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General information
• Lecturers:

Johannes Niskanen & Henning Henschel

<johannes.niskanen@helsinki.fi>, <henning.henschel@helsinki.fi>

• Assistant:
Ville Loukonen <moleculardynamicssimulations@gmail.com>
• Website:
http://www.courses.physics.helsinki.fi/fys/moldyn/

• Registration:
http://www.helsinki.fi/weboodi/

• Lecture Time and Place:
Wed 10:15-12:00 Physicum D114

• Exercise Time and Place:
Fri 10:15-12:00 Physicum D115
(Starting 13.9.)
• Course Language: English
• Scope: 10 ECTS points
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Requirements
• Lectures: Attendance will not be monitored, but it will help you in
the exam. Lecture notes will serve as course material.
• Exam (45%): TBA (December 2013), place TBA
• Exercises (45%): Approximately 12 exercise sessions. Exercises must
be returned to the assistant via email before the Wednesday lecture. The
exercise session will be on Friday.
– We will use visualization, simulate molecular systems using a provided scientific MD code
– Modify a simple atomistc code, and also use that for simulation
of metals.
∗ Note that any code returned to the assistantmust compile,
otherwise 0 points will be given.
– For some of the excercises, we will use a computer cluster of the
department. The cluster is accessible at least from the linux machines in Physicum D208.
– The Linux machines in D208 have also VMD for visualization
(Excercise 1 and later on).
• Scientific Essay or Talk (10%):
There will also be a scientific essay/talk given/written by the students.
This will be a 15 minute talk / a short essay on a topic related to MD
simulations, based on scientific publications or own work.
• Total: 45% + 45% + 10% = 100%, 50% of points will yield you a passed
1/5 mark.

Preliminary requirements
• Basic mechanics and thermodynamics, some quantum mechanics
• Knowledge on Fortran90 OR C programming languages
– The code will be considered OK if it does the task.
• Preferably knowledge on the Unix/Linux environment
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Computer environment
• For exercises you need an computer environment with C or Fortran
compiler.
• Good non-commercial (free) alternatives are the GNU compilers.
– They can be easily installed in any Linux distribution.
• Visualization program(s)
– VMD (Linux in D208) - http://www.ks.uiuc.edu/Research/vmd/
– RasMol - http://rasmol.org/
– Blender - http://www.blender.org/
– Ovito - http://www.ovito.org/

1 Overview
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Overview
Numerical modeling and computer simulations

Numerical Modelling is a method to computationally solve, e.g., a system of
differential equations determined by a model based on well known physical
laws, but which is too laborous (or impossible) to solve analytically.
Computer Simulation on the other hand, is the investigation of the dynamic response of a model system to initial conditions that (hopefully) correspond to realistic events.
The most important difference is that in simulations, a model system is
created, which we hope will behave like its real-life counterpart, whereas in
numerical simulation virtual experiments on the model system are made. In
literature word "modeling"is also used for "simulation".
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Atomistic simulation
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Why to simulate
• Simulation can fill in the gap between theory and the experiment
• Sometimes experiment is too expensive/difficult, sometimes theory too
complicated.
• Sometimes simulations are needed to find the proper candidate experiments among many options
• Simulations can also show the important processes among many since
they are easy to switch on and off.
• They can also serve as a super microscope when experimental resolution
is not good enough.
• However, simulations alone are worthless.

1.2

Atomistic simulation

Atomistic simulation models materials at the level of atoms. There are different levels of sophistication among these methods, but they share the common feature that
• Location of atomic nuclei is of principal interest
The subject "molecular dynamics"of this course, means that we are interested in methods that deal with molecules. In the very end, in molecular
dynamics simulations atoms are presented explicitly in the simulations (at
least other than hydrogen) and therefore we are dealing with atomistic simulation methods. Materials simulations scales can be divided in 3 classes
in terms of simulation timescale
• microscale, 1ns, atomistic, coarse-grained, kinetic Monte-Carlo
• mesoscale, 1µs, dissipative particle dynamics, etc
• macroscale, 1s
The simulation methods have also correspondin typical size scales, correspondingly.

1.3

Scale of MD methods
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Molecular and atomistic simulations can be performed in two different
philosophies
• Molecular dynamics (MD) or
– "Real"trajectories
• Monte Carlo (MC)
– Sampling of configurations
The MD framework is an intuitive method, the principles of which can be
understood by anyone familiar with classical Newtonian mechanics. Whereas
"real"trajectories of particles moving with each other are generated by the
MD method, MC method yields a way to sample configurations of the system
to form thermodynamic averages on the studied ensemble. However both
these methods share the same core, the evaluation of potential energy from
a parametrized function (called misleadingly a "force field"), differing in the
manner in which subsequent positions of atoms are obtained from the set of
previous ones. This course will focus on the MD methodology.

1.3

Scale of MD methods

Generally in all kind of simulation, the resources needed increase along with
the system size. For quantum mechanical simulations this scaling can be very
expensive (high power of number of atoms N ) and it is very rare that linear
scaling (N ) would be obtained in any kind of model/method. The level of the
model therefore is usually compromised when dealing with larger systems.
• Even within atomistic simulations, there are methods which operate in
different domains (time scales and system sizes).
• In one end, most accurate methods (derived from quantum mechanics)
are used to model the smallest constituents of the system.
– These methods are computationally expensive and hence limited to rather small systems (static calculations with a couple of
thousand atoms, dynamics with hundreds)
– Because of the system sizes, drawing conclusions valid for macroscopic systems is difficult, and finite size effects have to be always
considered.

1.4

QM-Based Methods
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• On the other hand, if average properties of large systems are of interest,
the particles can be described only with a few most crucial properties,
and hope that the quantities of interest will be properly described (i.e.,
kinetic Monte Carlo method).
• Methods in between the two extremes exist, too.
– Typically, the best description of a given system is obtained by
using methods of all relevant scales together.
– These multiscale models can be either implemented in one code
or applied separately.

Different levels of methods in action
1.4

QM-Based Methods

QM methods (DFT, DFTB) can be used for single-point energy evaluation
and dynamics of a small system.
• Limited to the range of hundreds of atoms.
• Very short times in dynamical simulations (<100ps) on a supercomputer.
• Most reliable MD method applicable
• To be used when nothing else can (for explicit treatment of chemical
reactions)

QM-based methods (ab initio MD) can be used for simulation of proton trans-

1.5

Classical MD
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fer in atmospheric aerosols of a hundred of atoms. For liquids, simulation box
of 64 water molecules has become a standard. In the work 1 X-ray Raman
scattering spectroscopy was used to study water in supercritical conditions.

1.5

Classical MD

Whenever
• 1) large systems,
• 2) long time scales or
• 3) long series of events
are needed for dynamical simulations, we must rely on classical (non-QM)
MD.

Applications vary from biochemistry to materials sciences. For example biomolecules and proteins 2 or ion collisions to materials can be studied.

1.6

Hybrid QM-MM

QM and classical MD can be applied simultaneously
• Time and size scales can be extended
• Description of relavant properties of different parts of the system
• System divided into parts
1

PNAS 110, 28 11213-11214 (2013)
Nature Structural Biology 9, 646 - 652 (2002); PNAS 102, 19 6679-6685 (2005) and
lots of books...
2

1.7

Hybrid (QM)-MM-PCM
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– QM, ab initio MD
– MM, classical MD
• The parts simulated using different model
• Coupling between the regimes

In the work 3 , QM-MM MD was used to simulate microsolvation structure of
Glycine in water. In addition core-electron binding energies were evaluated
in static DFT based QM-MM simulation method.

1.7

Hybrid (QM)-MM-PCM

MD simulation in a cavity of polarizable continuum
• System divided into parts
– QM
– Classical MD
– Polarizable continuum
• The parts simulated using different model
• Coupling between the regimes
For example in Ref.4 , a polarizable MM force field using the fluctuating charges model was combined it with the polarizable continuum model as a tool
to perform molecular dynamics simulations. The study was not completely
succesful.
3
4

Phys. Chem. Chem. Phys., 15, 244-254 (2013)
J.Chem.TheoryComput.2011, 7, 3711–3724

1.8

Statistical methods
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Statistical methods

• Even with larger scales allowed by MD, problems remain: very long
time-scale behavior (roughly > 1 µs), even larger systems and need for
large statistics
• To solve these problems, statistical methods can be developed.
• A number of important stepwise reactions in system
• No interest in atomistic oscillations
• Defects, reactions on surface
• Rate constants for processes from other simulations

In work 5 a density functional theory based kinetic Monte Carlo study of
a reaction catalyzed by Cu nanoparticles supported on a ZnO surface was
reported. DFT calculations were performed to obtain the energetics of the
relevant atomistic processes.

5

J. Phys. Chem. C, 2013, 117 (7), pp 3414âĂŞ3425

1.9
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Time-scales

In spectroscopic experiments (X-ray, UV-VIS, NMR, EPR,...) several structures are probed in one measurement
• Ensemble averages needed for simulation
– Perform structural simulation
– Sample "snapshots"from the trajectory
– Evaluate spectra for each sampled snapshot
– Take average of the spectra
Based on experiment-theory interaction, there has been an intense debate on
the structure of water starting from paper of Wernet et al.6
Currently we are living interesting times in terms of experiments.
• Short as-pulse experiments in the h̄ limit will allow experiments that
do not average over snapshots.
• Pump-probe techniques open a possibility to study (photo)chemical
reactions in real time owing to adjustable delay between pumping and
probing pulse.
• Electron microscopes with atomic resolution allow taking pictures of
static structures

6

Science 304, 5673 pp. 995-999 (2004).

1.9

Time-scales

Application Areas for MD
• Materials Science
– Equilibrium thermodynamics
– Phase transitions
– Properties of lattice defects
– Nucleation and surface growth
– Heat/pressure processing
– Ion implantation
– Properties of nanostructures
• Biophysics and biochemistry

– Protein folding and structure prediction
– Biocombatibility (cell wall penetration, chemical processes)
– Docking
• Chemistry
– Intra- and intermolecular interactions (Molecular Mechanics)
– Chemical reactions
– Phase transitions
– Free energy calculations
• Medicine
– Drug design and discovery

12
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MD Basics
• The essence of MD simulations can be simply described by two familiar
equations:
mi r̈i = fi
(1.1)
fi = −∇i V (r)

(1.2)

• On left, we have the Newtonian equation of motion for a particle i. On
right, there is the corresponding force caused by potential V (r).
• Vector r = (r1,x , r1,y , r1,z , . . . rN,x , rN,y , rN,z ) corresponds to the 3N Cartesian coordinates of the system for all particles.
• In MD, these two equations are solved in a step-by-step fashion over
discrete time steps ∆t.
• Note that the above equations are not restricted to atoms, but can be
applied to, e.g., molecules, nanoparticles, planets or galaxies.
• Also, we are not restricted to Cartesian geometry but adapt that for
simplicity.

1.10

Theoretical Justification

A small molecule, or a cluster of metal atoms (e.g. Sb4 ) exhibits quantum
features in its oscillations
• The correct theory to be applied is quantum mechanics. This is seen
for example when performing vacuum spectroscopy.
• In the nonrelativistic case the time-evolution of the system is governed
by the Schrödinger equation
ih̄

∂
Φ({ri }, {RI }; t) = HΦ({ri }, {RI }; t),
∂t

(1.3)

where ri and Ri are the electronic and nuclear degrees of freedom.

1.10

Theoretical Justification
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• The Hamiltonian reads
H=

X P̂ 2 X p̂2
1 X e2
1 X e2 ZI
1 X e2 ZI ZJ
i
I
+
+
−
+
2MI
2me 4π i<j rij 4π i,I riI
4π I<J rIJ
i
I
(1.4)

or
H=

X P̂ 2
I
+ He ({ri }, {RI })
2M
I
I

• In some cases, the total wavefunction can be approximated as a single
product of nuclear and electronic wave functions
Φ({ri }, {RI }; t) ≈ Ψk ({ri }, {RI })χk ({RI }; t),
where Ψ fulfills the stationary electronic SY
He ({ri }, {RI })Ψk = Ek ({RI })Ψk .

(1.5)

for all {RI }. Then the Schrödinger equation reads
#
"
X P̂ 2
∂
I
+ Ek ({RI }) χ({RI }; t) = ih̄ χ({RI }; t)
2MI
∂t
I
or simply
[T + Vk ({RI })] χ({RI }; t) = ih̄

∂
χ({RI }; t)
∂t

(1.6)

• The result above is called the Born-Oppenheimer approximation. Verbally it states that nuclei move independently on a potential energy
surface obtained with electronic eigenstates. This approximation is not
always valid. More of that in the excercise 1.

1.11

Statistical observables
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Classical nuclei
We could now take the h̄ → 0 road to achieve a classical description. However
• Equation (1.6) looks so familiar that we can introduce classical model
directly.
• Let us just write the classical Hamiltonian
H(q, p) = K(p) + U(q)
• where q are generalized spatial coordinates and p the generalized momenta. (Cartesian coordinates are denoted with r.)
• Now,
K=

N X
X
i=1

p2i,α /2mi

(1.7)

α

• and U(q), being defined by a system-specific potential function, approximates Vk , where k = 0 (electronic ground state).
For now on we mark masses, positions and momenta of nuclei in lower case
(m,r,q,p).
• Typically, in MD, the state of the system can be fully described in
terms of the positions and momenta of a constituent set of atoms.
• Following Hamiltonian equations of motion, classical the system can be
propagated in time.

1.11

Statistical observables

• It can be shown via statistical mechanics 7 that every quantum state
of a system with energy E is equally likely to be occupied.
• Average over all such states (“ensemble average”) is in the heart of
Monte Carlo simulations.
• However, this doesn’t match with the common interpretation of the
average behavior of a system.
7

See for example: Frenkel & Smit: Understanding Molecular Simulation, Academic
Press 1996.

1.11

Statistical observables
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• In most experiments, a series of measurements are performed over a
certain time period, and an average is then determined.
• This is exactly what is done in MD: natural time evolution of a system
is computed numerically, and the quantity of interest is then averaged
over a sufficiently long time.
As an example, let’s consider a fluid consisting of N atoms, contained in
volume V and in complete isolation (constant energy E), i.e., “microcanonical
ensemble” (N V E). The simulation runs through phase space points Γ(t) =
(r(t), p(t)), where r = (r1 , ..., rN ) and their momenta p = (p1 , ..., pN )
• We choose property A(r, p) = A(Γ) as the quantity of interest. For
example A(r, p) could be the pressure of the liquid or core-electron
binding energy to be probed with XPS. Or something you would like
to study for your PhD.
• Clearly, the value at any instant t depends on the positions of all the
N atoms in the system.
• With time, the positions will change (according to the equations of
motion), which changes A(r, p).
• If we know the initial r(0), p(0), we can compute the time evolution of
the system.
• In MD, we measure the time average A of the system as
Z
1 t
A = lim
A(r(t0 ), p(t0 ))dt0 .
t→∞ t 0

(1.8)

• It is worth noting that we assumed here that after a long enough time
A is independent of the initial state Γ(0) = (r(0), p(0))
• If this is true, statistics can be improved by parellization running several
MD simulations starting from different points and average over the individual results. For Nini initial phase space points Γi (0), i = 1, ..., Nini

Z
Nini 
1 X
1 t
0
0
A=
lim
A(Γi (t ))dt .
Nini i=1 t→∞ t 0

(1.9)

1.11
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• As a limiting case, we consider averaging over all possible initial conditions for constant N , V and E.
• In that case, we can introduce an integral:
Z
Nini
1 X
1
A(Γi (0)) →
A(r(0), p(0))drdp
Nini i=1
Ω(N, V, E) N V E
Z
1
=
A(Γ(0))dΓ
Ω(N, V, E) N V E
the number of microstates of (N,V,E) can be obtained from Ω(N, V, E) =
R
drdp.
NV E
• This now corresponds to the classical “ensemble average”, which we
denote by hAi to distinquish it from a time average A (as above).
• Changing the order of the averages in (1.9), and going to the integral
limit we can write:
Z
Z
1
1 t
f (Γ(0))dΓdt0 .
(1.10)
A = lim
t→∞ t 0 Ω(N, V, E) N V E
Z
1 t
1
= lim
hAiN V E dt0 = lim t hAiN V E
t→∞ t 0
t→∞ t
• The last step is due to the ensemble average not depending on t0 . This is
because there is a one-to-one correspondense between the initial phase
space coordinates of the system and those at a later time t0 . 8
• This allows us to write
A = hAiN V E .

(1.11)

• This equation (referred to as ergodic hypothesis) states that we can
compute the average of a function of the coordinates and momenta of
a many-particle system by
– either computing the time average (MD approach)
– or computing the ensemble average (MC approach).
For each state at t0 , there is exactly one state at t = 0 which corresponds to it. Since
the average is over all states, it doesn’t depend on t0 .
8
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• Note that the above discussion is not a proof of the ergodic hypothesis,
but is meant to make it plausible.
• In fact, this equation is not true in general, but it applies to systems
that are typically studied in our simulations.
From the point of view of an MD run, the ergodic hypothesis states that the
simulated trajectory {Γ(t)} of the system will visit all accessible phase space
points in proportions that they appear in the ensemble in question. Generally
speaking this is a strong assumption.

1.12

1.12

Limitations of MD
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Limitations of MD

As any computer simulation method, MD has is also limited by the requirements of the model and the available computer resources. Time scales
• Time scales
– Time step ∼ 1 fs is needed
– e.g. protein folding ∼ 1 s, i.e. 1015 steps
– Only about µs is realistic
• Length scale
– Periodic boundary conditions help
– At phase transitions length scale diverges
• Accuracy of forces
– Problem with cost of calculations
• Classical nuclei
– Molecular vibrations quantized
– Hydrogen (proton) is a problem
In the real world molecular vibrations are quantized, and obtained from
the Schrödinger equation for the nuclei. For heavier elements this is not
a large problem, but for lighter ones, especially for hydrogen this poses a
problem.9

1.13

Stages of simulation in a nutshell

A simulation consists typically of a number of stages
• Select a model = how energy is calculated
– With/without quantum mechanics
9

Think of classical harmonic oscillator and a quantum one in its ground state. The
quantum harmonic oscillator is most likely at equilibrium distance, whereas the classical
one is most likely at the its turning point. For this reason, rigid water are usually used in
MD.

1.14

Visualization and further analysis
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– Intramolecular interactions
– Intermolecular interactions
• Generate starting structure
• Running dynamics simulations step by step
– Printing out quantities of interest (and trajectory) for later use
• Analyzing MD results
• Additionally, calculating other properties (like electronic spectra) from
the snapshots
• Analyzing results again
It is a good idea to visualize resulting trajectory. After analysing enough,
compare your results with the experiment and write a paper.

1.14

Visualization and further analysis

Molecular dynamics simulations yield trajectories of the sample system. The
geometry and trajectory can be given in numerous different formats
• Binary data (inherent to the code)
• ASCII data
• .pdb file (protein data bank)
• .xyz file
• Numerous other types
Molecular dynamics programs give also additional output, like
• Instant Temperature
• Energy
• and so on ...
that can be requested by the user. Among other uses, these quantities can
help in determining whether simulation is

1.15

xyz file
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• Sane
• Numerically stable
• Equilibrized

1.15

xyz file

The xyz format is a standard way of storing geometries and trajectories. The
file has a simple and intuitive structure and it is in units Å= 10−10 m. The
coordinates use %f 10.5 format.
< Number of atoms in the snapshot 1 >
Comment line ; can contain box size
Atom_1_symbol X1 Y1 Z1
...
Atom_N_symbol XN YN ZN
< Number of atoms in the snapshot 2 >
Comment line ; can contain box size
Atom_1_symbol X1 Y1 Z1
...
Atom_N_symbol XN YN ZN

1.15

xyz file
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Summary
The main points of this chapter can be summarized as follows.
• Simulations are needed to bridge the gap between experiments and
theory.
• Different levels of atomistic simulations exist – ranging from quantum
mechanical models to statistical methods.
• Several of these methods are often combined in order to get a complete
description of a given system or process.
• This course deals with classical molecular dynamics (MD), an atomistic
simulation method in which the time evolution of a system is followed
by solving equations of motion.
• Although electrons play a huge role in systems we study, the BO approximation showed us a way to do dynamics using classically behaving
nuclei.
• MD is less accurate than the quantum mechanical models, but more
accurate than Metropolis Monte Carlo and similar approaches. This,
however, depends on the quality of simulation input.
• For many cases, thermal average is equal to the ensemble average for
a given system – this justifies computing values for observables within
equilibrium MD.
• This course is going to be exciting.

