint Method: Velocity-Rescaling

* Rescaling velocities at every step would yield correct T, but
not preserve fluctuations in KE: not a canonical ensemble!



Constraint Method: Velocity-Rescaling

* Rescaling velocities at every step would yield correct T, but
not preserve fluctuations in KE: not a canonical ensemble!

“* Berendsen thermostat (1984): scale over some time scale

At (T
View = AV A =14 ( 1)

T T'inst




Constraint Method: Velocity-Rescaling

* Rescaling velocities at every step would yield correct T, but
not preserve fluctuations in KE: not a canonical ensemble!

“* Berendsen thermostat (1984): scale over some time scale

0 | At T

Vinew — AV A =14 7 1
T inst

4 .
3| 7 5 —
2| Eittonsssas { + Berendsen does not preserve
i canonical distribution (incorrect
)|

fluctuations in KE)

In [P2(E)/P1(E)]

Shirts, JCTC (2012) -
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E(ksT)

* Good for fast equilibration...




Canonical Velocity-Rescaling

Andersen, J. Chem. Phys. 1980; Bussi et al., J. Chem. Phys. 2007

* Andersen thermostat & canonical velocity-rescaling yield a
frue canonical ensemble

* Strength of coupling to heat bath specitied by collision
frequency .

“* For each particle at each step, if random number between O
& 1 <vAt, then parficle velocities are reset from a Gaussian

T 1/2 m”UQ
P(v,) = z
(0z) (%kﬂ) eXp( szT>




Canonical Velocity-Rescaling

Andersen, J. Chem. Phys. 1980; Bussi et al., J. Chem. Phys. 2007

Andersen thermostat & canonical velocity-rescaling yield a
frue canonical ensemble

Strength of coupling to heat bath specified by collision
frequency .

For each particle at each step, if random number between 0
& 1 <vAt, then parficle velocities are reset from a Gaussian

T 1/2 ’rn’U2
P(v,) = z
(0z) (zkaT) eXp( szT>

Generates canonical ensemble over long times

Significantly perturbs dynamics

Bussi et al. canonical velocity-rescaling minimally effects
dynamic properties



Nose-Hoover Thermostat

* Nose (1984): rigorously formulated using Lagrangian
mechanics (we simplity here)

* Infroduce degrees of freedom for bath
« s -"position” of bath
* s - conjugate “momenfum’” of bath
» Q - effective “mass” associated with s



Nose-Hoover Thermostat

* Nose (1984): rigorously formulated using Lagrangian
mechanics (we simplity here)

* Infroduce degrees of freedom for bath
« s -"position” of bath
* s - conjugate “momenfum’” of bath
» Q - effective “mass” associated with s

2Q)

* Momenta scaled by s; coupling system to bath

N 2.9 2
m;s°vy; Ps
H=> S - U(r™) A - kgT(3N +1)Ins
i=1

<+ Consider microcanonical simulation in extended system

() = const X Q(N,V,T)



Nose-Hoover Thermostat

* Hoover (1986): scaling of momenta by s is not convenient
to Implement; Hoover reformulated approach

+ Infroduce friction coefficient that “replaces ps”

N 2 2
H = b | U(rN) | §2Q - 3NEkgT'In s

— 2m;
1=1

* Resulting equations of motion are similar fo those for
Newton's equations



Nose-Hoover Thermostat

* Hoover (1986): scaling of momenta by s is not convenient
to Implement; Hoover reformulated approach

+ Infroduce friction coefficient that “replaces ps”

N 2 2
H = b | U(rN) | §2Q - 3NEkgT'In s

— 2m;
1=1

* Resulting equations of motion are similar fo those for
Newton's equations

* Velocity update modified by term (friction x velocity)

* Can develop analogues of Velocity Verlet

+ See Martyna, Tuckerman, Tobias, Klein, Mol. Phys. (1996) for more...



Nose-Hoover Thermostat

* Nose-Hoover Thermostat yields the canonical ensemble

a ' 3 . .
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Figure S. Differences in validation of Berendsen and Nosé—Hoover thermostats. (a) Berendsen temperature control produces simulations deviating
greatly from the true distribution; in this case, the slope f, — B, of the kinetic energy log ratio is 7 times higher than it should be, 68 standard
deviations away from the true value. (b) The Nosé—Hoover thermostat, like most others examined here, gives a slope statistically indistinguishable
from the proper slope for the kinetic energy portion of the canonical ensemble.

* Nose-Hoover chains have been developed to increase
robustness and reduce issues with NH approach...



Langevin (Stochastic) Thermostat

* Influence of the bath is captured by a friction coefficient
and a stochastic noise term 1o mimic collisions with bath

“* Modified equation of motion:

oU (r™V)

I Yimiv + (2ksTyima) ' 21 (t)

m;a; —

+ Stochastic term is Gaussian random variable: (n(0)n(t)) = d(¢)

<+ Rigorously conserves canonical ensemble

* Infroduces stochastic component to frajectories...



Simulations at Constant Pressure
* Can readily extend thermostatting approaches

* Consider coupling to “pressure bath” instead of
“temperature bath”



Simulations at Constant Pressure
* Can readily extend thermostatting approaches

* Consider coupling to “pressure bath” instead of
“temperature bath”

< Barostafs:
« Volume rescaling (akin to velocity rescaling)
« Berendsen barostat (doesn’t produce NPT ensemble)
- Extended ensemble: Andersen barostat (JCP 1980)

* Need to capfture correct volume fluctuations to
oroduce isothermal-isobaric ensemble

* Make predictions regarding density, phase transitions,...






