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Abstract

Molecular dynamics (MD) is a popular molecular simulation method often used in bio-
chemistry, drug discovery, and materials science. It numerically integrates Newton's sec-
ond law for a Hamiltonian H determined by a force field, an energy function on the par-
ticles in the simulation, and computes condensed phase properties by evaluating a time
average of these properties over the simulation. There are three major sources of error in
MD simulations: sampling error, due to not running the simulation infinitely long, time
discretization error, due to numerical integration of Newton’s second law, and force field
error, due to modeling a quantum-mechanical molecular system with a classical force
tield. We demonstrate that under certain nice conditions, sampling and time discretiza-
tion error are bounded by O(T~! + h?), where T is the length of the simulation and & is
the step size. Force-field error is more difficult to bound; we examine the assumptions
required to derive a force field and provide a rigorous derivation of a bound on nuclear
quantum effects, or effects arising from quantum-mechanical properties of the nucleus.
We also present an introduction to force-field functor theory, a method of accounting for
nuclear quantum effects in force fields. The results of this thesis will help scientists un-
derstand when MD simulations can be trusted to provide reliable results.
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Chapter 1

Introduction

1.1 Molecular Dynamics
1.1.1 Why Molecular Dynamics?

One of the fundamental goals of chemistry is to accurately predict the behavior of molecules,
whether it be in reactions, binding interactions, solutions, or other forms. Computational
chemistry seeks to tackle this challenge by simulating the behavior of these molecules on a
computer. Such simulations, if fully accurate, can complement experimental approaches:
they can allow scientists to better understand reaction mechanisms, they can help sci-
entists make predictions about molecular behavior without consuming large quantities
of expensive chemicals, and they can aid engineers in rational design of materials with
particular properties [39].

The focus of this thesis is molecular dynamics (MD), one of the most popular simu-
lation methods due to its relative accuracy and low computational cost [16]. Molecular
dynamics has seen application in a wide variety of fields, ranging from drug discovery to
material science. It was initially developed as a method to simulate the behavior of lig-
uids and gases of a single molecule, like water or carbon dioxide, and predict their prop-
erties. Such simulations were soon expanded to simulations of crystalline substances, of
mixtures of liquids, and of solutions [1]. These simulations have helped material scien-
tists predict properties of materials, like conductivity, density, or solubility, and design
materials with certain desired properties.

MD simulations have proven even more important in biomedical research. The field of
structural biology uses structural changes in biomolecules to understand and make pre-
dictions about their function; MD simulations have proven an invaluable complement to
experiment in this field to better understand the behavior of large biomolecules. For ex-
ample, MD simulations have found conformational changes in the shape of proteins that
could not be observed in experiments; these conformations were crucial to understanding
the behavior and function of those proteins. MD simulations have also been able to model
the transport of small molecules through proteins, like those found on the membranes of
cells [16].

The most practically useful application of MD simulations is in the prediction of bind-
ing between proteins and small molecules, or ligands. MD simulations that model and
predict these ligand-protein interactions can then identify drug candidate molecules that
would inhibit the activity of drug target proteins. Such simulations have been used in
the process of drug discovery, especially since simulations are significantly cheaper and
more efficient than the corresponding experimental techniques [16]. MD simulations can
also similarly be used to design larger molecules, up to and including proteins, which has
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further therapeutic applications in fields like immunotherapy [16].

While MD simulations have a great deal of potential, they, like all computational sim-
ulation methods, are hampered by unavoidable errors. MD simulations make a number
of approximations, since a totally accurate simulation of a molecular system is at present
computationally impractical [1]. Mathematically understanding the errors in MD simula-
tions, and thus errors in observables predicted by MD simulations, is crucial for scientists
who use these simulations. Today, many scientists are unwilling to trust the results of MD
simulations without independent experimental verification since the errors are often too
high [16]. Bounding and understanding these errors would make MD simulations much
more powerful and useful [16]. Thus the focus of this thesis will be on bounding the error
in observables measured from MD simulations.

1.1.2 What is Molecular Dynamics?
1.1.2.1 Force Fields and Integrators

We begin with a brief overview of how the MD simulation algorithm works. MD assumes
that all particles in the simulation behave classically, so they move according to Newton’s
second law

E@) =mq (1.1)

where F is the force, 7 is the position of our particle, and m is the mass of our particle.
Particles in the context of MD simulations generally refer to the nuclei of the atoms. The
goal of our simulation is to compute the trajectory of our particles, or the path §(t) for all

particles. We will often also compute the momentum p(t) = mg(t) of all particles [1].

Equation 1.1 is a system of N coupled second-order differential equations given that
there are N particles. Obviously, an analytic solution to these differential equations is
virtually impossible, so MD simulations will numerically integrate over time in order to
compute the trajectory. Numerical integration requires a choice of small time step / and
of integrator to compute §(nh) given §(0), ..., ((n — 1)h). The most popular integrator is
the Stormer-Verlet method, which we introduce in Chapter 2 [1].

We also need to compute the force F(§) as a function of particle position. This is ap-
proximated through a force field. Most force fields are actually written in terms of the
potential energy V(7); one may then compute the force by taking F(7) = —VV(§). These
potential functions are typically approximated as additive functions with some of the fol-
lowing terms:

1. Bond stretches between bonded atoms with displacement 7, modeled as harmonic
terms

V(F) = Sk(F—7o)>?

1
2
for constant k, 7.

2. Bond angles between pairs of bonds with angle 0 between them, modeled as har-
monic terms

V(6) = Sk(0 - 00)°

for constant k, 6.
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3. Bond torsions between a series of three bonds with dihedral angle ¢ between them,
modeled as a low-order Fourier expansion

V($) = co + c18in ¢ + c38in 3¢ + c5sin 5¢
for constant cy, c1, 3, cs.

4. Medium-range van der Waals repulsion terms between any two atoms at distance

r, modeled as
A B

Vi =12~ 5%

for constants A, B.

5. Long-range electrostatic interactions between any two charged atoms with charges
g1, 92 at distance r, modeled by Coulomb’s law as

__ 1
Vir) = drey 1

with ey the vacuum permittivity.

More modern force fields have many more complicated terms, but the basic idea remains
the same: we have some sum of some number of terms with constants. These constants
are generally fixed by fitting to either experimental or quantum mechanical data [35].
Chapters 5 and 6 provide details about how force fields are typically derived.

Once the force field and integrator are selected, the basic structure of an MD simula-
tion is very simple:

1. Initialize the system (typically to a representative conformation).
2. At each time step, compute the forces using the force field.

3. Use the integrator to compute positions at the next time step.

1.1.2.2 Observables

In order to ensure that the MD simulation accurately represents reality, there are a few
additional steps that must be taken. First, the initial conditions must be realistic. We
typically avoid boundary effects in our system by simulating a torus T° instead of a fixed-
size box. Practically speaking, this simply means that particles exiting one side of the box
will enter the opposite side. Selecting initial conditions beyond the periodic box is done
on a case-by-case basis [1].

Second, we note that the simulation algorithm outlined above automatically conserves
energy and volume, since all forces are defined in terms of a potential and we are sim-
ulating particles inside a box of fixed size. This algorithm represents an NVE simula-
tion, since it conserves N, particle number, V, the volume of the box, and E, the total
energy. Experimental conditions under which measurements are taken rarely conserve
these quantities; they usually conserve temperature and pressure instead. Thus we would
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prefer to run an NVT simulation (conserving temperature T instead of energy E) or an
NPT simulation (conserving pressure P instead of volume V).

We do this by using Monte Carlo moves. Specifically, if we want to conserve tem-
perature T, after each stage, we run a brief Monte Carlo simulation step to perturb all
the particle’s energies; if we want to conserve pressure P, we perturb the box’s volume.
The probabilities of these moves being accepted depends on the desired temperature T or
pressure P. This method allows us to essentially reduce the NPT or NVT simulation to an
NVE simulation; further, since Monte Carlo methods are well-known to converge in the
long-time limit, this method adds essentially no error to our analysis. Thus we will focus
on NVE simulations for most of this thesis, knowing that our results will also apply for
the more experimentally useful NVT or NPT simulations [1].

We may now compute an observable A. For this thesis, we will assume that A is a
function of the position § and momentum p of all the particles. Thus our simulation, after
running for a time T = nh, will compute our observable by averaging over all frames in
our trajectory

(A (T) = 137 A, pin). 12)
i=0

Note that our trajectory here is determined by simulation on an approximate force field.
Our experiment will measure this observable also by averaging, but experiments gener-
ally run for much longer than simulations do and thus explore many many more configu-
rations. We generally assume that experiments explore essentially all accessible configu-
ration space, where accessible means that quantities that must be conserved (like energy)
are conserved. This assumption is valid since experiments involve a large number of
particles in a macroscopic system that are randomly distributed over all accessible con-
figuration space; we call such averages ensemble averages. So we have

= | AG g 13)

where M is the manifold corresponding to the accessible configuration space that we
integrate over. Here, our manifold M is determined by experiments run on the actual
physical system, not the approximate force field. Physical intuition leads us to believe

that (AN (T) and (A) are close to each other since a randomly initialized system over

long periods of time T should explore all of configuration space. We will define (AR (T)
and (A) more precisely and gain a better understanding of the difference between them
in this thesis.

The fundamental question we seek to answer in this thesis is the following: Are the

quantities (AN (T) and (A) as defined above close to each other? Can we derive
bounds on how close they are to each other?

1.2 Structure of this Thesis

1.2.1 Sources of Error

Broadly speaking, there are three major sources of error that are found in MD simulations
and contribute to the difference between (A)X€ (T) and (A) [4]:
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1. Sampling error. This results from the fact that we truncate our simulation at some
finite time T instead of letting our simulation run until T = cc. The size of sampling
error depends on our integrator and the length of the simulation T.

2. Time discretization error. This results from the fact that we choose to numerically
integrate Newton’s second law with some finite time step / instead of analytically
solving Newton’s second law with an infinitesimal time step. The size of time dis-
cretization error depends on our integrator and the size of the time step /.

3. Force field error. This error refers to any error that is a result of inaccuracies in our
force field, not inaccuracies in our integrator. Fundamentally, it results from the fact
that molecular systems are quantum mechanical and MD simulations model them
classically, which requires that some approximations be made in order to consider
quantum effects.

The goal of this thesis is to present mathematically proven bounds on these errors.
Bounding these errors in general in an MD simulation is still an open problem, so the
results we present here only cover a small number of cases that comply with some sim-
plifying conditions. We also provide an exposition to what progress needs to be made to
understand these error terms and which errors are considered to be more or less impor-
tant for accurate simulations.

1.2.2 Key Results of this Thesis

In Chapter 2, we present important properties of the primary integrator of an MD simu-
lation, the Stormer-Verlet method, and show that its properties guarantee that energy is
conserved over polynomial times in Theorem 2.2.3. This result, while not a bound on the
error terms listed above, is still important since it reassures us that energy is conserved in
an NVE simulation, as expected.

In Chapter 3, we assume that our system is completely integrable, derive impor-
tant properties of completely integrable systems including the Arnold-Liouville Theorem
(Theorem 3.1.9), and explain why MD simulations are likely to be close to completely in-
tegrable. We then use these results to bound sampling error to O(T~!) in Theorem 3.2.2
and demonstrate that the use of a filter function allows sampling error to be bounded by
an exponentially decaying function in T in Theorem 3.2.3.

In Chapter 4, we introduce perturbation theory and use it to derive bounds on time
discretization error. The key result here isa O(T~! + h?) bound on time discretization and
sampling error in Theorem 4.2.2. This theorem summarizes the error bounds that result
from the integrator.

In the last two chapters of this thesis, we focus on force field error. This is a broad
tield, so we focus on a few key mathematically proven results and on developing some
physical intuition behind common sources of force field error. In Chapter 5, we provide
a brief overview of quantum mechanics as applied to molecular systems and then de-
scribe the Born-Oppenheimer approximation, the key result allowing us to approximate
quantum mechanical systems using MD simulations with classical force fields. In Section
5.2.2, we qualitatively describe a number of the sources of error associated with Born-
Oppenheimer force fields.
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The final sections of this thesis focus on nuclear quantum effects, the subject of my
own research. While these are not necessarily the largest source of error in force field
development, results about nuclear quantum effects affect almost every force field de-
veloped. We begin this discussion by proving a complicated bound on nuclear quantum
effects in Born-Oppenheimer force fields in Theorem 5.2.1; this bound makes clear that
as long as nuclei have finite mass, nuclear quantum effects will contribute an error term
that does not vanish. In Chapter 6, we introduce force-field functor theory, a way of ac-
counting for nuclear quantum effects in Born-Oppenheimer force fields. Theorem 6.1.1
tells us that it is always possible to derive an effective force field that accounts for nuclear
quantum effects and Section 6.2.1 provides an efficient means of computing this effective
force field along with empirical justification of its effectiveness.



Chapter 2

The Stormer-Verlet Method and Energy Con-
servation

We begin by introducing the primary integrator used in MD simulations, the Stormer-
Verlet method. Newton’s second law from Equation 1.1 is a second order differential
equation of the form

q=f(@
for some function f (the force divided by mass) and some position-space vector § with
dimension equal to the number of degrees of freedom. For simplicity, focus on the one-

dimensional case § = f(gq) for now. Introduce the velocity 4 = v, so our equation is a
coupled system

The space defined by (v, g) (or the corresponding space defined by (p, q) for p = mv) is
known as the phase space [25].

Now discretize our system with timepoints t,, = nh (for some small step size h and 1 a
positive integer) and corresponding positions g, and velocities v, (here the indexing cor-
responds to timesteps). We may now evolve @ : (q,, v,) — (qn+1,Vn+1) by the following
three steps:

h
vn+% =Up + §f<q”)
Qn+1 = qn +ho, 1 (2.1)

h
Untl = Upyl + Ef(qnﬂ)-

See Figure 2.0.1a. Here, we introduce staggered timepoints ¢, 1 = (n+ ) h. Thereis a
dual option to Equation 2.1 where we switch the roles of v and g:

2
UnJr% - Unf% + hf(q”) (2-2)
Tn+y =+ 5004}

See Figure 2.0.1b. Now observe that we may simply concatenate the last and first steps of
both methods in Equations 2.1 and 2.2 together. This gets us the Stormer-Verlet method.

7
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LI | T 3
+2), '4n+1 Un+1 Uﬂ_ 1
2 i 1
rd / ) rll"n+£;
. qn £ P
Gn . g, - Qn_T\ qn+§
n 3 a-;o"‘\\ i

(@) One Symplectic

Integrator. (b) Its Dual.

Figure 2.0.1: Motivation for Stormer-Verlet. Taken from Hairer et al. [25].

Definition 2.0.1. The Stormer-Verlet method is the map @, : (g4, vn_%) — (qn+1, vn+%)

such that:
Uyl =01 hf(qn)

(2.3)
ql’l+1 = qi’l + hv}’l-ﬁ-%

The formula above can be trivially generalized to multiple dimensions.

This is the primary integrator of choice for MD simulations, both because of its ease
of implementation and its multitude of nice properties that allow reasonably fast conver-
gence of these simulations. Our goal for this chapter will be to show that the Stormer-
Verlet method belongs to a class of integrators called symplectic integrators, which con-
serve energy over long timescales [25]. For a comparison of this method with others, see
Hairer et al. [26], Arnold [2].

2.1 Symplecticity

2.1.1 Hamiltonian and Lagrangian Mechanics

Our system of differential equations is a special one determined by Newton’s second law.
Thus we have some important additional properties, deriving from the Lagrangian and
Hamiltonian formalism of classical mechanics.
We may write
1. L

K=57-(M(@)7)
for K the kinetic energy and M(gq) the mass matrix, which will always be symmetric and
positive-definite. We are also given a force field, a potential energy function U = U(g).
The Lagrangian is then

L=K-U
and the Euler-Lagrange equations stipulate
i o) o ”
dt \ o oq

which in our case imply Newton’s second law in Equation 1.1.
We may now define the conjugate momenta

_, OL _ . N
p=—=44q) =MG3q)q

oq
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for all i and the Hamiltonian
H(p,§) = P-q-L@,9) = 57 - (M@ ') + U@).

This is the total energy of our system, and it is well-known that it is conserved on any
trajectory [26]. Further:

Theorem 2.1.1. The Euler-Lagrange equations in Equation 2.4 are equivalent to the Hamiltonian
equations of motion

: 0H . 0H
= ———(p,q), 4k = = ). 2.5
Pr= = 5o, (P 1)k = 5, (Pr4) (2.5)
Proof from Arnold [2]. Observe that
0JH 0 ' : oL
o — . g o L —», — — _F\_
oar " g P A L) =~

and similarly g—ﬁ = gk. The second is directly one of Hamilton’s equations of motion; the

first simply requires applying the definition of momentum.
For the other direction,

oL o _ - L. - d{oL
a—%=@(P-q—H(M))—P—E<—-)

as desired. n

2.1.2 Symplectic Structures on Manifolds

Flows in phase space along the Hamiltonian equations of motion satisfy an additional
important property known as symplecticity. Over the next few sections, we will see that
symplecticity corresponds to preserving areas in phase space under Hamiltonian flows.

Symplecticity can be defined on any 2d-dimensional manifold M. For future conve-
nience and to simplify proofs of a number of important results, I will define symplecticity
in complete generality and avoid specializing to R? until absolutely necessary.

Definition 2.1.2. A symplectic structure on M is a closed nondegenerate differential 2-
form w, i.e. dw = 0 and for all 7 + 0 there exists @ such that w(7, @) # 0.

Example 2.1.3. The canonical example of a symplectic structure, and the one we will be
most interested in, is the following. Consider phase space R? with coordinates p;, g;.
Then w = };dp; A dg; is symplectic. This can be easily verified directly.

We can understand the above example more generally. Consider V, an d-dimensional
manifold. It is well-known that T*V, the cotangent bundle, is a 2d-dimensional differen-
tiable manifold. If we choose coordinates g; for points in V, we can choose corresponding
coordinates p; for any cotangent vector in T}V given a point x € V, and thus have coordi-
nates p;, g; for all of T*V. Thus the symplectic structure w defined above can be naturally
extended to T*V [2].
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Now fix a point x € V. We may define a map I : TxM — T¢M by sending 7 —
i3(w) = wz where wyz(w) = w(7, @); this corresponds to the interior product. I is an
isomorphism because symplectic forms are nondegenerate. Thus given a Hamiltonian
function H : M — R, we have a differential 1-form dH and a corresponding vector field
H associated with it, known as the Hamiltonian vector field [2].

Example 2.1.4. Let’s calculate what this isomorphism looks like in R?. Given a basis
vector ey, it maps to wy, (@) = w(éy, @) = dq;(@) thus we have w,, = dg;. Similarly,
wg, (W) = w(ey;, W) = —dp;(¥) thus we have w,;, = —dp;. The matrix of the appropriate

transformation in the p;, g; basis is where [ is the d-dimensional identity matrix.

I
-1 0
Now suppose we have a Hamiltonian H. Then

— L, OH ., OH
H = zijepié’_qi _zi]etha_pi

so the corresponding flow equation x = H(x) allows us to re-derive Hamiltonian dynam-
ics.

Thus our notion of Hamiltonian dynamics agrees with Hamiltonian vector fields (hence
the name).

2.1.3 Hamiltonian Flows are Symplectic

Given a symplectic manifold M and a Hamiltonian function H, the corresponding Hamil-
tonian vector field H generates a Hamiltonian phase flow ¢; : M — M such that

d —
Qo(x) = x, —@i(x) = H(g:(x)).
This phase flow simply tracks the evolution of our system in phase space. The importance
of symplecticity is that:

Theorem 2.1.5 (Poincaré). The Hamiltonian phase flow is symplectic, or preserves the sym-
plectic structure of the manifold, i.e. (p:)*w = w.

If we work in 1 dimension with M = R?, this theorem implies that the phase flow
preserves the area in phase space. In higher dimensions with M = R?", this theorem is
equivalent to preserving the area under projection to the (p;, g;) plane, i.e. the phase space
for each individual coordinate.

Proof from Arnold [2]. Observe that ¢; defines a homotopy trivially. Given a manifold M
and a k-chain ¢ on it, define a (k + 1)-chain ¢c, the track of chain ¢ under the homotopy
@ for t € [0, T]. For each cell in this chain f : D — M, take themap ¢ : D x [0, 7] - M
defined by g(x,t) = ¢:(f(x)) and add the appropriate orientation, so ¢c is swept out by ¢
under the homotopy ¢; for t € [0, T]. We may compute

d(pc) = prc—c— @ac.
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Lemma 2.1.6. Given a 1-chain c, we have

w = dH.

dt pc P-C

Proof. Pick a chain with one cell f : [0,1] — M. Let g(s,t) = @+f(s), 7 = ‘;—f,w = % in the

tangent space Ty (s -)M. Then
J w = J J w(7, W) dt ds
@c

but by the definition of Hamiltonian phase flow we have @ = H(g(s, t)) so w(F, @) =

dH(v). Thus .
Joon ]y (1, om)

We can now differentiate to get the result. O

Now given any 2-chain ¢, we have

O—J dw = J w = J w — f
pc dopc ®rC <p0c

by Stokes’s theorem. We know that

Lom [ (Lo [ (], mya-o

by Lemma 2.1.6 so we get
J w — J w = 0.
pzC

Since this must be true on any chain, we have (¢;)*w = w. O

Let’s consider the reverse condition: are flows that preserve the symplectic structure
Hamiltonian? This isn’t quite always true; consider the torus T? with coordinates (p, )
and w = dp A dg. Consider ¢¢(p,q) = (p + t,q); this clearly preserves the symplectic
structure. We can see that we require H = —g + C but g is only a local coordinate, so this
can’t hold globally.

However, we can prove something local.

Definition 2.1.7. A locally Hamiltonian vector field is a vector field & corresponding
under [ to a closed 1-form «.

Locally, we may write « = dH by Poincaré’s lemma and we have a local Hamiltonian
function, but this may not hold globally. Then we have:

Theorem 2.1.8. A flow ¢; preserves the symplectic structure iff it is locally Hamiltonian.
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Proof from Pelayo [46]. The backwards direction is immediate from Poincaré’s theorem,
Theorem 2.1.5, since the proof of that was entirely local.
For the forwards direction, suppose we have such a flow ¢;. Now consider the vector

field %(pt( ). Under I this maps to some « such that a(v) = w <%(pf(x),v>. Now pre-

serving the symplectic structure implies that the Lie derivative £ 40/ (x yw = 0, so by the
t

formula £, = d o 1, + 1, 0 d, we get that « is closed, as desired. O

We can further see that the obstruction to a symplectic flow from being globally Hamil-
tonian corresponds directly to closed forms that are not exact, i.e. to the first cohomology
group H'(M,R). On any simply connected manifold, i.e. M = R?, this is just 0, so all
flows that preserve the symplectic structure are Hamiltonian [46, 2].

2.1.4 Symplecticity of the Stormer-Verlet Method

Since the flow of our Hamiltonian system is symplectic, we would like to verify that the
numerically computed flow of our system via the Stérmer-Verlet method is also symplec-
tic. As it turns out, this is case:

Theorem 2.1.9. The flow of the Stormer-Verlet method @y, on a Hamiltonian system is symplectic.

This theorem is true for general Hamiltonians [25], but the elegant proof we present
holds only in the case that the Hamiltonian is separable H(p, q) = K(p) + U(q). This is the
case for all force fields.

Proof from Hairer et al. [25]. Let X be the accurate flow of the Hamiltonian system H(p, q) =
K(p) over a time step h and likewise for (ph. Observe that Equation 2.1 implies that
@, = oY ] o (ph o o4 g By Theorem 2.1.5, each of the ¢s is symplectic, so so is ®j. Since

this is equwalent to Stormer-Verlet with some slight index modifications, we have that
the flow of the Stormer-Verlet method is also symplectic. O

2.2 Backward Error Analysis

The primary tool for analyzing errors associated with the Stormer-Verlet method and
other methods of numerically integrating differential equations is backward error anal-
ysis. In this section, we will use backward error analysis on the Stormer-Verlet method
to derive bounds on long-time energy conservation; later in Chapter 4, we will use it to
bound time discretization error.

Suppose we have an exact differential equation x = f(x) with solution ¢(x). The
numerical solution is x, with x, ;1 = ®p(x,). The idea of backward error analysis is to
find a modified differential equation

= fu(®) = f(x) + hfa(x) + K f5(x) + ... (2.6)

and determine the difference between f and f;. This gives more insight into the error of
the trajectory x,,. We can demonstrate existence of this series, but we do not guarantee its
convergence.
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Theorem 2.2.1 (Backward Error Analysis Series Existence.). Consider the equation X= f(%)
over some vector X and infinitely differentiable vector field f(X). If the numerical method has a
Taylor expansion

O(%) = X+ hf(3) + 1g2(%) + Ig3(X) +
then there exist unique vector fields f;(x) such that

©(%X) = GpN(F) + O

and @y, N s the flow of the modified equation
= f®) +hfa(@)+...+ Ny (). 2.7)

This proof is written for the one-dimensional case for simplicity, but the ideas can be
easily extended to higher dimensions.

Proof from Hairer et al. [25]. Define x(t) = @¢(x). We can now expand the flow of Equation
2.6 as a Taylor series to get

W2
Ex(O)Jr...
2
= x+h (f(X) +hfa(x) + B fa(x) + .. ) + % (Fx) +hfa(0) +..) (f(x) +hfa(x) +

and comparing like powers with the given equations we get

f2(x) = ga(x) = f'f(x)

and so on. O]

Pn(x) = x + hx(0) +

Given this proof, observe that if our numerical method is of order p, i.e.
Dy,(%) = (%) + hP+16,1 (%) + O(RF?)

where @;,(¥) is the exact flow and 6, ,1(x) is the leading-order correction, then f;(x) = 0
for2 < j<p.
Explicit computation for the Stormer-Verlet method [25] gets

7+ hi+ 5 £() )

he - <5+%f( 7) + 3 (7+ 1+ 5 @)

SO
1

709 = 0,5509) = 35  pray s i ) Fo

It can be verified that the Stormer-Verlet method has order 2, so these results agree with
what we expect [25].

Note that Stormer-Verlet is symmetric, i.e. @), = ®_;. Thus our expansion must also
have this property, implying that even powers f,;(7, 0) will vanish [25].
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2.2.1 Symplectic Methods and Backward Error Analysis

Symplectic methods have particularly nice modified differential equations. Specifically,
they will also be symplectic and thus also have modified Hamiltonians.

Theorem 2.2.2. A symplectic method ®y, applied to a Hamiltonian system with a smooth Hamil-
tonian H results in a modified equation that is also Hamiltonian, i.e. each truncated equation from
Equation 2.7 is also Hamiltonian for some H;.

Proof from Hairer et al. [26]. Induct on j. The base case is immediate since f(¥) = f1(X).
For the inductive step, note that
¥=f(X) +hfo(X) + ...+ W f(%)

is Hamiltonian by induction. Let its flow be ¢, ;,(Xy). We have

©;y(To) = @ru(To) + H fra(Xo) + O('?)

and taking the derivative
©},(%o) = @y, (%o) + H' £, 1(%o) + O(H"+).

Note that @, and ¢, are symplectic by induction and using Theorem 2.1.5. Further,
@, ,(X0) = I + O(h) by definition. We claim that f,.1 is symplectic, i.e. w(f;,,7, f;, @) =
w(T,@). This is immediate by expanding the equation above and taking terms to the /" *+1
order. Now, apply Theorem 2.1.8 to get the desired. O

2.2.2 Bounds on Energy Conservation

This set-up is sufficient for us to prove a significant result on how closely energy is con-
served under the Stérmer-Verlet method.

Theorem 2.2.3. Given fixed step size h and number of steps n, let the time t = nh. Then there
exist constants C and Cy independent of t and h such that

[H(Pu, Gin) — H(Po, §o)| < Ch* + Cnh™t

if 0 <t < h™N for some positive integer N. Cy depends on up to the (N + 1)th order derivative
of H in a region containing (pn, Gn ).

Proof from Hairer et al. [25]. Truncate our modified differential equation after N terms. Ap-

ply Theorem 2.2.2 to get a modified Hamiltonian H (P, q) associated with the Stormer-
Verlet method. By the Triangle Inequality, we have

H(Pu, Gin) = H(Po, Go)| < |H (P, §n) — H(Bu, G| + |H (B, Gn) = H(Po, Go)| + |H(Fo, Go) — H(Po, Go)-

The first and third terms are bounded by the error in the modified Hamiltonian. Recall
that the Stormer-Verlet method has order 2; this gives us a O(h?) error in the proof of
Theorem 2.2.2. Thus we have

[H(Bn, §n) — H(Fn, )| + [H(Po, §o) — H(Po, fo)| < CH?
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for some fixed constant C.
Rewrite the last sum by the Triangle Inequality as

n
|H (B, §in) — H(Po, Go)l < ), |H(Fi,§)) — H(Fi—1, §i-1)|-
i-1

Our modified flow ¢; preserves the modified Hamiltonian, so
(P, @) = H(Pio1, G| = A (3, ) — H(n(Fi1, Gio))] < CyRNH

since by construction ¢y (Fi_1,7i-1) = (Bi, §;) + O(hN*1). Cy here is clearly only depen-
dent on up to the (N + 1)th order derivative of H, since that’s all the modified differ-
ential equation is dependent on. Adding up all n terms, we get a bound of CyhNt, as
desired. O

This is not the sharpest possible bound; you can show that for analytic Hamiltonians
H (all Hamiltonians used in molecular dynamics simulations) we have a bound of Ch? +
Coe~ it for exponentially long times t < ef.

However, the exact bound is unimportant for applications to simulations. The im-
portant result of the theorem is that energy is approximately conserved over long time
periods. As a result, scientists running NVE MD simulations are guaranteed that energy
will actually be conserved over the course of their simulation, so the simulated trajectories
will be representative of the real world [1]. Symplecticity of the Stormer-Verlet method is
essential for this result to hold; in particular, non-symplectic methods such as the Euler
method fail to conserve energy and can lead to nonsensical results in simulation, such as
a harmonic oscillator’s trajectory becoming totally unbounded [26].

This result provides a sanity check on the expected accuracy of our simulations, but it
does not tell us anything about the bounds we expect on errors in observable quantities
measured from a simulation. We turn to that subject next, but we’ll need a few further
assumptions on our system to make progress.



Chapter 3

Integrable Systems and Bounds on Sam-
pling Error

The goal of this chapter will be to compute bounds on sampling error, which can be
defined as the between the time average

T
(M) =7 | A, aw)a

and the spatial average (A). We begin with a discussion of the motivation behind our ap-
proach and how it differs from some other approaches taken by computational scientists
using simulations.

The most natural way to compare time and spatial averages of simulated systems is by
citing the ergodic hypothesis. The version of the ergodic hypothesis we will use from [18]
is occasionally called the quasi-ergodic hypothesis or the modified ergodic hypothesis:

Conjecture 3.0.1 (Ergodic Hypothesis). The trajectory of a system is dense on its energy surface
as a subset of phase space (the space of all possible positions and momenta of all particles).

The ergodic hypothesis immediately leads to the conclusion that time averages at in-
finite time and spatial averages are equal, so time averages should converge to spatial
averages. However, on its own, it doesn’t tell us any information about the rate of that
convergence. Further, it is notoriously difficult to prove that even simple systems are er-
godic; no one has attempted to prove whether a full MD force field applied to a protein
is ergodic. Even the ergodicity of one of the simplest terms in a force field, the Lennard-
Jones term, is an open problem [18].

Known results about ergodic systems make the ergodicity assumption very troubling.
First, the space of ergodic Hamiltonians is meager in the space of all Hamiltonians, i.e.
covered by a union of nowhere dense subsets [36]. This implies that arbitrarily small
perturbations to any ergodic Hamiltonian can result in a non-ergodic Hamiltonian and
that we may have non-ergodic Hamiltonians that are far away from ergodic Hamiltoni-
ans. Thus given that we know nothing about the ergodicity of our force field, assuming
ergodicity does not seem like a good idea.

Further, we have good reason to believe many common force fields are not ergodic.
Systems with multiple-welled potentials are often non-ergodic since they only explore
one of the relevant wells, and all torsion potentials are usually multi-welled (correspond-
ing to rotating a bond around itself, which almost never happens). Systems with a large
number of independent or mostly independent oscillations are rarely ergodic, since each
individual oscillator has additional conserved quantities associated with it beyond the

16
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overall system energy [18]. Many force fields to a first-order approximation assume bonds
are harmonic, so all the bonds in a protein form a system of mostly independent harmonic
oscillators that we do not expect to be ergodic. Thus we have good reason to suspect that
force fields do not satisfy the ergodic hypothesis.

We will instead assume complete integrability, often considered the exact opposite
of ergodicity. We will justify this assumption later. Here we motivate the conditions of
complete integrability.

If we knew ahead of time that the motion of our system were periodic with respect
to any one particular coordinate x, it would be trivial to show that spatial averages with
respect to x and time averages converge to each other; just integrate over a period. How-
ever, most MD simulations are not periodic with respect to any spatial coordinate, and
this method does not allow you to average over any coordinate aside from x.

But consider the 1D harmonic oscillator

H(p,q) = %(pz +4°)

(setting constants equal to 1 for simplicity). It is well-known that the trajectory of a par-
ticle in this Hamiltonian is (p(t),q(t)) = (rcos®,rsin@) for some fixed r = +/2H and
linear function 8. We can change coordinates from (p,q) to (r,8); now, r is fixed over
our trajectory and we can integrate with respect to 8, a periodic coordinate. Here, the

time average of a function A is %Sg A(rcosO(t), rsin6(t)) dt and the spatial average is

% 87{ A(rcos 8, rsin 8) d6 which are clearly equal as long as T is a multiple of the period.

In this process, we have transformed our system from non-periodic coordinates to pe-
riodic coordinates, allowing us to compare spatial and time averages easily. We aim to
repeat this process with more general MD simulations to create periodic coordinates.

The proof outline provided above for the 1-dimensional harmonic oscillator will be the
motivation for the following chapter. We will find ways to construct periodic coordinates
like (r,0) and use them to establish rigorous bounds on sampling error for a subset of
common MD force fields.

3.1 Integrable Systems and the Arnold-Liouville Theorem

In this section, we will define a completely integrable system, prove the Arnold-Liouville
theorem, which characterizes completely integrable systems in terms of periodic coor-
dinates as described previously, and discuss why complete integrability is a reasonable
assumption to make about MD force fields.

3.1.1 Poisson Brackets and First Integrals

We ftirst generalize the notion of a conserved quantity such as the energy of the harmonic
oscillator.

Definition 3.1.1. A first integral of motion is a quantity conserved over the trajectory that
is a function of only phase space coordinates (position and momentum) and is indepen-
dent of time.

Energy, angular momentum, and linear momentum are common examples of first in-
tegrals. Quantities that are only conserved, i.e. independent of time, are generally called
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integrals of motion. We'll need a slightly more useful characterization of first integrals.
Consider functions f, g : M — R on a symplectic manifold M. Then:

Definition 3.1.2. The Poisson bracket {f, ¢} is a functionh : M — R such thath = w(f,3)
where w is the symplectic structure on M and f, g are the vector fields corresponding to

fr8 121
Example 3.1.3. In our canonical basis, we may compute
n
N\ 8of 8 of
et ZZ; Opi 0q;  0q; Opi’

The Poisson bracket is clearly linear and anti-symmetric by definition. The reason
Poisson brackets are useful for computing first integrals is the following lemma:

Lemma 3.1.4. A function f is a first integral iff we have {f, H} = 0, where H is the Hamiltonian.

Proof. We have L o
{f, H} = w(f, H) = df(H)

by unwinding definitions and

5@ = of () = f(H)

by the Chain Rule. Thus {f, H} = 0 is equivalent to % f(de(x)) = 0 always. O

We can also show that
{f, 8} =£5f

(where £ is the Lie derivative) and the Jacobi identity holds for Poisson brackets, i.e.

A8 ) + 18 {h, f}} +{h, {f, 81} = 0.
Finally, the Poisson bracket is related to the Lie bracket by the identity

{f,.& = f.3]-

As a result, if {f, g} = 0, the flows with respect to f and g commute. We say that such f
and g are in involution. These results are proven in Arnold [2].

3.1.2 Liouville’s Theorem

Liouville’s theorem gives us a very nice description of a manifold with multiple first in-
tegrals. The proof of this theorem will be the focus of this section.

Theorem 3.1.5 (Liouville’s Theorem). Given a symplectic 2n-dimensional manifold M, sup-
pose that we have n functions f1,..., fu such that fi = H, our Hamiltonian, {f;, f;} = 0 for all
i, j (in particular f; is a first integral for i # 1), and given a level set My = {x| f;(x) = g;Vi} for
some constants g1, ..., gn, the n 1-forms df; are linearly independent on Mg, then we have the
following:
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1. Mg is a smooth manifold invariant under phase flow by the Hamiltonian.

2. If Mg is compact and connected, it is diffeomorphic to the n-dimensional torus T" with
coordinates @1, ..., o, (mod 2m).

3. In these coordinates, the phase flow is conditionally periodic

d

sl

=

QU

t

for & a function only of g.

We use the term conditionally periodic since the flow is only periodic if all the w;s are
related to each other by rational ratios. Otherwise, the flow is quasiperiodic [26]. The Mg
are sometimes called invariant tori.

Definition 3.1.6. A system satisfying the conditions of Liouville’s theorem is known as
completely integrable.

Proof of Liouville’s Theorem from Arnold [2]. We start by proving the first statement. Since
the n 1-forms df; are linearly independent, by the implicit function theorem, My must be
a smooth n-dimensional submanifold.

Lemma 3.1.7. The n vector fields f. defined using the symplectic structure w are tangent to Mg,
commute with each other, and are linearly independent.

Proof from Arnold [2]. Since we have an isomorphism from 1-forms to vector fields, linear

independence of the f; is immediately implied by linear independence of the df;. The

vector fields commuting follows from {f;, f;} = 0. Similarly, £74 fi = 0, implying that the
]

f j are tangent to Mg, as desired. O

By Lemma 3.1.7, the f; form a basis for TxMgz at any x € Mg, implying that w = 0
on TyMg since it is 0 on all the 71-. Further, we can define flows ¢; ; corresponding to the

vector field f; and a time ¢. These flows also commute and Mg is invariant under their
flow. This proves the first statement of Liouville’s theorem.

Now we prove the second statement. Assume My is compact and connected. Define
an action of R" on Mg by sending

Fos ¢yt M — M, 7 = b1, dopy - .- i,

Commutativity of our flows implies that this is a group action. Given any point xo € Mg,
we have amap ¢ : R" — My, ¢ (£) = dxo.

By the implicit function theorem applied to the ¢;;, some neighborhood V < R" of
the origin maps to an open set U containing xo diffeomorphically. We claim that ¢ is
surjective; consider a curve from x( to any x € M. We can cover this curve by a finite
number of copies of U; each U corresponds under ¢ to some V and thus each point in the
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curve corresponds to some shift in V. We now need to add up all of these shifts to geta f
such that ¢(f) = x.

However, ¢ is not injective since My is compact. Thus consider the stabilizer of xo;
this is a subgroup T'. Further, since ¢ : V — U is a diffeomorphism, V' ¢ T, implying that
I'is discrete.

It is well-known that all discrete subgroups of R" correspond to { > ; m;eé; | m; € Z } for
some set of k linearly independent vectors €; with 0 < k < n. We use this to construct a
diffeomorphism between My and T* x R"~*. See the following diagram:

R — A4, Rn

Pl

TF x R A Mg

Take coordinates on TF x R"—k given by (@1, ..., ®k, Yxs1,---,Yn). The @; coordinates
are taken mod 271. Define p : R" — TX x R"* to be the natural universal covering
map that sends the first k coordinates to their value mod 27z. Note that by the above
arguments ¢ : R" — Mz is also a universal covering map. Now define the points h; € R"
with coordinates ¢; = 271, ¢; = 0 for all j # i and the isomorphism A : R" — R”", ﬁi — €

(extend by linearity if necessary). This isomorphism descends to an isomorphism A :
TF x R — Mg by the universal cover maps; since the universal cover maps are locally

diffeomorphic, Aisa diffeomorphism.

Recall that My is compact. T* x R"* is compact iff n = k, implying that we actually
have a diffeomorphism Mg; ~ T" and have constructed n angular coordinates ¢1, ..., @;.
This proves the second statement of Liouville’s theorem. The third statement of Liou-
ville’s theorem is also easy to see; note that by definition $ = A~'f and flowing along the

Hamiltonian corresponds to ’%1 =1, % = 0 by definition, so % must be some constant
depending only on g as desired. O

Liouville’s theorem provides us with angular coordinates given a large number of first
integrals, just as we saw in the motivating example of the harmonic oscillator.

3.1.3 Action-Angle Coordinates
We specialize to the case M = R?" for this part.

Given a completely integrable system, we may by Liouville’s theorem switch to coor-
dinates ( f , @) where the flow corresponds to
if  dp =
a5 = 05 = alf).

These new coordinates are not quite symplectic however, in the sense that we do not
have w = > df; A dg;, which will prove very useful in bounding sampling error. We thus
derive action-angle coordinates (I, @), for which

w = >dl; A de;
i
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does hold. T is a function of f and thus [; is also a first integral of our Hamiltonian H [2].

Example 3.1.8. For our harmonic oscillator, action-angle coordinates would be I = H =
2,2
%. We then observe that

2
dp/\dqzrdr/\d(pzd<%>/\d(p

so these are indeed action-angle coordinates.

Theorem 3.1.9 (Arnold-Liouville Theorem). For our manifold M = R?", there exist action-
angle coordinates.

Proof from Arnold [2]. Let y1,...,¥n be 1-dimensional cycles on My that form a basis of
cycles. Define

U N
L;(g) = grjgpdq-
Yi

This integral does not depend on choice of y; since given any two y, )’ we may define a
cycle o such that do = ¥ — 7/ and then by Stokes’s theorem

ﬁﬁdﬁ—jgﬁd%ff Ydpi adgi =0
Y y! i

since w = 0 on Mg. The [;(§) are our action variables.
We now need to show that

dez A dql = Zd[,‘ A d(pi.
Note that, as above, N
S - | i
X0

when restricted to My does not change under deformations of the path of integration.
By the fundamental group, it can only change by values corresponding to 27I;. Let xg €
Mg such that we can find a neighborhood where the § are coordinates on Mg. In this
neighborhood, we can define a function
5, T -
S(Ly = | p(Lq)dq.
q0
It's immediate that

o 0S
PZ - aqz
Define
0S
aL = o

Thus, at least locally, we have our desired equality by taking second derivatives of S.
This local equality can be extended globally by observing that the discrepancy in defining
S(I,§) corresponds exactly to the discrepancy in precisely defining @. O
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3.1.4 Integrability and MD Force Fields

We should next consider whether integrability applies to a significant number of force
tields. As described previously, the 1-dimensional harmonic oscillator, and in fact any
system built by adding independent higher-dimensional harmonic oscillators, is com-
pletely integrable [26]. Unfortunately, just as with ergodicity, it is extremely difficult to
prove that any force field generates a completely integrable Hamiltonian. Further, just as
with ergodicity, the set of integrable Hamiltonians is also meager in the set of all Hamil-
tonians [36].

So why do we consider integrable systems as a useful approximation to the behav-
ior of MD simulations, in contrast with ergodicity? The key mathematical result is the
following;:

Theorem 3.1.10 (Kolmogorov-Arnold-Moser (KAM) Theorem). Given an unperturbed non-
degenerate (i.e. det ’%—‘f' # 0) completely integrable analytic Hamiltonian Hy, adding small con-

servative Hamiltonian perturbations H' only slightly deforms non-resonant invariant tori Mg. In
the phase space of the perturbed system, we also have invariant tori on which the trajectories are
conditionally-periodic. These invariant tori form a majority of phase space of the perturbed system,
i.e. the measure of the complement of their union is small when their perturbation is small.

The proof of the KAM theorem can be found in Arnold [2]. The KAM theorem tells us
that the fundamental structural fact about completely integrable systems, the existence of
invariant tori and conditionally periodic trajectories, is largely preserved upon small per-
turbations. Thus, while small perturbations of completely integrable systems may result
in non-integrable systems, we still have our invariant tori and can still draw conclusions
about the behavior of our system in the majority of phase space. This is contrast to ergod-
icity, where we have no reason to believe the structure of ergodic systems is maintained
even under small perturbations from ergodic Hamiltonians.

There are a couple of other reasons to believe that MD force fields are completely in-
tegrable or close to completely integrable. Intuitively speaking, we can think of the result
of Liouville’s theorem as claiming that there are a number of distinct frequencies under
which our system moves, and this does correspond closely to how biomolecular simu-
lations behave; it’s easy to draw a distinction between the frequencies associated with
bond stretches, bonds bending, torsion, and non-bonded forces. Thus, there is reason to
believe that working with completely integrable systems will give us a good understand-
ing of convergence properties of molecular dynamics simulations [9].

Finally, Cances et al. [9] have previously found that the convergence properties we
prove in subsequent sections hold up empirically for real MD simulations. This is weak
empirical justification for the fact that force fields are in fact completely integrable or close
to completely integrable. We will present these empirical results in Section 3.2.4.

Despite these arguments, it would obviously be better to prove the convergence of
time and spatial averages and bound sampling error independent of any assumptions on
the force field. Unfortunately, this remains an open problem, so we focus here on what
has already been proven [31, 7, 33].
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3.2 Sampling Error

Suppose we're given an observable A(p, 7). Define the spatial average

S AW, ) du(p, q)
SM du(p, q)

(A) = (3.1)

where M is the manifold corresponding to accessible phase space (conserving energy and
whatever other first integrals we have) and du is the canonical measure inherited from all
of phase space R?". Define the time average

S
(1) =7 | A, aw)a 32
given a trajectory p(t), 4(t).
In this section, we will show that Tlim (A)(T) = (A). We will also investigate sam-
—00

pling error, the error associated with bounding the left hand side at some finite T. As ex-
plained previously, we will work on invariant tori, associated with completely integrable
Hamiltonians and most of the phase space of Hamiltonians slightly perturbed from com-
pletely integrable ones.

3.2.1 Equivalence of Spatial and Time Averages

We will need one additional condition on our system to ensure that spatial and time av-
erages are equal. Call the elements of @ our frequencies, and let them be independent
if they are linearly independent over the field of rational numbers, i.e. if K € Q" and
k- = 0, then k = 0. This is a reasonable condition to place for realistic systems, since it’s
highly unlikely that two distinct frequencies of a natural system would be related by a
rational number (slight perturbations would make this untrue). One can extend these re-
sults to show that given r linear dependences, our invariant torus reduces to an invariant
torus of dimension n — r with n — r independent frequencies and conditionally periodic
motion, at which point our results still apply as usual [2]. Systems of identical particles
can thus be treated by reducing the number of independent frequencies.

Theorem 3.2.1. If our Hamiltonian is completely integrable and our frequencies are independent,
then

lim (A)(T) = (A)
T—ao0
for any continuous observable A.

Our primary strategy for proving this result and subsequent similar results will be the
Fourier expansion. We will briefly review the Fourier expansion for a real continuous
function f over a multidimensional torus T". We have

f=3 fR)e*?

kezn
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where 1
&) = i |, f@)e P .

Convergence can be proven by noting that the exponentials form an orthonormal basis
for a Hilbert space or by applying the Stone-Weierstrass theorem [2].

Proof of Theorem 3.2.1 modified from Arnold [2]. Work on our invariant torus with coordi-
nates @. Then the spatial average from Equation 3.1 reduces to the integral

1 27T 27 ~
<A>:(27T)”fo S f(@)dey...de,.

The time average from Equation 3.2 is now

T T
(AY(T) = HO AG(D) dt - HO Ao + @) dt.

We'll first prove the result for exponentials A = ek In this case, if k = 0,then A =1
so (A)(T) = (A) = 1 always. If not, then our spatial average is an integral over an entire
period of a complex exponential, so (A) = 0. Our time average is

T %@y LT(k-
lim 1 A @o+®) 15 _ 1im eik-@o piT(k-@) _ q

7]
— :O
T—owo T 0 T—w ik - O T

as desired.

Our proof above immediately implies the result for trigonometric polynomials, since
both the time and spatial averages are linear.

Now consider an arbitrary observable A and take its Fourier expansion. For fixed
€ > 0, by convergence of the Fourier series, we may pick a partial sum (a trigonometric
polynomial) P such that |A — P| < §. Therefore

1

=@ = | [ (4= Pt < o

= (27m)" Lrn 4= Plag <

and similarly [(A)(T) —(P)(T)| < 5. Pick T large enough so by the above argument

|(P)—=<(P)(T)| < §. Combining these, we get [(A) —(A)(T)| < e. By the definition of

limit, we now have Tlim (A)(T) = (A) as desired. O
—00

W m

3.2.2 Bounding Sampling Error

We’d now like to modify the above proof to determine the rate at which sampling error
converges to 0. To do so, we will require one additional condition on the potential values
of k- @.

We assume Siegel’s diophantine condition, i.e. that there exist v, v > 0 such that for

all k € Z" nonzero we have . .
k- @| > ylk|™. (3.3)
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This condition intuitively just means that our frequencies are not particularly close to
being linearly independent [9]. It can be shown that the set of frequencies not satisfying
this condition for v > n — 1 has Lebesgue measure O(y) which tends to 0 as y — 0. Thus
almost all frequencies satisfy this condition for some y [26]. We will also assume our
observable is real analytic (reasonable for any physically realistic observable).

Theorem 3.2.2. Under the same conditions as before and Siegel’s diophantine condition, there
exists a constant c¢ such that
[(AX(T) =<A) | <

Sl o

for any analytic observable A.

Proof modified from Cances et al. [9]. Take the Fourier expansion of A as

A@) = Y AR,
kezn

Note that by an extension of the Paley-Wiener theorem, analyticity of A implies that the

Fourier coefficients exponentially decay, i.e. we have A(k) < Ce Pl for some positive
constants C, D independent of T.

To compute the spatial and time averages, we will want to switch integrals and infinite
sums of the Fourier expansion freely in the subsequent steps. We may justify this by using
the dominated convergence theorem; note that

|A(K)e*?| < Ak) < Ce~PIH

by the above, so our sum is dominated by a convergent sum and we may apply the dom-
inated convergence theorem to freely bring integrals inside the Fourier expansion.
As a result, we have

by the same reasoning as in the proof of Theorem 3.2.1. Further,

o o ) oik-o (eiT(Ew) _ 1)
W)= 3 (ARe?) = AQ) + 5 3, AR ———

kezn EeZ”,E#@

Using Siegel’s diophantine condition (Equation 3.3), we may now bound the error by

k-0 (piT(k-@) _ q
1 e e 1 2C oo
(M= <z Y |AR <,4 . >\T S 2 e DR,
L= ik - @ L=
kezn k+0 keZn k0

By the integral test, this sum is convergent, thus we may take ¢ = >3 /. 5 % |k|ve~DIK

and we have the desired. ]
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3.2.3 Reducing Sampling Error with Filter Functions

It’s reasonable to ask whether it is possible to improve this bound by slightly modifying
the computation of time averages. We obviously do not want to increase computational
time any further, so the only real possible modification is by adding a positive filter func-
tion &(t) : [0,1] — R>? and computing the average

(Aye (T) = 2 (3.4)

instead. Our previous case was effectively &(t) = 1. The intuitive idea behind the filter
is to place unequal weights on the value of our function at certain points in the trajectory
and compute a weighted average in an attempt to improve convergence. We will later
show an example of a particularly nice filter function.

Theorem 3.2.3. Under the same conditions as before, and given that & is (d + 1)st times differ-
entiable with £ (0) = E1(1) = 0 for j = 0,...,d — 1, then there exist constants cy and R not
dependent on d such that

ED )]+ [ED )] + [|EFD)]]
Ay (T) ~(AY| < i (CoRd+1(V(d+1))! i L).

As usual, the L! norm is defined by ||&|[;1 = SO t) dt. We pick v integer in Siegel’s
diophantine condition so the factorial makes sense.

Proof from Cances et al. [9]. We have (A) = A(0) and expanding Equation 3.4,
A Ao [ pitEa)g (F
e = AG) + 2 Ak » [ et (r) a

by similar reasoning as in the proof of Theorem 3.2.2. We now want to estimate this
integral.
Integrate by parts d times. We obtain

T ¢ (_1)d T ¢ o
J it k@) g <_> gt — *—J £@ <_> it D) g4
0 T (Ti(k- @) Jo T

since the boundary terms all vanish by our given conditions. Integrating by parts one

more time, we get
T) _ (= fTé(dH) (i
0 (Ti(k - @))?+1 Jo T

JT ot @) ¢ <£) g — (:Ud T (é(d) (i) it (F-@)
0 T (Ti(E- @)+ T

1
< g (EO1+EO)] D)
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We now can plug this back into our original expression. This yields

1 @) + [ED(1)| + ||&@+D) Ak
|<A>£(T)_<A>|<Td+1’£ o ’(SHE(H;‘ & W Z A

k. k1
e < @
and it remains to bound this last sum. Applying Siegel’s diophantine condition (Equation
3.3) and the Fourier expansion bound for analyticity, we have

JA(K)] C 2iv@d+1),-DJF C _D
Y gguas L gEkete 3 — g+ D)
Kezr kA0 ke K kezies Y (2)

using the fact that x” < nle* which is true by Taylor series for positive x. This sum

. _Dg
converges for the same reasons as before, so we may now pickcy = C ZEeZ",E;ﬁG e 2kl R =

—1 < to get the desired. O

v (5)

A particularly useful filter function is

E(x) = e T

which satisfies the condition above for all d € N. As shown in [9], there exist constants
w, 3,6 > 0 such that
1£D]] < up?d®, |60 < ppta®

where the L* norm is the supremum over [0, 1]. Letting ¢y = cu, 71 = Rf3, we now have

rvY

()~ < () @0 v )< (U

d+1
> (d + 1)(5+V)(d+1)

for all d. The RHS is a function of 4 which can be minimized; computing this, we get

(A, (T) - (A)| < c1 exp (—‘5”< r ))

e rvY

Thus we get an exponentially decaying bound on the size of our error, which is a signifi-
cant improvement over the naive results without a filter function [9].

The primary disadvantage of use of a filter function is that such methods have not
been implemented in most standard MD packages, since most computational chemists
think improvements on convergence of simulations are relatively unimportant. However,
use of the filter function described above has led to significant improvements when tested
[8]; we will now examine some numerical results that demonstrate our findings above.
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3.2.4 Numerical Simulations

We now provide some empirical evidence to support the above results, in particular the
claim that MD simulations are close to completely integrable. If they are in fact roughly
completely integrable, we expect convergence rates of observables to be similar to those
predicted by Theorem 3.2.3; it is still possible we will see good convergence for systems
that are not completely integrable. We ignore time discretization error, since as shown in
the next chapter it is relatively small for small time steps, and force-field error by assum-
ing our force fields are completely accurate. We will look at cases where the system is
essentially analytically solvable by other means.

The simulations presented in this section were carried out by Cances et al. [8]. They
use k where we have used d above, so the figures are labeled accordingly.

We begin with a system of 5 harmonic oscillators

5
Zp_? 20
4 T

This system normally satisfies all the conditions in Theorem 3.2.3, but we make it violate
Siegel’s diophantine condition by picking frequencies w; that are rational numbers. The
observable A = p7 in this simulation. In Figure 3.2.1a, we see the predicted convergence
bound; a least-squares fit verifies a decay of O(T~%978) without any filter function and of
O(T~387) with a filter function with d = 3, supporting our results [8].

The next potential is a Lennard-Jones potential that models van der Waals dispersion;
this term would be very common in any MD simulation. We have M = 288 particles with

H = Z—+ZZ<|q] e I%'fﬁz'w)'

i=1j>i

The initial conditions approximate a solid-phase system and the desired observable is
the pressure P (which can be written as a function of position and momentum). This
system is not completely integrable since there are not enough first integrals, but we see
in Figure 3.2.1b that it still satisfies the results of Theorem 3.2.3. Specifically, without any
filter function we have a decay of O(T~9%¢) and with a filter function with d = 3 we
have a decay of O(T—37%). The fact that an MD simulation satisfies our theorem without
the completely integrable hypothesis is very promising for the applicability of our results
in general [8].

The last potential under simulation was an alkane, or a chain of bonded atoms with
potentials as outlined in Section 1.1.2.1. The observable is the end-to-end distance with
a chain of M = 40 particles. This system is once again not completely integrable, but at
low temperatures (T = 2.13 K) we find that our system exhibits the desired convergence
properties in Figure 3.2.1c. In particular, without a filter function we have a decay of
O(T~%98) and with a filter function with d = 3 we have a decay of O(T—*21) [8].

At high temperatures (T = 135K) this no longer holds; our decay, with or without a

tilter function, is approximated as O(T_% ). This result seems to hold in general for a large
number of not completely integrable systems. One potential explanation for the failure
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Figure 3.2.1: Bounds on Sampling Error in MD Simulation. Figures taken from Cances
et al. [8]; k refers to d, the expected bound on sampling error size. We see that Theorem
3.2.3 holds in some generality, as in (a) Siegel’s diophantine condition fails and in (b)
and (c) the system is not completely integrable, but we still have the desired convergence
properties. However, in (d) we find that the Theorem no longer holds.

of our theorem is that our system now has many accessible energy wells, corresponding
to different conformers of the alkane, and these are all accessible to the high temperature,
which means the system has high kinetic/potential energy. Exploring these wells takes
time, since the transition between wells takes time and is not energetically favorable.
One potential way around this problem is by sampling a large number of conformations
in different wells. While this is practical for the alkane, it is not for larger molecules
that would also pose similar problems (since the number of wells grows exponentially).
Proving this result mathematically and working around it for larger molecules remains
an open question [8].



Chapter 4

Perturbation Theory and Time Discretiza-
tion Error

Our next goal is to understand time discretization error, the error associated with using
the Stormer-Verlet method instead of following the exact trajectory. Our primary tools
for this analysis will be backwards error analysis and the Arnold-Liouville theorem on
completely integrable systems, both of which we have already introduced. Backwards
error analysis tells us that the trajectory from the Stormer-Verlet method is associated
with a modified Hamiltonian that is a small perturbation from the original Hamiltonian
of our system. Thus our goal for this chapter will be to understand perturbation theory
on completely integrable systems and apply those results to the modified Hamiltonian of
the Stormer-Verlet method.

4.1 Perturbation Theory for Integrable Systems

In this section, we will develop perturbation theory for integrable systems and under-
stand how the invariant tori from the Arnold-Liouville theorem are almost preserved
under small perturbations of the Hamiltonian.

Suppose we have a completely integrable Hamiltonian associated with our original
force field Hy(I) in action-angle coordinates (I, ). We add a perturbation H; (I, §) such
that our new Hamiltonian is

- —

H(I,$) = Ho(I) + eHy(I, ®) (4.1)

for some small e. Assume that the perturbation H; is bounded (but may depend on ¢)
and that all Hamiltonians are analytic.

We would like to change coordinates symplectically to a different coordinate system
that looks more like action-angle coordinates for our new perturbative coordinate system.
Specifically, we want to change coordinate (I, %) — (J,8) such that the symplectic struc-
ture of our manifold is preserved, and the Hamiltonian depends on only [ up to order
O(eN) for some e.

4.1.1 Linstedt-Poincaré Series

In order to do this, just as in the proof of Theorem 3.1.9, we use a generating function

S(T,@) =T -®+eS1(],8) + €S2(], @) + ...+ eV 'Sy_1(], @) (4.2)
and then require I; = 3 qf ,0; = a]s to enforce symplecticity. This expansion is known as a

Linstedt-Poincaré series.

30
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Example 4.1.1. Let’s explicitly compute N = 2 [26]. Our generating function will look
like
S(]/@) = ] (ﬁ + esl(]!@)
for some S;. Let the new Hamiltonian be
and we require that K; depend only on T Using Equation 4.1, we have
- - = 0Hy - 0S1 - _ -
HE) = 1 (T+ 507,909 = o)+ ¢ (220 10,00+ 10(7,9)) +

ol 0P
(4.3)

Now define wy(]) = % (J) for convenience. We know that the quantity in parentheses

in Equation 4.3 must be independent of ¢ so it must be equivalent to its average over @.
This gives us the equation

woll)- SHT,0)+ B08) = s [ Ha(T, 7). @)

Apply a Fourier decomposition at each fixed ] (so on a torus)

The only surviving term on the RHS of Equation 4.4 is the Oth term. Thus, we get for
k # 0 that

Assume Siegel’s diophantine condition (Equation 3.3) as before. Then if Hj is analytic,
the remainder term is bounded and this Fourier expansion converges. We can approxi-
mate the perturbation Hy up to O(€?) by a trigonometric polynomial of degree m ~ |log €]
if we choose and then work entirely with trigonometric polynomials.

The general case is computed similarly [26, 41]. Taylor expanding around I for conve-
nience, we get equations of the form

- 05 - - 1 oy o

woll)- S0+ K, 0) = o | KilT#)do @5)
torj=1,...,N —1. Here, K; = H; as above,
162H0 (851 651) 0H; ' 051
2 012 \ 09 09 oI 0P
and in general K jisasum of terms of the form

10'Hy, [0Sk, Sk,
it oi \ 09 T 09

2:

(4.6)
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where kg + ...+ k; = jand kg = 0,1. This can be seen by an explicit Taylor expansion;
multiple derivatives are interpreted as multilinear maps that take the given values as
arguments.

These equations can be solved using Fourier expansions explicitly. Each Fourier ex-
pansion will converge as before assuming analyticity of H; and Siegel’s diophantine con-
dition. However, the entire series looks like

- - —

K(J,6) = Ho(]) + eK1(J) + €Kao(J) + ... + " 'Kn_1(]) + VR (T, @) (47)

with some remainder term Ry. Convergence of this series as N — oo is not obvious;
rather than dealing with these convergence issues, we will in general truncate H; to some
trigonometric polynomial and thus deal with trigonometric polynomials K;, S; [26].

4.1.2 Bounding the Generating Function

We’d first like to see how close the trajectory remains to conditionally periodic motion
under a small perturbation. To do this, we’ll need to begin with a few technical lemmas.
The bounds that follow are obviously not very sharp, but they are sufficient for proving
our final result.

Fix p > 0. Complexify the torus T" to U, by defining

Up = {# < T" + iR" ||| Im || < p}.
Here || - || refers to the max norm. We define a functional norm for a bounded analytic
function f on U, by
n

-3

P j=1

of

—

op

of

a(p]‘

1fllp = sup [F(@)], :
Pelp P

Lemma 4.1.2. Suppose @ € R" satisfies Siegel’s diophantine condition (Equation 3.3). Let g be

a bounded real-analytic function on U, and let § = ﬁ $7n 8 A be the spatial average over T".

Then the equation
a(—p §=8

has a unique real-analytic bounded solution f on U, with zero average f = 0.
Fix positive 5 < min(p, 1). Then f is bounded on U,_s by

0P

< k18~ %lgllp
p—0o

—atl
1 fllo—s < k08|18l

where x = v+n+1,kg =y 1872Vv!, k =y~ 1872V (v + 1)L,

The proof of this lemma is by Fourier expansion of the differential equation; it may be
found in Hairer et al. [26]. We'll use this lemma to get bounds on the generating function
S; and the remainder terms.
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Lemma 4.1.3. Let Hy, Hy be real-analytic and bounded by M on B(ﬁ ) the ball of radius r
around J* € R", and on B(J*,r) x Uy, respectively. Suppose w(J*) = 20 (J*) satisfies Siegel’s

a
diophantine condition (Equation 3.3). Then the coefficients of the

H— (7%, ) H < Co(Cy )1

forall j > 0. Cy =2r,C; =128 <K1M> with o, k1 as defined in Lemma 4.1.2.

rp%

Proof modified from Hairer et al. [26]. By Equation 4.5, S; solves the differential equation
from Lemma 4.1.2 for ¢ = Kj, where K; is defined in Equation 4.6. Fix some N and

ld&=%&z&me>LA%wmmWW:HMW@M€HJMNMmea
=17
4.1.2 now implies that

dS; R

F j\Kl,- [IKjllj-1-

We need to bound the right hand side.
Cauchy’s estimate tells us that

1 0'Hy M
EW(U]"”‘,UZ-)<7|Ul|..'|vi|
so we have
j 2
M Sk ask M (}Sk aSk
K<) 3 5|5 H I N
i=2ky+...+k;

ki =1k 4. 4ki=j-1 ki

Now we can combine the two bounds to get a recursive bound. Define p; = % and
]

we have
(9Sj <
0P ]-\ ]

1

where 31 = u; and

j j—1
/3]:“]'2 Z ﬁkl---ﬁki—i-ﬂjz Z Bk, - - - Bk,

i=2 k1+...+k,'=j i=1 k1+...+ki=j—1

To tackle this, define the generating function b(¢) = Z?Ozl B¢/ and we then have

b(¢) —m¢ = pn <1+b(5)_1_b<6)) + unC (%M —1) :

This is a quadratic equation; it can be solved to yield

b(5)211+(u1—liN)C_ 1(1+(H1—HN)5>2_ M, 1 (M1~ ) Cmax
2 1+ 4 1+uy T+un’ 201 +mn)
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Picking {max = ﬁ, we can verify that b({) is analytic in the region || < {max (the
quantity under the square root is positive). By Cauchy’s estimate, we now have

%

as desired. ]

2r(CIN*)N=1 < Co(CyN*)N T

The last thing we need is a bound on the remainder terms.

Lemma 4.1.4. Under the same conditions as in Lemma 4.1.3, withr < 1,C;N% 2 <, we have

4C, )N

IRy(T", )l < 40ar (45N

2

Proof from Hairer et al. [26]. By Equations 4.7 and 4.6, the remainder terms look something
like ,
1 0'Hy,

it or

(Qky sy Qki)

with 0S. 08 oS
_ 05 k+1 N—k-105N-1
Qx A +€ 2% +...+e€ 5

This is just everything that’s left over in our Taylor expansion after we take terms of order
N —1 or lower.
By Lemma 4.1.3, we have

. N-— .\ f
1Qi(T*, g < Z e/ *Co(C1j%) Z ( ) (CIN)F < 2Co(C1NY)

j=k
using our condition and the formula for a geometric series. Cauchy’s estimate now yields

1 0'Hy,
it or

M C N
Qg Q|| < 72CO(C1N"‘)N < 4Mr (%N“) .

P
2
A stars-and-bars-style counting argument implies that there are 2 (N +l-i_1) terms of this
form for a given i. We may thus bound the total number of terms independent of i by

N-1 . 2N-1
N+i-1 2N —1 N
2 < ) =4".

This gives us the desired estimate. O



CHAPTER 4. PERTURBATION THEORY AND TIME DISCRETIZATION ERROR 35

4.1.3 Invariant Tori under Perturbations

With these bounds computed, we can understand how closely invariant tori are main-
tained under perturbations. Define

@e,N(J) = —=K(],6) (4.8)

where K is the truncated Hamiltonian to N terms in the new coordinates (], 6). This is thus
the expected angular velocity of the angular coordinates 6 if our perturbed Hamiltonian
was actually completely integrable.

Theorem 4.1.5. Let Ho be real-analytic on B (T* r) for J* € R" and let Hy be real-analytic on
B(J*,r) x Uy with r < < 1. Suppose that w(J*) = a;" (J*) satisfies Siegel’s diophantine con-
dition (Equation 3.3). Then there exist constants €y, co, C > 0 such that for every 0 < 3 < 1 and

€ < o, we have a real-analytic symplectic transformation (I, @) — (J,8) such that trajectories
(J(£), @(t)) starting at ||J(0) — J*|| < coe?P satisfy

I7(t) = JO)]] < Ctexp (—ce™=)

and
16() — @en(7(0))t — 8(0) | < Cte 2 exp (—ce™=)
1
fort < exp (%ce‘g> .Here, x = v+n+1,c= (1696) * with C1 from Lemma 4.1.3. Further,
for (I, p) — (], 6), we have

-

IT-Jl| < ce
for |7 =Tl < coe?®, 8 U,

Intuitively, this theorem tells us that invariant tori under perturbation become near-
invariant tori, i.e. they are close to invariant (within exponentially decaying error) for
exponentially long times. We also see that the transformations are close to the identity.

Proof from Hairer et al. [26]. Tf Hy(]J, ) is a trigonometric polynomial in @ of degree m,
then by construction K; and S; are trigonometric polynomials of degree jm. We have

k- ()] = |k w(T*)| — k| (max ||'|[)|I] = T

by the Mean Value Theorem, so there exists 6 > 0 such that

- 1 _
k- w(P)l = Sy~

for || = J*|| < &,|k| < jm. This § must be proportional to y(jm)~"~!; we may let &
be proportional to y(jm)™* as that is weaker. Our estimate for the remainder term and
generating function from Lemmas 4.1.3 and 4.1.4 then hold on this region.
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For general Hj, we may approximate it by a trigonometric polynomial of degree m
with error O (e*m%)) on B(J*, 1) x Us. Pick m = %; then this error is just O (e~V). Then
our bounds for the remainder term and generating function still hold.

Thus, for some constant c* and Cp 16C1 , we have

ﬁS

5U.9)|| <

for ||T— T*H <c*(jm)%, e ng and

Co(4C1j%)/~

IRn(T, ®)| < AMr(CoN*)N

for ||J — J*|| < ¢*(Nm)™%, p e Uy. Pick co so these thresholds are satisfied.
The Hamiltonian equations for our system must be

> 81(-»-» _ NORNa(p N
J= 50,0 = N 2% = 0 (N(CNY)
and . K
6= =(,8) = den(]) + O (Nm)*eN(CN*)N).
]

Pick N such that CoN* = ee_ﬁ so we then get

fz @ (exp (—ce_g)) ,éz CDe,N(T) +0 <€_2ﬁ exp <—ce_§)> :

for ||J — J*|| < coe?P and ¢ = (Cze)’% which is the first desired statement.
For the second part, recall that I = a_@

0S;
J+el 3N i-17% ~2 50 on the given range we have

-7 < Z elCo(4Cy j*)I71
j=1

which is clearly an O(e) bound for sufficiently small €; we can adjust the threshold ¢ as
needed to ensure that this is true. O

4.2 Applying Perturbation Theory to Stormer-Verlet

Now that we have the necessary building blocks, our final step is to apply perturbation
theory to the Stormer-Verlet method and bound the resulting errors; we will use this to
bound errors in energy conservation and time discretization error. Our general strategy
for applying the perturbation theory of completely integrable systems to analyzing the
Stormer-Verlet method is relatively simple. We know by Theorem 2.2.1 and by Theo-
rem 2.2.2 that a modified Hamiltonian exists that describes dynamics according to the
Stormer-Verlet process. Further, since the Stormer-Verlet method is second-order, the
leading-order correction term has order 2. Thus we may pick € = h? and define our
perturbation using this modified Hamiltonian.

We’ll begin by applying these methods to refine the estimate we made for energy
conservation under Stormer-Verlet in Theorem 2.2.3.



CHAPTER 4. PERTURBATION THEORY AND TIME DISCRETIZATION ERROR 37

4.2.1 Energy Conservation

Complete integrability allows us to improve bounds on conservation of energy by remov-
ing the linear error growth in time we found in Theorem 2.2.3.

Theorem 4.2.1. Apply Stormer-Verlet to a completely integrable Hamiltonian system. Suppose
that w(T*) satisfies Siegel’s diophantine condition. Then there exist constants C, ¢, hy such that
for all step sizes h < hy, every numerical solution starting at Iy with ||Iy — I*|| < c|logh|~Y~!
satisfies

||Tn - TOH < Ch?

fort =nh < h=2

Proof modified from Hairer et al. [26]. By Theorem 2.2.2, we know there exists a modified
Hamiltonian

H(F,§) = H(p, ) + 1*Hs(p,7) + h>Ha(7,§) + h*Hs(F, )

where we truncate at the i* term. This modified Hamiltonian describes dynamics un-
der Stérmer-Verlet up to O(h°). Picking € = h?, we now have a perturbed Hamiltonian
in action-angle coordinates. Let T (or I, in the original coordinates) be the numerical
trajectory and J(t) be the trajectory along the truncated differential equation.

We now apply Theorem 4.1.5, picking hg from the given value of €j. This tells us that
over (significantly more than) the relevant time range we have

- - 28 > o > o
(5~ Toll < Ctexp (—ch™ %), 1Ty = Joll, |1Tu — ull < CH2.

Note that the first bound is smaller than the second one over the given time range < 2.
All we need is a bound on ||T, — Jo||-

One step of the numerical method must look like Jos1i=Ju+ O (h5) by the construc-
tion of the truncated form. Thus at = nh we have J, = J(f) + O (th*) and we have
t < h™?, so that last term is O (h?). Adding together the bounds that we have provided
yields that ||I, — Iy|| < Ch? as desired. O

Since the first coordinate of the original I action-angle coordinates is the unperturbed
Hamiltonian, this is a bound on the energy of the system under simulation that does not
grow with time. Thus this is a significant improvement over the bounds provided in
Theorem 2.2.3.

This estimate can be significantly improved to be accurate over exponential times and
starting points of polynomial distance away, just as with Theorem 4.1.5 [26]. That requires
a fancier estimate for ||J, — J(t)|| relying on analyticity; the details can be found in Hairer
et al. [26]. We will not need this bound for our work in understanding time discretization
error.
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4.2.2 Bounding Time Discretization Error

We will now simultaneously bound time discretization and sampling error. We present
this result with the use of a filter function; the modification to the typical case without a
filter function is obvious.

Given a filter function &, define the time average

Y& (1) A

S (4)

where {f;, j;} represent the trajectory computed via Stérmer-Verlet and 7 is the number
of time steps taken. Let & be the step size as usual. This is the discretized version of
the filter-function time average we computed earlier. We want to bound the difference
between this and (A).

(A (T) = (4.9)

Theorem 4.2.2. Consider a completely integrable Hamiltonian system with real-analytic Hamil-
tonian H simulated under Stormer-Verlet. Suppose our filter function is (d + 1) times differen-
tiable with £ (0) = &N (1) = 0 forall 0 < j < d — 1 and our observable A is real-analytic.
In action-angle coordinates, suppose & (I*) satisfies Siegel’s diophantine condition (Equation 3.3).
Then there exist positive constants h, cg, c1, C such that for all trajectories starting at ||Io — I*|| <
coh®* where 1 < min(2, v +n + 1) and the step size h < hg, we have for times T = nh <

exp (clh_5> that

1€ 1
[ CAyRie )_<A>|<C<Td+l+h2).

Note that the O (T"’ +1) error bound corresponds to sampling error, so the only addi-

tional contribution from time discretization error is a O (h?) bound. Thus for exponen-
tially long times, time discretization error does not increase the error in our measured
observable.

Proof from Cances et al. [9]. The conditions provided are sufficient to apply Theorem 4.1.5

with e = 2, as above. Switch to the (], 6) coordinate system defined using that theorem.
We then have using Equation 4.9

(A)E(T) =

-1 i - =
S & (4) AU, 6)
11g '
27 0n (_>
We now take a Fourier transform and apply the trajectories from Theorem 4.1.5. De-

fine @y, = W2 5(J J(0)) (recalling the notation from Equation 4.8). Expanding our Fourier
transform, we get

(A)e*(T) =

keZn

27&; G)EA el 2 (2) et )0 (exp (ar7%)).
(4.10)
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Theorem 4.1.5 tells us that our transformation is O(h?) away from the identity, so as
before we have o
A(Jo,0) = (A) + O(K?).
We now need to get the O <ﬁ> bound corresponding to sampling error. We will pro-

ceed by rearranging the above equation’s nonzero terms into something we can more
easily apply Siegel’s diophantine condition to as before. First, we have the following
motivating lemma:

Lemma 4.2.3. For a filter function & satisfying the above conditions, given a complex number
z #1,|z| = 1, we have

(SHGAW 26%4" d d d+1
>e (2o < e (€00 0w+ 1))
=0

assuming d < n.
The proof of Lemma 4.2.3 is by expansion and the Mean Value Theorem; it may be

k-cy,)

found in Cances et al. [9]. We’d like to apply Lemma 4.2.3 with z = ¢//"*@1) but we must
make sure that Siegel’s diophantine condition is satisfied for @y, else the RHS of Lemma
4.2.3 will be unbounded and thus useless. We currently only have Siegel’s diophantine
condition for @(I*), but fortunately, Siegel’s diophantine condition holds in a modified
form for most k at @y; we now prove this fact.

Lemma 4.2.4. Forall h < hg and all k € 7", we have
k- (haoy)| < g\%\—v — K| = ch v

for some positive constant c.

Proof from Cances et al. [9]. We have by Theorem 4.1.5 that hay, = @ + O (|h@|?) so for
some constant C we have

2R~ > (@ K| = CIR|lha@[? > yIK| ™ — CIK| ]

implying that

1
- Y ) v+1
k| = h
d (zcw )

so we may pick c = O

Y
2C| @R

By Lemma 4.2.4, all k with k| < ch™5T satisfy Siegel’s diophantine condition with
hy, and a modified constant ¥. We can therefore split the summation in Equation 4.10
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and bound as follows:

n o o 1 L n—1 . .
(A (D)~ AT, 0)] < n—11; (J 2 Ao, o)D) & <1]1) ik on)
an:O ﬁg’ (E> EeZ”,O<\7€|<ch_%+l j=0

DY Ao, k)l

I
keZn,[K|>ch~ v+T

1 3 [A(Jo, F)|
d+1 yn—1 1 (i) (k-
n Z] 0n n) fegn O<\k|<ch V+1 1—¢ (k-coy,)

+ >, [A(Jo, k)

- - __2_
keZ",|k|=ch v+1

‘d-i-l co

by Lemma 4.2.3 for some ¢y > 0

We now have L <
|1_elk-hw| h|k “|

by Taylor expansion, so we may estimate the first term

above as

d+1 A
cocy” 3 JA(Jo, B)|
Td+1 Zn 1 15 ( ) ) |}’ cT)h|d+1
kezn,0<|k|<ch™ v+1

We have previously shown in the proof of Theorem 3.2.3 that the sum is an O (Td +1>

quantity and 27 01 711 <—> So x) dx and can thus be also bounded by a constant, so

this sum is O (Td+1)
The second sum above is just the sum of exponentially decaying Fourier coefficients,

which decays as O <exp <h_vi+1>>, clearly dominated by our previous O(h?) error esti-
mate. Combining these errors, we get the desired statement. O

As before, we may pick &(x) = ¢ T to replace the
decaying bound in T.

The results shown here demonstrate that time discretization error is bounded by O (h?)
when using the Stormer-Verlet method. Most importantly, for exponentially long times
this bound is constant, implying that our time discretization error should not increase
over a reasonable timeframe associated with an MD simulation.

Td -7 term by an exponentially



Chapter 5

Quantum Mechanics and Force-Field Er-
ror

We now turn to force-field error, generally considered the most significant source of er-
ror in MD simulations [35]. Unfortunately, our understanding of force-field error, both
bounding the error associated with well-known force fields and determining which force
tield would minimize such error, is still rather poor. In this chapter, we present some
recent results on hypothetical optimal bounds of force-field error.

Generally speaking, force-field error occurs because atoms move according to the rules
of quantum mechanics, not classical mechanics, and thus do not exactly follow Newton'’s
second law. To better understand force-field error, we will therefore begin with a brief re-
view of quantum mechanics from a mathematical perspective. Here, we will only present
the facts cogent for our discussion of force fields; for a more thorough introduction to
quantum mechanics, see Griffiths [22].

In what follows, we assume we are in the non-relativistic regime; relativistic effects
are usually insignificant in chemistry. Following the more typical custom in quantum
mechanics, we use X instead of § for positions.

5.1 Introduction to Quantum Mechanics

5.1.1 The State Space and the Schrodinger Equation

The quantum-mechanical state of an N-particle system is given by a complex-valued
wavefunction (X, t) where ¥ € R3N represents the position of all N particles and t € R
is time. [1)(%, t)|? is the probability distribution of the N particle’s positions; we’ll discuss
how to compute probability distributions of other observables later. Since this probability
distribution must be normalizable, we require

f 1P(%,t)|2d¥ < o (5.1)
R3N

at any given time t. Thus our wavefunction at any given time ¢ belongs to the Hilbert
space L?(R3N). The inner product on this vector space is denoted

WO = || D06 dx

at a given time f [23].

There are many ways to motivate the Schrodinger Equation, either by analogy to clas-
sical mechanics or by comparison with experimental results. Either way, we get the time-
dependent Schédinger equation (TDSE)

L 0 o
zhal,b(x, t) = HY(X, t) (5.2)

41
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where 71 is Planck’s constant and H is an operator on our Hilbert space defined by

2

Non
Hp(Z,t) = = ) -
i=1 !

Here, m; and A; are the mass and Laplacian associated with the ith particle and V is the
exact potential. Essentially all potentials we will deal with will be electromagnetic.

We would like to solve this equation given some initial condition y|;—¢ = 1 to find
at all times. Our solution must not only solve the Schrodinger equation but also conserve
probability, or continue to be a probability distribution at all times. Thus we require that

(p(t)[p(t)) is constant.

Theorem 5.1.1. Probability is conserved, or ((t)|y(t)) is constant, if 1 satisfies the Schrodinger
equation and H is symmetric, i.e.

(5.3)

(Hold) = (¢|Hyp)
for all functions ¢, ¢ € L>(R3N).

Proof from Gustafson and Sigal [23]. Assuming that 1 satisfies the Schrodinger equation,
we have

%@p(tw(t»=<¢<t>|w<t>>+<w<t>|¢<t>>=<% \IP > <‘P "Hl’) >

which is zero for all times t iff (Hp|dp) = (¢p|H¢) for all ¢ (since P(0) can be anything
we like). This is true iff H is symmetric by standard arguments using the polarization
identity. O

The other condition we need for dynamics to exist, i.e. for the TDSE to have a solution,
is for our Hamiltonian to be self-adjoint. To prove this, we assume standard results about
the existence of exponentials of operators; for their proofs, see [23].

Theorem 5.1.2. Dynamics exist iff H is self-adjoint.

oo A"

Proof Outline from Gustafson and Sigal [23]. Recall the exponential operator e = 77 ;4.
This is well-defined in general using approximations of A by bounded operators [23].
Further, if A is self-adjoint, then ¢’/ is unitary, where an operator U is unitary if UU* =
U*U = id. Thus, if H is self-adjoint, then U(t) := e~ i1 exists and is unitary. We may
now define (t) = U(t)yy for our initial conditions 1y. A straightforward computation
shows that 5 ‘
ihae_ﬁHtwo — He ity

so this solution satisfies the Schrodinger equation. This can also be checked to conserve
probability. O

Thus we will require that our Hamiltonians be self-adjoint. The Hamiltonian describ-
ing molecular systems does satisfy this property.
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5.1.2 Observables

Now that we understand dynamical properties of our system, we need to talk about how
to measure observables. Observables in quantum mechanics correspond to self-adjoint
operators.

Example 5.1.3. Examples of observables:

e The position operator x; in the jth coordinate: ¢ — x;1.
e The momentum operator p; in the jth coordinate: ¢ — —ihai;jl,b.

e The Hamiltonian operator H.
e The angular momentum operator L; = (x x p);.

The commutator of any two operators is defined as [A, B] = AB — BA. For example,

This is the canonical commutation relation and equivalent to the standard uncertainty
principle [23].
We can compute the expectation value of any observable by computing

WlAY)
Wl -

This corresponds to a weighted integral over a probability distribution; the essential dif-
ference between classical and quantum mechanics is that our probability “distribution”
may now be complex-valued [23].

The time evolution of this expectation value may be computed using the Heisenberg
equation

Ay =

d i
&= <w T, A]w>. 55)
Applying Equation 5.5 to x, p; and using Equation 5.4 yields the system

d d d
m gy & = o @) = (V)
which is the quantum-mechanical analog of Hamilton’s Equations (equations 2.5) [23].

5.1.3 Spectra of Operators

The most efficient and standard way of solving the Schrodinger Equation is by under-
standing the spectrum of the Hamiltonian. Here we review some results from operator
spectral theory before describing how understanding the spectrum of the Hamiltonian
helps us solve the Schrodinger Equation. We omit the proofs of many of these results as
they are tangential to our discussion.

We will for now specialize to a one-particle system and later generalize to multi-
particle systems.
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Definition 5.1.4. The spectrum of an operator A on a Hilbert space H is the set o(A) of
A € C such that A — A is not invertible, i.e. has no bounded inverse.

The complement of the spectrum is called the resolvent set of A p(A) and for A € p(A),
(A — A)~Lis the resolvent of A.

The first result we need is a better characterization of the spectrum of a self-adjoint
operator:

Theorem 5.1.5 (Weyl). The spectrum of A consists of A such that:

1. (A—A)yY = 0 for some 1 € H. Then A is an eigenvalue, 1 is an eigenvector, and A is in the
point spectrum or discrete spectrum. Further, A is isolated and has finite multiplicity.

2. There exists a Weyl sequence {{,} < H, or a sequence where

[[Wnll = 1, 1[(A = A)hn]| — 0

as n — o, and {p|P,) — 0 for all ¢ € H as n — co. In this case, A is in the continuous
spectrum or essential spectrum.

A proof may be found in Hislop and Sigal [29]. Note further that the spectrum of a
self-adjoint operator is real.

Example 5.1.6. We can compute the spectra of some simple operators here in L?(R3N):

1. o(xj) = oc(xj) = R. It’s easy to see that x; has no eigenvalues. For any A € R, we can
construct a Weyl sequence for x; and A. Work in one dimension for now (ignoring
all the others). Pick y,(x) = /nd(n(x — A)) for ¢ any fixed non-negative function
on [—1,1] such that {|¢$|?> = 1. It's easy to verify that this is in fact a Weyl sequence,
so we have the desired [23].

2. o(pj) = oc(pj) = R. We could construct another set of Weyl sequences, but just
note that p; and x; are conjugates by the Fourier transform, which is unitary, and
conjugating by a unitary transformation preserves the spectrum [23].

3. Given continuous V : R® — C, the spectrum of the corresponding multiplication
operator is the closure of range(V). The same Weyl sequence as in the first part
works here as well.

4. 0(—A) = 0.(—A) = [0, 0). This is equivalent to solving the Helmholtz equation.

Once we can compute the spectra of an operator, we may then compute its probability
distribution. Given an operator A, we can compute eigenstates of that operator 1, for all
elements of the spectrum x € 0(A) and expand any particular wavefunction in terms of
those eigenstates

b= J;(A) C<x> b
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for some coefficients c(x). Then the probability distribution function is defined to be
|c(x)|?, assuming that our wavefunction is normalized initially. We can see that this does
get the desired expectation value noted previously.

We will need a slightly stronger criterion to find the spectrum of the Hamiltonian,
which holds for Schrodinger Hamiltonians.

Theorem 5.1.7. Given H = —%A + V with real potential V (X) continuous and bounded from
below, then o.(H) consists of A for which there exists a spreading sequence {1, }. A spreading
sequence is identical to a Weyl sequence, but instead of the third condition above we require that

for any bounded set B, supp () n B = .

The proof of this may also be found in Hislop and Sigal [29]. We can now fully classify
the spectra of the Hamiltonians we are interested in. Note that all electromagnetic poten-
tials go to 0 at x = o, so all force fields are expected to approach 0 at cc. In this case, we
have the following:

Theorem 5.1.8. Let V : R® — R be a continuous function with V(x) — 0 as |x| — oo. Then:
1. H= —A+V is self-adjoint on L>(R3N).
2. 0.(H) =[0,0).
Proof. Verifying that H is self-adjoint can be found in Hislop and Sigal [29]; the main

challenge is checking that the domains match, since H is manifestly symmetric.
For the second part, note that

[(H = Al = [[VPal| < (=A = A)pul| < [[(H = A)thu|| + [[Viul|

using the triangle inequality. If the ¢, form a spreading sequence, then ||Vi,|| — 0 by
the given condition, which is true iff A € o.(—A). We've already computed that o.(—A) =
o.(H) = [0, o). O

5.1.4 Spectra and Dynamics

Now that we have derived the spectrum of our Hamiltonian, we’ll use it to understand

the evolution of our system. Spectral theory tells us that L?(R3) is the direct sum of the

span of eigenfunctions of H Span(eigenfunc) and their orthogonal complement Span(eigenfunc)
further, in Span(eigenfunc)*, H has a purely continuous spectrum.

1.
7

Suppose our initial wavefunction Yy € Span(eigenfunc). We know that ¢ = e~ iH o.
We claim that for any € > 0 there exists an R such that inf; S| X|<R P2 =1-e.

Proof from Gustafson and Sigal [23]. Write ¥ = > ;a;1p; given an orthonormal set of eigen-
functions y; with HY; = A;1; and coefficients ;. Assume for now that this sum is a finite

sum. Then 1 = Zﬁi 1 e~ ity jj implying that for any given R we have

N | N LI 2\ 2
— _ L —A; - — o1
J 2= )] aae i A/)tf P < | D [ajal? > f Y Pr
=R k=1 [x/>R k=1 jk=1|"IxI=R



CHAPTER 5. QUANTUM MECHANICS AND FORCE-FIELD ERROR 46

by the Cauchy-Schwarz inequality. The first factor is just {|1o|? by the definition of the
a;. For any € > 0, we can pick R such that ‘S\xbR @jll)k) < %WLOP allowing us to bound

SIX\> R \1,b|2 < € as desired. If our sum is infinite, a continuity/convergence argument
completes the proof. O

Thus such a 1p remains essentially localized for all time and is known as a bound state.

On the other hand, if 1y € Span(eigenfunc)*, then for all R, S|x|<R P> - 0ast — o
where the convergence is in the sense of the ergodic mean. This result is known as the
Ruelle theorem and such a state 1) is known as a scattering state, as it eventually leaves
any fixed ball of space. A proof of the Ruelle theorem may be found in Hislop and Sigal
[29].

Suppose we are now analyzing a molecular system. Positive energy systems make
no physical sense, since the rest state of all electrons/protons being infinitely far away
would be favorable. By Theorem 5.1.8 and the above analysis, we may safely ignore such
states, i.e. all scattering states. We are thus left with looking at the bound states. Once we
compute the bound states of our system, we may use a calculation similar to that of the
proof above to simulate our system by projecting onto the appropriate eigenfunctions.
Thus the problem of simulating our system reduces to finding eigenstates of the Hamil-
tonian, with eigenvalues known as eigenenergies. This leads us to the time-independent
Schrédinger-Equation (TISE)

Hy = Eq. (5.6)

The goal of the field of quantum chemistry is to solve this equation. As we will see,
identifying the correct force field for MD simulation requires that one make a significant
approximation to this equation.

5.1.5 Multi-particle Systems
The generalization to multi-particle systems has a few complications that are important
to note. The Hamiltonian becomes
N g2
H=—22’&+V

i=1 !

where V : R®N — R is now the potential of all the particles. However, our state space
has now changed. An important physical principle known as the Pauli exclusion prin-
ciple requires that all wavefunctions of fermions (electrons, protons, and neutrons) be
antisymmetric, i.e. P(x1,x2) = —YP(xp, x1). Thus our state space is now a subspace of
L%(R3N), not the whole space. This antisymmetrization also makes it very difficult to
separate out the electrons while solving the Schrodinger Equation exactly.

The spectral analysis above also becomes more complicated in the multi-particle case
[23]. It is important to separate out the motion of the center of mass from that of the rest of
the system. Once that is done, results similar to Theorem 5.1.8 hold for molecular systems
and in particular we always have an infinite number of bound states. The scattering states
change considerably, but we will not be concerned with those for our purposes.
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Thus solving Equation 5.6 is a very difficult problem, since it is a system of 3N cou-
pled partial differential equations, where N is the number of relevant particles, and we
cannot easily separate it into simpler differential equations in general. Therefore, special
methods must be used in order to understand solutions. These algorithms are the field
of quantum chemistry; in general, they will only find ground-state energies accurately.
Fortunately, we’ll see that that is all we need for MD simulations.

5.2 Connecting Quantum Mechanics and Force Fields

Now that we have developed the basic quantum mechanical theory to understand how
molecules actually behave, we will turn to understanding exactly how force fields and
molecular dynamics approximates the true quantum-mechanical behavior of a system of
molecules, which will help us understand potential sources of error in developing force
fields. We will find that computing ground states of chemical systems will be impor-
tant in determining force fields. The goal of this section is to discuss errors associated
in connecting force fields with quantum mechanics and provide a rigorous bound on er-
rors from nuclear quantum effects, one type of error for which mathematical bounds are
already known.

For simplicity in the following sections, assume that the N nuclei have the same mass
M and the electrons have mass m. The differing masses add a few additional scaling

factors of M2 but do not significantly affect the results.

5.2.1 The Born-Oppenheimer Approximation

This discussion largely follows Heller [27].

The fundamental idea behind the Born-Oppenheimer approximation is that nuclei are
in general much more massive than electrons, i.e. M » m. Given this, consider the exact
Hamiltonian . . .

H(R,7) = Kauc(R) + Kelec(7) + V(R,7)

where R is the nuclear position and 7 is the electronic position. Explicitly, we have

. h?
Knuc(R) _mAR’
hZ
Kelec(r) = _%A? (57)
- k k k
SR - Ryl Sli=Tl R - 7))

by Coulomb’s law (ignoring relativistic and spin-related corrections). As discussed pre-
viously, we now have an infinite number of eigenfunctions of H, since H is self-adjoint.
We will assume that our initial state is a bound state.

Suppose that Wi (R, 7) constitute all the eigenstates of the Hamiltonian H with eigenen-
ergies Ey. For every ¥}, we may write

W(R,7) = eijhi(R; 7)xij(R) (5.8)
L]
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where wi(ﬁ ;7) is the ith electronic wavefunction for a given nuclear geometry R (hence a
function with parametric dependence on both i and R) and ¥;;(R) is the jth nuclear wave-

function on the ith electronic potential surface determined by ;(R; 7). This expansion is
always true; it is a consequence of completeness of the product of electronic and nuclear
wavefunctions. To avoid convergence issues in the subsequent steps, it's common to ap-
proximate the sums as finite since we need to do so for numerical computations anyway.

We will further assume that 1;(R; 7) change smoothly with the nuclear coordinates R.
Rearrange Equation 5.8 to get

W ﬁ 7) = Zl.bz R;7 )ri(R ) qbkz chl]Xl] R) (5.9)
Jj

¥;(R; 7) must satisfy the TISE for the electronic Hamiltonian from Equation 5.7, so

(Ketee7) + V(R, M) Pi(R; 7) = A(R)wi(R, 7) (5.10)

for some electronic eigenenergies A;(R ) We want to figure out what equation ¢y;(R ) must
satisfy.
Plugging in Equation 5.9 to the TISE and using Equation 5.10, we have

D KnuclR) + AR Ro7) 0 (R) = B T Ro) (R

Define the electronic inner product, denoted by (),, to be the same as the normal inner
product but integrating only over 7, not R. We then have

<wif<ﬁ;7> (R; )i (R >+ZA )ii(R)81i ZEkqbkl

by normalization. Simplifying, we get

<1l)i’ (R;7) |K

The LHS of Equation 5.11 has potentially non-diagonal terms, while the RHS is en-
tirely diagonal with respect to the i coordinates. Specifically, we may expand the LHS
to

h? L
oM <1/)i’(R} 7)

The Born-Oppenheimer approximation consists of ignoring the contributions from
the first two terms of this expansion. These terms are thought to be small since nuclei,
much more massive than electrons, move much more slowly than electrons and thus

Knuc(R

—

R?(pkz( )> (Ek_ ( ))d)kz( ) (5-11)

1’111C

1

D (Agi(R; 7)) dri(R +22vazR Vsdri(R +szR §¢ki<ﬁ)>>.
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electronic states change slowly with nuclear position. Applying this approximation yields
the equation

hz

2m

This is a Schrodinger equation on a modified potential surface Ay(R). Thus we have
separated electronic and nuclear motion in our wavefunction.

Assuming the Born-Oppenheimer approximation implies that we may understand the
dynamics of chemical molecules by first solving for the electronic energy states Ay (R) and
then simulating nuclear motion on these modified energy states. This is very similar to
MD, where we classically simulate nuclear motion on a background potential determined
by electronic structure. Thus one of the most natural approaches to force field develop-
ment is to compute electronic structure ground states, use that as a force field, and run
classical simulations on this potential surface. This is the approach that we will examine
closely in the remainder of this chapter.

We note that the Born-Oppenheimer approximation does break down when the di-
agonal terms are nontrivial. These occur primarily at conical intersections or potential
crossings, where ground and excited state electronic energy surfaces intersect or come
close to each other. These situations are uncommon chemically, but a discussion of them
can be found in Heller [27] and an examination of their effect on the accuracy of MD
simulations can be found in Bayer et al. [5].

V ¢k (R) = (Ex — Ar(R))rr (R).

5.2.2 Errors in Developing Born-Oppenheimer Force Fields

As outlined above, the most common approach to developing force fields for molecu-
lar dynamics simulations is by attempting to compute Ag(R), the ground-state electronic
energy. In subsequent sections, we will examine the error resulting from this approach.
However, we would like to first discuss some of the challenges surrounding performing
this computation and potential sources of error that may result. A brief summary of these
challenges follows; note that the exact error will depend on the force field in question [35]:

1. Errors in quantum chemistry computations. As noted above, it’s impossible to
compute Ay(R) exactly, thus approximate techniques using either the variational
method or density functional theory must be relied on. The accuracy of these quan-

tum chemistry computations inherently limits the accuracy of the resulting force
field.

2. Chemical transferability. It is generally unfeasible to perform these quantum chem-
istry computations on large systems and undesirable to repeat them for every sys-
tem under simulation. Thus scientists assume that smaller systems with similar
molecules (and thus a similar chemical environment around each atom) will result
in similar force fields as the larger system; this assumption is known as chemical
transferability. While in general it is reasonable (electronic ground state energies
rarely depend on far-away nuclei that don’t affect the potential much), determining
what the similar molecules should be is difficult and often a source of error.
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3. Functional forms of force fields. The common functional forms of force fields in-
troduced in Chapter 1 were not rigorously derived from quantum mechanics; they
are approximations for empirical data that are generally not very accurate. While
it’s not difficult with modern computational curve-fitting to fit a curve of this form
to any set of quantum chemistry data, usage of the wrong functional form can lead
to large errors in the force field, especially when combined with chemical transfer-
ability. Modern force fields often use more exotic and more complicated functional
forms to try to rectify this error.

4. Multi-body effects. In particular, multi-body effects, or effects caused by interac-
tions of multiple molecules that are not accounted by pairwise additive potentials,
have proven difficult to model at any stage. Quantum chemistry calculations do
not model them well and most force fields ignore them entirely due to the compu-
tational cost.

A variety of methods have been developed to circumvent some of these issues by com-
bining quantum mechanics and molecular dynamics in various ways. QM /MM methods
attempt to model certain parts of the system quantum mechanically and the rest using
molecular dynamics, and purely ab initio molecular dynamics explicitly runs electronic
structure computations at each stage of the simulation to compute Ag(R) and determine
the appropriate force without using a force field. These methods are significantly more
computationally expensive than MD, and thus much less popular.

It’s also important to note that some more modern force field developers do not at-
tempt to determine Ay(R) at all, but use experimental parameters to determine constants
in certain functional forms. It is extremely difficult to make rigorous statements about the
accuracy of these force fields.

We will now consider errors that result even from using a completely accurate Ag(R)
to measure an observable. All methods derived from quantum mechanics will fall prey
to these errors.

5.2.3 Wigner Transforms and Weyl Quantization

Suppose we could accurately determine Ag(R). Suppose also that the Born-Oppenheimer
approximation holds reasonably well (i.e. we are far from a conical intersection or some-
thing similar). The remaining errors in simulating our system according to classical
molecular dynamics as opposed to the Schrodinger equation result from the fact that the
nuclei themselves are also quantum-mechanical in nature and do not exactly follow the
classical equations of motion. These errors are thus considered nuclear quantum effects.
For the remainder of this thesis, we will explore some mathematically proven bounds on
the size of nuclear quantum effects and then my current research into ways to account for
these effects. We will first introduce some auxiliary useful quantum mechanics.

For convenience and for the next two sections only we will now change to units where

h = 1. We will also add some extra factors of M~ 2 to account for scaling the coordinates
to make the masses identical, as noted above.

For each observable A, we need to define an associated quantum operator A to use to
compute the quantum expectation. There are many possible choices, known as quantiza-
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tions, and it can be verified that these are all equivalent in the classical limit. We will use
Weyl quantization. Given a wavefunction ¢(R), we have

~ - —3N NS ! . .
Ap(R) = (271M—%> JelMZ(R_R)pA <R+R ﬁ) o(RVdR dp.  (5.12)

2 7
One can check that this does reduce to the classical limit as desired. Our expectation value

for our observable A is now (A) = (¢(R)|Ap(R)) as before.
We choose this quantization for the following important reason. We may define the

Wigner function
/
b (R - %) > dR'. (5.13)

- -3N o1l LR
W(R, p) = (27rM*%) felMZR P <d> (R + %)

This function has a number of important properties. It can be verified that integrating out

momentum yields the position probability distribution { W( (R, p)dp = |$(R R)|2 and simi-

larly for integrating out position. Thus the Wigner function represents something similar

to a joint probability distribution in phase space. It isn’t quite a probability distribution,

since it can be negative; thus it is occasionally called a quasi-probability distribution [10].
Most usefully for us, it can be shown that

(A) = (P(R)|Ap(R)) = JA(R PIW(R, p)dR dp (5.14)

by grinding through the relevant integrals. Thus we can easily measure the expectation
value of our observable defined via Weyl quantization by using the Wigner function as a
probability distribution. This is particularly convenient since it will make it easy for us to
connect the quantum value of the observable to its classically measured value.
There’s another less significant issue we need to fix prior to stating our theorem. We
are not guaranteed that Ao(R) is a smooth function of R. To fix this, define
/‘2

o > o IR~
As(R) = (m69) 2 JAO(R _RNe & dR’

which is now clearly a smooth function that approximates A¢ with error O(8), assuming
Ao is Lipschitz continuous, i.e. Ag(R) — Ag(R’) < C|R — R’|. This is because

As(R) = Ag(R) = (n82) % f (Ao(ﬁ R - Mﬁ)) o AR < C(n8)" J|R’|e AR — O(5).

We’ll work on A instead. .
Given an observable A and a flow computed via molecular dynamics S¢(Ry, po), we
may define

Amp(Ro, Po) = Tlggo TL A(S+(Ro, po)) dt

as the value computed by an accurate MD simulation. We ignore time discretization error
here and assume that sampling error converges as O(T~7) for some y > 0. We’d like to
compare this value to

=

Ag = f (R, H)W(R, p) dR dp

as in Equation 5.14.
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5.2.4 Bounding Error from Nuclear Quantum Effects

We will now state the main result about the error in nuclear quantum effects.

Theorem 5.2.1. Under the conditions above, and assuming that A, App, and V' are smooth and
grow with at most polynomial growth for large R, B, and that the eigenfunctions decay faster than
polynomials in R outside a compact domain, we have the weighted error estimate

f (As — Amp(Ro, Bo))Ws(Ro, Po) dRodpy = O(T(M ™ + 67 1M~2) + T-YM-2 + 7).
(5.15)

Proof Outline from Bayer et al. [5]. We omit some of the messy computations in what fol-
lows; details may be found in Bayer et al. [5].
—Z‘M%tHg

The TDSE, as noted before, is solved by the operator e . This must therefore fix

observables associated with the eigenfunction ®;s. So we have
M oo S B .
As = J®5(R)A®5(R) dR = J@5(R)e’M2tH(SAe_lM“Héd)(g(R) dR
using Equation 5.12. We also have

JAMD(ROI Po)W(Ro, Po) dRo dpp = lim fo JA<St(R0/ Po))Ws(Ro, po) dRo dpy dt

T—o0 T

1 (7 P
= lim — f J(D(g(Ro)A o St®5(R0) dR() dt
T—o T 0
by Equation 5.14.
To compare these, note that Sy is the identity. We then write their difference as

t o1 AN 1 ~ - .
J ®5(Ro) { fo % (e’MZ(tS)H5A o sSeIMWS)Hs) ds] ®5(Rp) dRy. (5.16)

Using the fact that ;—SA 08 = %A(Ss(ﬁr, Pr))|r=0, we may compute

d (eiMi(t—s)mme—m%(t—s)ﬁs)
ds
1 N I 1 A
_ M2 (t—s)H; (Op[((ﬁ- @E — VAs(R) - @ﬁ)A) 0S| — iM%[Hs,A 5 Ss]> p—iM2 (t—s)Hs
(5.17)

where the square brackets are the commutator and Op means the Weyl quantization.

Plugging in Equation 5.17 into Equation 5.16, we can clean things up by noting that
) 5(ﬁ0) is an eigenfunction of Hj so the outer exponentials must cancel out. So we focus
on the operator in the middle. Applying the Moyal expansion to the commutator of two
Weyl operators (see details in Bayer et al. [5]), we find that

— o — A

Op[((F- Vg — VAs(R) - V) A) 0 S] — iM2[Hs, Ao Ss] = Ru(s) (5.18)
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where the remainder term Ry is

. & —1)le S -
Ru(s) = Op [2 2miy Y ) agoA5<Ro>ago<Aoss><Ro,ﬁo>]. 5.19)

n=1 l|=n '

Combining Equations 5.18 and 5.19 shows that the error

1 T S S ., _ B T rt R S . _
| (As—f | Aost<Ro,po>dt> Ws(Ro, o) dRodfo = T | | | Rua(s)Wis(Rao, o) dRodf ds .

(5.20)
This is almost the error we want to compute, up to the previously noted bound of O(T~?)
in the convergence of sampling error. Thus we’ll focus on bounding this error, and in
particular on bounding Ry.

To bound Ry, substitute Ao S; — Anmp + (Ao Ss — Amp). Since Ag is Lipschitz con-
tinuous and Ayp grows at most polynomial in R, we may bound the terms in Equation
5.20. The n = 2 term is bounded by O(6~1M~2), and all higher-order terms are bounded
by O(8'~"M~"), which is suppressed by the above bound; the n = 1 term is bounded
by O(M™1). Thus we integrate to get a bound of O(TM~! + TM~25~1). The term with
AoSs— App is harder since A o Ss may grow exponentially. But the difference is bounded
by O(T~7) as we proved above. Integrate by parts in jy to move derivatives to the Wigner

function. This gives us a bound of (’)(TPVM_%) (see details in Bayer et al. [5]). Combin-
ing these results gives us the desired bound. O

We have thus proven that there is an error term associated with nuclear quantum
effects, even with Born-Oppenheimer force fields, but that it can be bounded. However,
this bound does not guarantee convergence to 0 at large T, especially for small masses M
like the mass of the hydrogen nucleus. It seems conceivable that there might be another
way of computing a force field that does not include such errors. We now turn to the
subject of my own research and to the last chapter of this thesis: force-field functor theory,
which will provide a way for us to answer this question.



Chapter 6

Force-Field Functor Theory

In the last chapter, we asserted that the correct force field should look something like the
lowest-energy electronic eigenstate Ay(R) and proved error bounds based on this. But
while it is true that physical intuition indicates this is what the force field should look like
and that in the limit of infinite nuclear mass this is accurate, we still see a significant error
term associated with nuclear quantum effects for finite nuclear mass. There have been
many computational methods developed to reduce this error [11, 42, 45, 40, 48, 34, 30,
19, 47, 12, 20, 24]. But these methods all fundamentally change the MD algorithm itself,
usually at significant computational cost.

We propose an alternative approach: develop a different force field that accurately
accounts for nuclear quantum effects. In force-field functor theory, we map a Born-
Oppenheimer force field V(R) = Ay(R) to an effective force field W(R) that will account
for nuclear quantum effects; this map F : V. — W is known as the force-field functor.
In this chapter, we will prove the uniqueness and existence of this map and then discuss
an efficient way to compute it given a Born-Oppenheimer force field (since that is the
computable quantity in quantum chemistry).

Force-field functor theory applies at a constant temperature, not a constant energy.
Thus our simulations will now be NVT simulations, not NVE simulations. Further, not
all of our particles will be in the same state corresponding to the same wavefunction;
they will instead be in a mixture of states to maintain a constant temperature. Thus we
will start by briefly introducing some of the relevant physics behind modeling constant-
temperature quantum mechanical systems and then proceed to force-field functor theory.

We will reintroduce factors of 71 for this chapter as they prove to be important and let
the masses of our particles possibly be different.

6.1 Density Matrices and Force-Field Functor Existence
6.1.1 The Density Matrix

Return to the one-particle case for now. Suppose we have a Hamiltonian H on the Hilbert
space L?(R3). Pick an orthonormal basis Y. Then any state ¢ can be written as ¢ =
Zj ajipj and any observable A can be computed as (A) = (Y|AY) = 3., Gman (Ym|Athn) .

What if we only know the system is in state 1, with probability p,? Then our average
is given by the expression actually looks like (A) = >, pu (Yu|Ay) . Define the density
matrix operator

p= Z Pn W’n> <1rbn‘ (6.1)

so we then have
(A) =Tr(Ap). (6.2)

54
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Note that p is a positive trace class operator with Tr p = 1 by normalization. Any such
operator (not just one of the form above) corresponds to a generalized state and is known
as a density matrix [23].

Using the Schrodinger Equation, it’s easy to show that the equation of state for p is

op 1
i =7 [H, p], (6.3)
known as the Landau-von Neumann equation.
In our case, H has point spectrum, so any operator f(H) for a positive function f is
a density matrix. Thus p = f(H) is a time-independent solution of Equation 6.3 since
[f(H), H] = 0. Thus positive functions of the Hamiltonian will be stationary solutions.
States that are of the form p = |¢) (1| correspond directly to wavefunctions 1y and are
therefore known as pure states, i.e. the probability for the system to be in the state 1 is 1.
The system can also be in a mixed state, where the population of each pure state is given
by a probability distribution, representing the fact that we have incomplete information
about our system and do not know that it is in any one pure state [23].
It is also possible to take the Wigner transform of a density matrix. To do this, we
define the Weyl transform, the inverse of Weyl quantization. For an operator A, we have

v ) < [eiP7(z+ Y
A(X, p) = Je < 5

ANPE

Now, we define
(6.5)

One can verify using Equation 6.4 that this is the same Wigner transform as we previously

defined . .
WEP) 27rhf ( 2>¢(x 2) W

6.1.2 Thermodynamics and the Density Matrix

The density matrix is useful for understanding thermodynamic systems, or systems with
large numbers of molecules in which we do not know exact information about all the
initial positions of the molecules. Suppose we have N particles that interact pairwise in a
volume A. We have a Hamiltonian Hy A, and we would like to take the conceptual limit
N — . Clearly as noted above f(Hp, ) for any positive f that decays sufficiently fast is
a stationary state.

But which stationary states are stable? Most stationary states are not asymptotically
stable, so they do not provide useful physical information about our system. However,
some states are asymptotically stable and convergence to such states is very rapid. To
understand these states, we will work in the conceptual limit of N = o, A = oo but
tix |I/\\I| This is the thermodynamic limit, and the study of such states is the study of
thermodynamics.

In the absence of an external environment, stationary states with infinitely many par-
ticles are called thermal equilibrium states. They are computed by the second law of
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thermodynamics, which says that p is an equilibrium state iff it maximizes the von Neu-
mann entropy S(p) while fixing the energy E(p) = E. The entropy is

S(p) = —Tr(plogp) (6.6)

where log is defined via power series. The energy is as expected E(p) = Tr(Hp).
Optimizing the entropy is a Lagrange multiplier problem in variational calculus. We
may instead minimize the Helmholtz free energy

F(p) = E(p) = TS(p) (6.7)

for a Lagrange parameter T called the temperature. We will also occasionally see the
inverse 3 = kBLT for a constant kg known as Boltzmann’s constant. Minimizing this yields
the family

e~ PH

Z(T)

The function Z(T) is known as the partition function and can be used to derive many
important properties of the system [23]. For example,

pr = ,Z(T) = Tr[e PH]. (6.8)

F(T) = F(pr) = ~Tlog Z(T).

Thus we now understand what equilibrium states we expect to see quantum-mechanically
ata given temperature T. It's important to note that the coefficients e for each eigenen-
ergy E, associated with an eigenstate 1, represent the probability of finding a particular
particle in our infinite-particle system in the one-particle state associated with 1,,. There
is then a second layer of quantum-mechanical probability associated with determining
the value of any observable given the particle in the state ;.

In the classical limit, the formalism above largely still applies. However, our states
are now particular position/momentum points, i.e. points in phase space, as opposed to
wavefunctions.

6.1.3 Existence and Uniqueness of the Force-Field Functor

We now present the main foundational result of force-field functor theory, which guar-
antees the existence and uniqueness of a classical potential that reproduces the quantum
equilibrium position-space probability distribution. This is the best we can possibly do
with an MD simulation, since the momentum-space probability distribution is fixed from
the beginning as the force field is momentum-independent.

Theorem 6.1.1. Given a Born-Oppenheimer force field V(X) and a temperature T, there exists
a unique effective force field W(X) = F[V(X)] such that the classical position-space probability
distribution n¢(X) computed from W(X) is equal to the quantum position-space probability distri-
bution ng(X) computed from V(X).

Proof from Babbush et al. [3]. Existence is relatively simple. We may compute our equilib-
rium density pr as above, and then the quantum probability position-space distribution
is

ng(3) = (lor ) (69)
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and the classical probability distribution of any classical potential W(¥X) is

I e
(%) = e BW(X), (6.10)

Simultaneously solving Equation 6.10 and 6.9 yields

W(F) = —10g (Z Flor) (6.11)
which shows that the functor exists.

Proving uniqueness is a bit more difficult. We proceed in two steps: we will first show
that the quantum position-space distribution is uniquely given from V(X) and then that
the classical potential is uniquely given from any classical position-space distribution. We
begin with a lemma.

Lemma 6.1.2 (Quantum Bogoliubov Inequality). For positive definite p with unit trace, we
have

F(p) > F(po)
if F is the Helmholtz free energy and p # po, where py is the equilibrium distribution.
Proof from Babbush et al. [3]. Define
e—B(H+AA)

1
Pa = Tr (e—ﬁ(H+/\A) A= _B Ing —H.

Clearly py = pgif A=0and py = pif A = 1,s0 F(p) — F(pp) = S(l) (%F(pA) dA.
We have

F(pp) =Tr [p;\ (H + AA + %log p;\)] — ATr[Ap,]

by definition, and the first trace is stationary since p;, is the equilibrium density matrix for
H + AA. Thus we differentiate the second trace AF [oA] = —ATr [A%p ;\] .
Define (X), = Tr[p,X]. Then we may compute

B
0=~ [ PAAB) @y, A(B) = a1,

Thus

Lo = [ onug, - =2 [ ag <( (3#) @) (= (38 />_<A>A>>
A

using some trace identities. This integral is non-negative and can be zero iff A is the unit
operator, i.e. if p = pg. Thus we get the desired. O
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Now suppose that there were two potentials V (%), V(X) that had the same quantum
position-space probability distribution nq( X). We have corresponding Hamiltonians, den-

sity matrices, and free energies H, po, F. Then we apply Lemma 6.1.2 to get

F=Tr [50 (ﬁl + %log 50)] <Tr [po (ﬁ + %log p())] = F+ Tr[po V(%) — poV(X)].

This last term is just Sda?(?(ic’) — V(X))n4(X) so we have
F<F+ ste(f/(f) — V(%))ny(%).
Interchanging variables leads to a contradiction.

For the other step, we begin with another, similar lemma.

Lemma 6.1.3 (Classical Bogoliubov Inequality). If nc(X) is the equilibrium density for a clas-
sical system and n(X) is another different density, then

F(n(%)) > F(n(x)).

Proof from Babbush et al. [3]. Note that
" oy e L " AN g5
5 | (00108 1:(0) ~ () 0g () 5 = 5 [ (ne() -~ m() ¥ = 0

by normalization and the fact that logx > 1 — <. Thus <% log nc(ic’)> > <% log n(a_c’)>
Plugging in the standard formulas for the number density, this yields

(- jous) (e

which is equivalent to the desired. O

Now suppose that there were two effective potentials W(X), W(Z) that led to the same
position-space probability distribution. Then

~

P [ m@W@az g [ ne)logne) ds < A+ [ ne#)(W( - W)

applying Lemma 6.1.3. We can now complete the proof in a similar fashion to the first
part. [

The force-field functor theorem guarantees the existence of a unique potential W(X)
that classically reproduces the quantum position-space probability distribution. Since it
classically reproduces the correct quantum distribution, it will also correctly reproduce all
thermodynamic properties which depend solely or mostly on position. Dynamic prop-
erties that depend on momentum will not be correctly reproduced. Regardless, this is a
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powerful method of guaranteeing accurate computation of observables via MD simula-
tion.

Of course, this proof is essentially non-constructive, since there are few easy ways to
determine the density matrix. We will now need to find a reasonable way of computation-
ally approximating the effective potential given an original Born-Oppenheimer potential
to work with.

Note that the initial force field must approximate or be fitted to Ay(¥), the ground-state
electronic energy term, for force-field functor theory to be valid. Thus our force field must
be fit to electronic structure data. Force fields fit to experimental parameter data may
already account for nuclear quantum effects in some empirical and approximate way;
adding force-field functor corrections will result in double-counting of nuclear quantum
effects [50].

6.2 The Wigner Expansion and Force-Field Functors

The proof of Theorem 6.1.1 makes clear that the quantum position-space probability dis-
tribution n,(¥) is the key object to compute here. Computing the density matrix is very
difficult, so integrating that to find n,(X) is not generally tractable (though this is the in-
spiration for many alternative approaches to nuclear quantum effects). We instead focus
on the Wigner transform, which by Equation 6.5 is equivalent. Then, Theorem 6.1.1 tells
us that

V(®) = ——log Uw (%, 7) dﬁ] . (6.12)

where V(%) = F[V(X)] is the effective potential. In this section, we find a simple, compu-
tationally effective way of approximating the Wigner transform. We assume our potential
is analytic, as it usually is for MD simulations.

Most of the following section is copied from my recent paper, Sundar et al. [51].

6.2.1 The Wigner Expansion

We first prove the following lemma.

Lemma 6.2.1. The Wigner function W (X, p) satisfies the following equation:

A+ A1
8/\1+...+Anv <7) 8/\1+...+Anw

:_Z pkaw

. 6.13)
My OX 1;}\”) oxit.oxpy MU Al aptt L opp

(7t

Here, x1,...,x, represent the n position coordinates and py, ..., p, represent the n momentum
coordinates. m; is the associated mass for the ith position or momentum coordinate.

Proof from Wigner [52]. The basic approach here is to compute the derivative directly us-
ing the definition of the Wigner function and then apply the time-dependent Schrodinger
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Equation and integrate by parts a few times.

oW i e Ny (s ¥ AN A

o 2nhf i [ <+2>1”(x 2)+"b<x+2>at<x 2) |
y AN
2 2

a0y

; = - A
Folzo W\ g (= ¥ MMV Yy
+hl‘l) <X+ 2)1,[)(.9( 2) ( Z )&X?l. .6x2” /\1'/\11

o (o TV (57 ap (47
(D39 (e

k
At A An—1
~ y’ oMt Ay <7) i
x_i) 2 A A Al A (ﬁyl
A Ag) OX7 -+ OXp 1 An

i /\1 H An
- z — 1
+1[)<x+2>1,b( ) hyn> ]
1 [ _izs Pe (H00 (o J\7(= ¥ AN N
= Pyl rr A _ A _Z
27rhfe ' [ ; iy <2axk (“2)‘”(’( 2) T TS ) e P2
M++A -1
h
. y‘ — (. ]_/' a]\l-i-...-f—}\nv (7) <l )}\1 (l >/\n
+Y X+ 2 X—Z ! Ly,
w( 2>¢( 2) ((M;An)ax?l,,,axnn ML A\ nY

M+ +A—1
B _Zﬂa_w N Z &A1+...+/\nv (7) aAlJr +Anw
1My 0X; ) &xih Coxyr Al A 6;9 ...(9;9)\”

]

Now let W take 71 as a variable and consider a formal series expansion in . When

h = 0 we must get the classical result e ( (2 2mk> For convenience, define E =

V(%) + Zk - Therefore we may write

W(Z, 7) = e PE+ Wy + 12Wo + 1P W3 + ... (6.14)

We may plug ngatlon 6.14 into Equation 6.13 and compare terms order-by-order in
h, since we expect Gy = 0 at thermal equilibrium since W is in a stationary state. Doing
so yields an 1nf1n1te sequence of differential equations for all the W;. These start with:
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Z_ﬂée_ﬁ EGV oe PE
T my 6xk 6xk Opk B

Z Pk 8W1 2 oV aW1

g Oxy oxg Opx (6.15)
Z Pr W, Z VW, B PV % PE Z n P3V e PE
my OXy Ox Opx op? = 8 ox 20x) 6pké‘p1

These are inhomogeneous differential equations in each of the W;; the homogeneous
part is always the same

my axk axk apk

This is the differential equation for the statlonary nature of the classical probability distri-
bution, so its only solution is the classical probability distribution (or multiples thereof),
else classical mechanics would be overdetermined. We’ve already accounted for multi-
ples of the classical probability distribution in the constant term of the Wigner expansion,
so we may as well ignore the homogeneous part [52].

The inhomogeneous part of the W; term’s differential equation from Equation 6.15 is
0, so W; = 0. The inhomogeneous part of all the odd terms in the expansion contains W
and lower-order odd terms, so all odd terms in the Wigner expansion are 0 [52].

We can solve the W, term’s differential equation from Equation 6.15 with a couple of
clever substitutions and an integration. We find

2 A2 3 /A17\ 2 3 2
_ —BE BtV B (avV B pkp1 07V 1
Wa=e Zk: ( 8my 0x? * 24my \ Oxy +kZl: 24mm; Oxox; | (6.16)

It is possible to solve for further terms in the Wigner expansion, but we will mostly not
need that for our work ahead [13].

Thus far, we’ve considered the Wigner expansion as a formal series expansion, with-
out claiming anything about convergence of the Wigner expansion anywhere. Under-
standing the convergence of the Wigner expansion in general or even in any particular
specific case remains an open problem, and it is not clear that the Wigner expansion be-
haves particularly well. However, we expect the Wigner expansion to be well-behaved
at higher temperatures or lower (3, since that suppresses higher-order terms in the ex-
pansion. Further, empirical observations have established that the Wigner expansion, as
opposed to any other semiclassical expansion of the Wigner function, has provided ac-
curate approximations for use in simulation, so we chose to use the Wigner expansion to
help us approximate the force-field functor [32].

6.2.2 Approximations to the Wigner Expansion

Assuming truncations of the Wigner expansion are a reasonable approximation to the
full Wigner function, we may take the expansion to second-order, use Equation 6.16 to
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compute the second-order correction, and then use Equation 6.12 to compute the new
effective potential. But this effective potential would be extremely difficult to compute;
in particular, while our original potential V(¥) is usually pairwise additive, W (¥, p) is not
and V(%) is not. Thus MD simulation algorithms would need to compute N-body terms,
resulting in a runtime of O(NY). Thus we will need to make further approximations
using Taylor series expansions. Fortunately, it is easy to characterize, justify, and verify
these assumptions for any force field.

Now suppose our potential is the sum of pairwise terms V' = >}; ; Vij where V;; only
depends on x; and x;. Then we may rewrite Equation 6.16 as

1 -V B oV;

- 2V
W(Z 5) ~ e BEED) | 1 4 1252 _ j jk Bpkpi Kl
(x' ) € + ﬁ 2 8mk ; ax% + 24mk ; 8xk + ; 24mkm1 8xk@xl

(6.17)
The first and third terms in the second-order correction are immediately sums of the ap-
propriate correction for each pairwise potential individually. The second term has the

sums of each pairwise contribution, along with additional three-body terms of the form

oV
D ikl 12[;311k axkk Oa‘;’: We will see that for the potentials we will test our methods on these

terms are often smaller than the others in the Wigner expansion by a significant margin
since first derivatives are smaller than second derivatives, so we will ignore the non-
additive terms and assume that the Wigner expansion is also pairwise additive for our
purposes. If this assumption does not hold, it is simply an additional force to be added.
For convenience, we write

W(Z, p) = e PECP 1141262 ) W+ ... (6.18)
jk

where W, corresponds to the second-order Wigner correction from V.
Now let us compute the effective potential. We have

V(7) = —%log J dpe PECER 1 141282 Wy +
jk
I ) 12825, (djeBECHW,
—% (log fdpe ﬁE”’}%—log [1+ b Z]’k§ 19 7 ]k]>

©5) (dpe PEEAW,
log fdpe 5E”’]+Zlog 1+h2B2 )]

R~

where we use the first-order Taylor series approximation log (1 + > x;) ~ > log(1 +
x;). This approximation is valid anywhere the correction from the Wigner expansion is
relatively small, i.e. at high enough temperatures such that the Wigner expansion itself is
valid. The first term is the classical potential up to normalization and the second term is
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the pairwise sum of the individual contributions to the effective potential. Thus under the
two approximations we have made, we see that the N-body problem reduces successfully
to a pairwise sum of 2-body problems.

The calculations done here can be trivially generalized to potentials that are the sums
of multi-body interactions (like bond angles or torsions). Thus we must check that the
approximations made in this section are still valid for the more complicated potential; if
they are, then our method can be applied by simply computing the correction to each
individual term using Equation 6.16. Even if our first assumption of the product-of-first-
derivative terms being negligible fails, we can simply add those terms in; derivatives are
generally short-range, so these terms would continue to be easy to compute. We have not
yet found a way to generalize this method to potentials that are not pairwise additive.

6.2.3 Empirical Verification on Neon

We proceed to test the Wigner expansion approximation to the force-field functor on a
Neon force field. Neon is spherically symmetric, allowing for convenient computations.
Specifically, we found that for a spherically symmetric system, the non-normalized cor-
rection term is

or? 0

(6.19)
Here, r is radial distance, p is the magnitude of the momentum, and 0 is the angle between
position and momentum.

We test our method on a Neon force field. Neon’s interatomic potential is spherically
symmetric and a highly accurate force field for Neon was derived by [28] by fitting func-
tional forms to high-quality CCSD(T) electronic structure data.

We began by numerically computing the effective potential at various temperatures
as shown in Figure 6.2.1a. We note two characteristics of the effective potential which
can be explained by quantum phenomena: First, the repulsive wall as r — 0 is less steep
in the effective potential than in the classical potential. This is due to the fact that the
quantum wavepacket can enter the classically forbidden region E < V(r). Second, the
well is shallower, due to the zero-point energy.

Moreover, the equilibrium distance is slightly longer in the effective potential than
in the classical potential. As we show below, this has important thermodynamic conse-
quences.

We note a bump in the effective force field at T = 25K. This is likely an artifact due
to use of only the second-order expansion and neglecting the N-body terms, and not a
reflection of the full quantum effective force field. This bump is significantly larger in the
effective force than in the potential. The fourth-order correction does reduce the bump
in the repulsive wall while not significantly affecting the location or depth of equilibrium
length and thus shows an improvement over the second-order term; a graph is shown in
Figure 6.2.1b.
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Figure 6.2.1: Classical and effective force field for Neon at T = 25K,35K, and T = 44 K.
The red dotted curve is the classical potential from Hellmann et al. [28], the green curve
is the effective potential numerically computed using the Wigner expansion to second
order, and the blue curve adds corrections to fourth order on the bottom for T = 25K.
The change in shape and shallower well can be explained by the wavepacket entering
the classically forbidden region and the zero-point energy, respectively. The fourth-order
correction reduces the bump in the repulsive wall, thus showing an improvement from

the second-order.
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6.2.3.1 Radial Distribution Function

The first parameter we chose to measure in simulation was the radial distribution function
(RDF). Given a system of N liquid or gas spherically symmetric particles in a volume V,
the RDF g(r) is defined as

n(r) = 4mr’pg(r) dr (6.20)

where n(r) is the number of particles in a spherical shell of radius r and thickness dr
and p = ¥ is the average number density. g(r) thus represents the correlations between
particle positions as a result of the interparticle potential; should there be no potential
(as in the approximation of an ideal gas), then the density function would simply be
47r?pdr. The RDF is strongly potential-dependent and thus a good initial candidate for
an experimental observable to use in verifying our force-field functor.

Computing the RDF from a simulation is also straightforward, since it is a purely
position-dependent observable. We carry out the number-counting suggested in Equa-
tion 6.20 to compute n(r) for some fixed, very small dr, and then compute g(r) using
Equation 6.20. The result is then averaged across all frames.

We ran NPT simulations with a Monte Carlo barostat to fix the pressure; each time
step was 2fs. The initial condition was a cubic lattice with atoms spaced 0.3 nm apart
to emulate the density of the liquid phase. Since all experimental measurements were
done on liquid Neon, we chose to begin all simulations with an approximately liquid-
phase initial condition. We ran the simulation for 100 000 steps (using the initial 10 000
for equilibration) and verified that the simulations converged by checking the computed
density.

For verification of our results, we compared both with experimental results from Bellissent-
Funel et al. [6] and de Graaf and Mozer [14], purely classical MD, and an alternative sim-
ulation method, Ring Polymer Molecular Dynamics (RPMD), that accounts for nuclear
quantum effects by modifying the underlying MD algorithm itself. We omit the details
of how RPMD works here; they can be found in Allen and Tildesley [1]. RPMD simula-
tions replace every atom with P beads, or copies, and run molecular dynamics; we chose
P = 32. The computational time complexity of RPMD is O(N?P), so we see a 32 times
slowdown using RPMD, as opposed to the force-field functor theory method. We will see
that using force-field functor theory causes no loss in accuracy as compared to RPMD.
Figure 6.2.2 shows radial distribution functions (RDF) for liquid Neon at T = 26.1K,
T = 35.05K, and T = 42.2K. The classical MD simulation with a Born-Oppenheimer
force field will be called C-FF for short and the classical MD simulation with our effective
force tield will be called E-FF.

AtT =35.05Kand T = 42.2 K, E-FF is roughly as accurate as RPMD, with both being
a significant improvement relative to C-FE. In particular, the location and height of the
tirst peak obtained by E-FF are more precise than those derived by C-FF. The shift and
lower height of the peak are caused by quantum corrections which shift the equilibrium
position and reduce the depth of the well in the effective potential described above.

At T = 26.1K, E-FF, while still a significant improvement over C-FF, is somewhat
worse than RPMD. Specifically, the location and height of the peak are relatively accurate,
but the bump in the potential noted above results in a similar bump in the RDF. Inaccu-
racies in both RPMD and E-FF at this temperature indicate more beads and higher-order
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Figure 6.2.2: Radial distribution function as computed by C-FF, E-FF, and RPMD. In each
plot, the red curve is computed by C-FF, the green curve is computed by E-FF, the black
curve is computed by RPMD, and the blue curve is experimentally determined from [6]
and [14]. The right side focuses on just the first peak. In all cases, the height and location
of the first peak are more accurately determined by E-FF and RPMD than by C-FF. E-FF
demonstrates similar accuracy as the significantly slower RPMD.

terms are necessary for an accurate computation of the RDF. We verified that a 4th-order
computation of the RDF reduced the size of the bump at T = 26.1K.

6.2.3.2 Equation of State

The next parameter we chose to compute was the equation of state for Neon, or the re-
lationship between density and pressure for a variety of temperatures. We used similar
NPT simulations as we did in measuring the radial distribution function. The initial con-
dition in all cases was a cubic lattice with atoms spaced 3 nm apart to emulate the density
of the gas phase. Experimental measurements were done in both liquid and gas phase;
we ran the simulation for 1000 000 steps (using the initial 100 000 for equilibration) and
verified convergence by checking the density values.

Figure 6.2.3 shows the computed equation of state for Neon at T = 36 K and T =
40 K. Experimental data [21] is compared to densities for both the classical and effective
potential [17]. These values span liquid and gas phase.

Both E-FF and C-FF were accurate on gas-phase densities. The maximum error relative
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Figure 6.2.3: Equation of state as computed by C-FF and E-FF at T = 36 K, 40 K. The red
points were computed by C-FF, the green points by E-FF, and the blue points experimen-
tally determined by [21]. The gas-phase density points from all three methods are too
close to be distinguished. E-FF is significantly more accurate in liquid-phase, reducing
the error relative to experimental data from 10% for C-FF to 2% for E-FF.

to the experimental data for C-FF is around 1% and for E-FF around 2%. This is somewhat
expected since gas-phase densities do not depend much on the force field. In liquid phase,
C-FF significantly overestimates the experimental density by as much as 10% while E-FF
only overestimates the experimental density by around 2%. This is due to the shift in
equilibrium position described above. Adding additional terms to the Wigner expansion
should further reduce the error in calculated density.

6.2.3.3 Vapor-Liquid Coexistence Curve

The last parameter we calculated was the vapor-liquid coexistence curve, or the tem-
perature/pressure combination at which gas and liquid phase coexist. At atmospheric
pressure, this point is known as the boiling point. This is an observable that cannot be
easily mathematically related to a function of position and momentum, unlike the density
or RDE. Verifying the accuracy of the force-field functor on the vapor-liquid coexistence
curve suggests broader applicability of the functor beyond the observables directly guar-
anteed to include nuclear quantum effects by Theorem 6.1.1. In this section, we assume
some background in the statistical mechanics of phase transitions, since introducing that
material would take us too far afield.

Computing the vapor-liquid coexistence curve cannot be done reliably by MD simula-
tion. We therefore used Gibbs Monte Carlo (MC) simulations instead [44, 43, 38]. Normal
MC perturbation steps are performed as in a typical NVT simulation, but we also ran-
domly transfer volume and particles between the two boxes to equilibrate pressure and
chemical potential. By the definition of a phase transition (known as the Gibbs condition),
both boxes will end up on the vapor-liquid coexistence curve. We then measured density
and pressure (from the virial theorem [1]) to compute the phase transition points.

This simulation was implemented on MCCCS-Towhee [37]. Far from the critical point,
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Figure 6.2.4: Vapor-liquid coexistence curve for Neon, as computed by Gibbs MC simula-
tion with both C-FF and E-FF. The red curves are computed by C-FF, the green curves by
E-FF, and the blue curves experimentally determined by [49]. E-FF is significantly more
accurate in all cases. It reduces the average error relative to the experimental data: from
40% to 11% for the gas phase density; from 12% to 5% for the liquid phase density; from
33% to 7% for the pressure.

we followed the guidelines of Morales et al. [38] in setting up the simulation. We began
with one empty box and one box full of 1000 Neon atoms; both boxes were cubes with
side length 4nm. At the end of the simulation, around 10% of the atoms were in vapor
phase, as suggested by Morales et al. [38] for the most rapid convergence. We set the
probability of a perturbation to the default value and ran the simulation for 10 000 cycles,
sufficient to guarantee convergence. We verified convergence by checking that the density
values converged appropriately.

It is known that Gibbs MC simulations fail close to the critical point [15] since the
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two phases are very similar, causing the boxes to interconvert between phase frequently.
At T = 43K, we adjusted our analysis for the effective potential simulation to use a
density probability distribution to identify liquid and vapor phase densities and ignore
all intermediate phases [15]. We did not analyze T = 44 K since it was too close to the
critical point for the effective potential simulation. The classical simulation did not exhibit
any behavior characteristic of the critical point, so no adjustments were needed.

E-FF is significantly more accurate in determining both the density and the pressure
of the vapor-liquid coexistence point, as shown in Figure 6.2.4. Specifically, C-FF con-
sistently overestimates the liquid density by an average percent error of 12% relative to
experimental data, while E-FF consistently overestimates it by only 5%. This effect can
be partly explained by the density deviations observed when computing the equation of
state. C-FF underestimates gas density by an average percent error of 40% relative to the
experimental data, while E-FF underestimates it by 11%. Finally, C-FF underestimates the
pressure by an average percent error of 33% relative to the experimental data while E-FF
underestimates it by 7%. Larger errors at lower temperature suggest that the effective
force field would be improved by using higher-order corrections.

We also note that E-FF began exhibiting critical behavior, i.e., transitions between va-
por and liquid phase, at around T = 43 K, very close to the experimental critical point of
T. = 44.40K. C-FF did not exhibit similar behavior even at T = 44 K. We chose not to
measure the critical point directly due to inaccuracies with Gibbs MC simulations close
to the critical point [15], but this result suggests that C-FF also overestimates the critical
point.

Our empirical work with Neon, our analytic work with the Wigner expansion, and
the fundamental results of force-field functor theory makes clear that we have a new way
of accurately and efficiently accounting for nuclear quantum effects. Further, the work
we have done above shows that generalizing these methods to more complicated force
fields should be possible, provided the assumptions that we have outlined above hold
for those more complicated force fields. Application of this method would significantly
improve the accuracy of most MD simulations by avoiding errors associated with nuclear
quantum effects as outlined above.



Chapter 7

Conclusions and Future Work

Fully understanding the errors associated with molecular dynamics simulations is cer-
tainly a work-in-progress. While bounds have been derived to characterize almost every
error associated with an MD simulation, these bounds are in general either rather weak or
require additional conditions beyond those that can be assumed for typical simulations.
Here, we outline some of the remaining questions raised by the results presented in this
thesis:

1. Can we bound time discretization and sampling error while dropping the integrabil-
ity condition used in Theorems 3.2.2 and 4.2.2? Alternatively, can we provide some
rigorous justification for why MD force fields are integrable or near-integrable? The
justification provided thus far is just a conjecture.

2. Isit possible to exactly fit a force field to the lowest-energy Born-Oppenheimer elec-
tronic state? This question is the driving source for almost all current force field
development research.

3. Following the above, what is the resulting error in the measurement of any observ-
able given a certain error in the force field? Understanding this would help us set
goals on how accurate our force fields needed to be to carry out any given measure-
ment.

4. Does force-field functor theory work in full generality for any force field? Further
empirical testing and analytic results on the Wigner expansion are needed to under-
stand the merits of this approach. If not, is there a better way of computing the force-
field functor without the Wigner expansion? Ideally, we would like a method that
worked at all temperatures and for which mathematical convergence was known.

Answering these questions will help scientists better understand the error in the MD
simulations they run. Such bounds will make biochemists more confident in drug pre-
dictions made via simulation or material scientists more confident in designing materials
with properties predicted via simulation. If we understand the size of errors in observ-
ables predicted by MD simulation, we can be more confident in results predicted by sim-
ulation and thus more likely to use simulations to answer major scientific questions.
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