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1 MOTIVATION AND AIM OF THE WORK

1 Motivation and aim of the work

The aim of the present work is the development of new algorithms for the exploration of en-
ergy landscapes of various systems. The work is in part based on previous results obtained in
the PhD thesis of Svetlana Stepanenko. She developed three Tabu-Search based algorithms,
the Gradient Tabu Search (GTS), the Gradient Only Tabu Search (GOTS), and the Tabu
Search with Powell’s Algorithm (TSPA), whereas GOTS was the most successful one. The
performance of GOTS in optimizing various mathematical test functions in comparison to
other well-known global optimization algorithms like genetic algorithms and a first applica-
tion to conformational search problems, motivated for the development of new Tabu-Search
based algorithms. However, a detailed comparison of Tabu-Search to other conformational
search algorithms was missing. Therefore, the first aim of the present work is a comparison
of the GOTS algorithm to other well-known conformational search approaches. In the course
of this comparison, weak points of GOTS should be revealed also and the influence of dif-
ferent starting structures provided by the StartOpt algorithm should be investigated. The two
main bottlenecks of GOTS are the diversification part and the modest ascent strategy. For
the diversification part it was realized that the Tabu-Search represents a very local approach
since the closer phase space is searched very accurately. The Basin Hopping approach (see
section 2.1.4), however, searches the phase space in a non-local fashion. Therefore, it will
be tested if a Basin Hopping approach with large step sizes (i.e. a very diverse search) can
improve the diversification strategy of Tabu-Search. In GOTS, the modest ascent is calcu-
lated using energy values only. However, the use of gradient information usually improves
the performance of optimization algorithms. Therefore, an alternative approach based on a
transition state search algorithm will be implemented and tested for its applicability.
The new algorithms will be implemented in a new conformational search program (Confor-
mational Analysis and Search Tool, CAST). The development of this program is also part of
this work providing a platform for a variety of global optimization, conformational search,
and analysis tools. As conformational search studies are usually done using force field ap-
proaches, the development of CAST starts with the implementation of a common force field.
To perform local and global optimization tasks, different local optimization algorithms are
needed. In this respect, the performance of different optimization algorithms and libraries
should be investigated. Besides local optimization, also transition state search is important
for investigations of energy landscapes. Therefore, different algorithms are tested and imple-
mented into the new program package. The investigation of reaction mechanisms of complex
systems like large clusters or enzymes is still a very complex task. Hence, algorithms are
needed which are able to locate various transition states and reaction pathways with many
intermediate minima. An overview of existing reaction path sampling methods will be given
in the introduction. As part of this work, a new approach is developed which directly delivers
transition states lying between two initial states. The new approach will be tested at hand of
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rearrangement reactions of different Lennard-Jones clusters as these are usual test candidates
in this field.
To investigate the broad applicability of the Tabu-Search based algorithms, different appli-
cation fields will be investigated. The classical application field of global optimization is
the conformational search. Here, the performance of the new Tabu-Search algorithm will be
shown by means of some case studies with a comparison to other well-known approaches.
Conformational search studies often include a refinement process based on ab initio methods,
which is often a crucial step in the proper description of the investigated system. A complete
conformational search based on ab initio methods is usually computationally too demand-
ing. However, recent advances in GPU-accelerated ab initio programs resulted in speedups
which now allows a global optimization entirely based on quantum mechanical methods. A
combination of Tabu-Search and TeraChem is used to investigate the performance of such
approaches. Besides the conformational search of molecules, the optimization of cluster sys-
tems like argon or water clusters, is very important. These clusters are on the one hand very
complex, as very diverse structures may exist, and on the other hand are very important for
the description of aggregates or solvent effects. The effect of micro-solvation by a globally
optimized water shell is investigated taking a small protein system as an example. Another
application area of global optimization algorithms is the optimization of a ligand orientation
in the active site of a protein, which is also known as docking. The performance of the new
Tabu-Search algorithm is tested with the help of an example problem, where the uncertain
orientation of the ligand results in an unclear electron density in the x-ray experiment.
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2 INTRODUCTION

2 Introduction

Optimization problems are inherent in nearly every research area, ranging from engineer-
ing [1,2] to natural sciences like biology, [3,4] or chemistry. [5] Sometimes, the optimization
problems are very easy and can be solved by simple minimization or maximization. How-
ever, in most cases the underlying problems are more complex and the best solution, the
global optimum, is often located beside several other local optima. Obviously, a maximiza-
tion can easily be turned into a minimization by a simple overall sign change. Therefore,
global optimization techniques are tend to search for the global minimum solution. [6–9] A
very well known global optimization problem is the Traveling Salesman Problem (TSP),
where a salesman has to visit several different cities looking for the shortest possible travel
distance. [10,11] Further examples are reaction design in chemical engineering, [8] protein
folding in biology, as the native structure of a protein is often related to the global mini-
mum, [6,7,12,13] or the optimization of chemical reactions. [14]

The main problem in global optimization is the so-called multiple-minima problem which
was proposed by Gibson and Scheraga in 1988. [15] The topic is especially discussed in terms
of conformational search and protein folding. [16] The term describes the problem that any
local minimization procedure will only lead to the closest minimum instead of leading to the
desired global minimum. Furthermore, looking from one specific point of the hypersurface,
it is not known in which direction the global minimum lies. This problem is illustrated in
Figure 2.1. Figure 2.1-a shows the view from a specific starting structure. A close lying

(a) Close look at the starting structure and one close
minimum.

(b) Global look at the hypersurface.

Figure 2.1: Illustration of the multiple-minima problem.

minimum can already be seen behind a small barrier following a smooth reaction pathway.
However, looking at the surface more globally (Figure 2.1-b) it can be seen that many other,
maybe more stable minima can be reached when branching the reaction path and follow-
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2.1 Global optimization algorithms

ing a different pathway. According to their method of operation, global optimization algo-
rithms can be classified into deterministic, heuristic, and meta-heuristic methods (see Figure
2.2). [7,8,17,18] Deterministic methods follow a systematic approach. Therefore, they are pre-
dictable and always deliver the same results. When the complete search space is investigated
(systematic search) the global optimum can be located exactly. However, these algorithms
cannot be applied to more complex problems as the search space becomes too large and the
computational effort increases exponentially which is also known as combinatorial explo-
sion. [19] Heuristic algorithms use the information of the current solution to decide on the
next step. They approximately solve the global optimization problem in an iterative manner.
By reduction of a complex problem to a simpler one, they can deliver a solution which is in
close agreement with the global optimal solution with relatively low computational effort.
However, they are usually only specific to the problem they are designed for and are rarely
transferable to other problems. Meta-heuristics, first mentioned by Glover, [20] are a general-
ization of heuristic algorithms. Meta-heuristics combine heuristic approaches in an abstract
way for a hopefully more efficient exploration of the search space. Mostly, the combina-
tion is done stochastically. Therefore, most meta-heuristic algorithms can be summarized as
stochastic global optimization algorithms. A further distinction criteria of global optimiza-
tion algorithms is the necessary amount of information of the underlying functional. Some
algorithms only require information about function values. More complex but also most
often more accurate methods also require information about gradients (first derivatives) or
even the Hessian matrix (second derivatives).
Due to the many different possible approaches, a huge variety of algorithms are known, each
with its own strengths and weaknesses. [6,9,21] Most of the commonly used global optimiza-
tion algorithms belong to meta-heuristic stochastic global optimization algorithms. In the
following, important representatives of this class are described together with recent applica-
tion examples.

2.1 Global optimization algorithms

In a recent review, Bernd Hartke described the essential four basic ingredients of stochastic
global optimization algorithms which decide about the efficiency of a search method. [9] The
key points include:

1. A fast finding and leaving of local minima.

2. A focus on the overall structure of the objective function instead of getting lost in
irrelevant details.

3. An efficient jumping into promising regions by exploiting accumulated information
instead of jumping blindly

4. An avoidance of enumeration of all minima.

-4-



2 INTRODUCTION

Global Optimization

Heuristic
iterative and ap-

proximate solutions,
problem dependent

Deterministic
systematic approach,

predictable, exact

Meta-heuristic
iterative and ap-

proximate solutions,
problem independent

Stochastic Global
Optimization
Techniques

Random Search
Techniques

Pure Random
Search, Simu-

lated Annealing,
Tabu Search,
Monte Carlo
Minimiza-
tion, Basin
Hopping, ...

Evolutionary
Methods
Genetic

Algorithms,
Evolution

Strategy, Genetic
Programming,
Evolutionary

Programming, ...

Swarm Intelli-
gence Methods

Ant Colony
Optimization,

Particle Swarm
Optimization, ...

Other Methods
Scatter Search,

Tunneling
Methods,
Memetic
Search, ...

MOSTLY

Figure 2.2: Overview of global optimization algorithms. Illustration reproduced following the book
of Gade Pandu Rangaiah. [8]

In principle, each of these points can themselves can be turned into a successful global
optimization algorithm. However, combinations of these aspects usually provide a better
performance. Therefore, most algorithms in common use try to optimally employ several
of the above mentioned points. The most important classes of stochastic meta-heuristic
algorithms are listed below. In the following each of them are described in more detail with
recent application examples.

• Classical approaches: Molecular Dynamics, [22–24] Simulated Annealing, [25,26] or
Monte Carlo [27]

• Evolutionary algorithms: Genetic algorithms [8,9,18,28]

• Swarm algorithms: Particle Swarm Optimization, [29,30] Ant Colony System, [31–34]

Artificial Bee Colony [35]

• Hypersurface deformation methods: Diffusion Equation Method, [36] Potential Energy
Smoothing and Search, [37,38] Basin Hopping, [7] MCMM/LMOD [27,39–41]
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2.1 Global optimization algorithms

• Stochastic algorithms: Scatter Search, [42] Tabu-Search [43,44] (details in section 3)

• Others: Conformational Space Annealing, [45] StartOpt [46–48]

2.1.1 Classical approaches

Although molecular dynamic approaches do not directly belong to stochastic global
optimization, they are included in the enumeration of search algorithms and are sum-
marized as classical approaches. They are commonly used for the sampling of dynamic
properties, [19,49–51] but can also be used as conformational search or global optimization
approaches, especially when combined with local optimization (Molecular Dynamics with
Minimization, MDM). [22–24] MD can be efficiently used to explore the closer neighborhood.
However, the performance of locating the global minimum for complex systems has to be
further improved. [52] One approach which tries to overcome the problem of a small investi-
gated conformational space is the local elevation method proposed by Huber. [53] Here, the
concept of memory is introduced into a molecular dynamics algorithm. Thus, new areas in
the search space are preferred instead of sampling a small number of low-energy regions.
Other classical optimization and sampling algorithms adapted to global optimization or
conformational search are for example the simulated annealing (SA) [25,26] or standard
Monte Carlo (MC) [27] simulations. Since classical approaches are usually less efficient than
other global optimization approaches and are mostly employed to cover other properties like
dynamical behaviors or free energy calculations, no further details about these algorithms
will be presented here.

2.1.2 Evolutionary algorithms

One very important group of meta-heuristic algorithms are evolutionary algorithms. [8,9,18,28]

They use the mechanisms of biological evolution by means of natural selection (survival of
the fittest) proposed by Charles Darwin. [54] The algorithm starts with an initial population of
individuals. These can either be chosen randomly or with prior knowledge about the search
space. Calculation of the objective function (fitness function) and a recombination scheme
(for original evolutionary algorithm: "survival of the fittest") produces a new population
with a hopefully better solution of the objective function. These iterations are repeated until
some convergence criteria are met. The different variants differ mainly in the recombination
schemes. A principle scheme of an evolutionary algorithm is given in Figure 2.3. [8,9,18,28]

Genetic algorithms are a particularly efficient variant of evolutionary algorithms. [9] Here,
the recombination scheme consists of mating between two parents (starting individuals)
by crossing over to produce one or two children solutions. Further variability is included
by the allowance of mutation of a child by a given probability (i.e. changing a small
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2 INTRODUCTION

Start

Generate
initial

population

Calculate
fitness

function

Reach
conver-
gence

Best
individuals

Give out results

Apply a recombi-
nation scheme for

new population

YES

NO

Figure 2.3: Flowchart of an evolutionary algorithm. [28]

number of elements/bits within the new solution). Genetic algorithms are widely spread in
computational chemistry and the application areas range from material sciences and cluster
optimization [55–60] to optimization of biochemical systems. [61–65] An extensive overview
about recent developments and applications is given in the review of Bernd Hartke. [9]

Hence, the reader is referred to this article for further details.

2.1.3 Swarm algorithms

Swarm algorithms employ a collective intelligence from either natural individuals like
flocks of birds, schools of fish, or colonies of ants, [18] or artificial individuals like, for
example, the Borg from the science fiction serial Star Trek. [66] Swarm intelligence is
usually self-organized, decentralized, and distributed over the whole swarm and emerges
through the cooperation of a large number of homogeneous particles in an environment. [18]

The information itself can either be stored throughout the whole swarm or through the use
of markers like pheromones in ants or dancing in bees. The term swarm algorithms was
introduced by Beni in 1989. [67] Several variants of swarm algorithms are known. The most
important are Particle Swarm Optimization (PSO) first mentioned by Reynolds [29] and
developed by Kennedy, [30] Ant Colony Optimization (ACO) proposed by Dorigo, [31–34]

and the very recent Artificial Bee Colony (ABC) algorithm. [35]

Particle Swarm Optimization In Particle Swarm Optimization (PSO), an initial randomly
distributed swarm of particles with randomly assigned velocities is simulated. At each update
step, the new velocity (vi(t +1)) of a particle is calculated using its current velocity (vi(t)),
the best known global position in the search space (pgbest) and the best personal position of
the particle (pbest

i , see Equation 2.1). The position of a particle is then updated using Equation
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2.1 Global optimization algorithms

2.2. As the simulation proceeds, the swarm moves into the direction of the globally best
solution until eventually most particles are located at the global optimum. PSO usually does
not require gradient information and is therefore very fast. However, as for most optimization
algorithms the additional use of gradients can accelerate the method. The convergence is
usually slightly better than the one of genetic algorithms. Even so, as the scanned phase
space depends on the velocities and the initial distribution of the particles, the performance
drastically depends on the initial setup. [8,18,68]

vi(t +1) = vi (t)+

(
c1× rand()×

(
pbest

i − pi(t)
))

+

(
c2× rand()×

(
pgbest− pi(t)

)) (2.1)

pi(t +1) = pi(t)+ vi(t) (2.2)

PSO algorithms are widely used for global optimization tasks in various research areas.
A recent investigation employed a PSO algorithm to optimize the parameters of a PID-
controller (proportional-integral-derivative controller,) which was used for image encryption
in wireless data transaction. The study also revealed a superior performance of PSO in
comparison to evolutionary programming. [69] Like the optimization of the parameters of
a PID-controller, Bieler et al. employed PSO based algorithms to optimized both, the
geometrical design and the operation of the manufactured sensor of mass spectrometers. [70]

PSO algorithms are not only used for the optimization of hardware components. Prasad and
Souradeep compared PSO to Markov chain Monte Carlo based optimization of cosmological
parameter estimation of cold dark matter using Wilkinson Microwave Anisotropy Probe
data. [71]

Besides applications in engineering and physics, PSO is also often applied in several areas
of chemistry. Park et al. combined global optimization based on genetic algorithms and
particle swarm optimization to assist the discovery of novel material from high-throughput
experiments. [72] Similarly, PSO optimization is used for data mining and clustering, [73,74]

analysis of SAR data and the discovery of activity cliffs within SAR studies, [75–77] the eval-
uation of QSAR studies, [78,79] or the parameter estimation of model systems for dynamics
in biological systems. [80] Further complex optimization tasks like phase equilibrium and
stability [81–83] or secondary structure predictions of RNA systems [84] can also be solved
by PSO algorithms. Chuang et al. proposed a version of the PSO algorithm to locate
CpG-islands in the human genome. CpG-islands are important for the regulation of gene
expression and are therefore one mechanism of epigenetic gene regulation. A methylated
CpG-islands leads to an unexpressed gene. [85]

In a recent study, Liu [86] implemented a new PSO approach into the docking program
AutoDock. A comparison of the four state-of-the-art docking approaches, GOLD, Dock,
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2 INTRODUCTION

FlexX, and AutoDock employing a genetic algorithm, to the new PSO approach in
AutoDock, showed its efficiency and a higher accuracy. Therefore, the PSO variant in
AutoDock is a promising approach for virtual screening. [86] Similarly, PSO algorithms are
used for docking in the Open-Source project Paradocks. [87]

Ant Colony Optimization Figure 2.4 shows an illustration of the ACO algorithm. It em-
ploys the principle, that ants lay down a pheromone once they have found a food source.
These pheromones decay with time. Therefore, the longer a path takes to travel, the more
pheromone evaporates. Initially, the ants wander around randomly. However, the more ants
take the same shorter path, the more intensive the pheromone trail gets and the more intensive
the shortest path is used. This finally leads to a path which is used by the whole collective.

Figure 2.4: Illustration of the Ant Colony Optimization algorithm. [88] 1) First ant finds the food
source (F), using some path a) or b), then returns to the nest (N) leaving behind a pheromone trail .
2) Other ants follow the possible paths, with reinforcement on shortest path. 3) Ants follow shortest

path as the pheromone trail on longer paths evaporates.

The ant colony optimization algorithm is now widely used in different research areas. First
applications were concerned with the solution of the Traveling Salesman Problem [32] with
recent developments on the parallelization of the ACO for TSP. [89] Furthermore, ACO is
used for the generation of keys for the encryption of binary images. [90]

Besides application on computer science, ACO algorithms are nowadays widely used in
computational chemistry. Korb et al. implemented an ACO approach for the optimization of
protein ligand interactions which are very important for structure-based drug design, virtual
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2.1 Global optimization algorithms

screening, or docking. [91] The performance of the protein-ligand ANTSystem (PLANTS)
algorithm was compared to the state-of-the art docking program GOLD which uses a genetic
algorithm and several improvements in pose prediction were observed. [92,93] The new
algorithm was further improved by the implementation of a GPU-accelerated version. [94]

Another very important topic in pharmaceutical computational chemistry approaches are
quantitative structure-activity relationships (QSAR), where relations between structural
aspects of a molecule and its activity with a certain target are investigated. Thus, the best
leading structure for a specific behavior can be located. Recently, several groups have
employed ACO based algorithms for solving such optimization problems. [95–98] Li et al.

combined an ACO algorithm with support vector machines to investigate the methylation
sites of proteins. Protein methylation is one of the most common post-translation modifica-
tions to influence the behavior of proteins. [99] ACO algorithms are also used in vibrational
spectroscopy, like IR or Raman, to select the most important spectral wavelengths from a
large number of available variables. [100,101]

Artificial Bee Colony The ABC algorithm proposed by Karaboga [35] employs the intel-
ligent behavior of honey bees. As in nature, three groups of bees are used: employees,
onlookers and scouts. The first half of the colony consists of employees and the second half
of onlookers. Only one employee exists for each food source. In the beginning, all employ-
ees are scouts which have to look for a food source. Once a scout has found a food source,
it becomes an employee. The employee starts to utilize the food source. As soon as the food
source of one employee is exhausted, the employee becomes a scout. A visualization of the
algorithm can be seen in Figure 2.5.
Although ABC algorithm are rather new, several application areas to real life problems
exist already, [102] like optimization of scheduling problems, [103] protein structure predic-
tion, [104–106] or the minimization of bond-cleavage-induced perturbations in QM/MM calcu-
lations. [107] Further improvements to ABC algorithms include for example the combination
with evolutionary algorithms. [63,108]

2.1.4 Hypersurface deformation algorithms

The high complexity and the huge amount of possible local minima leads to the multiple-
minima problem which makes global optimization and conformational search very
difficult. [15] A possible approach is the deformation of the potential energy surface to
decrease the number of minima or make them accessible more easily. Hypersurface
deformation with respect to optimization of nonlinear problems was first mentioned by
Stillinger in 1988, [109] and soon afterwards used for conformational search by Piela in
1989. [36]

Several possibilities for deformation of the underlying potential energy surface were
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Employees determine
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gence?

Stop the search

NO

YES

Figure 2.5: Flowchart of Artificial Bee Colony algorithm. [35]

proposed in the past, [16,36–38,109–119] however, the problem of back mapping is the key pro-
cedure as sometimes the global minimum of the smoothed surface can change dramatically
by back mapping to the original surface. Therefore, not all approaches perform equally
well depending on the quality of the back mapping. [6] The most important deformation
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techniques include the Diffusion Equation Method (DEM), [36] the Distance Scaling
Method, [114] Monte Carlo with Minimization (MCM), [120] Basin Hopping (BH), [115] or
the Potential Energy Smoothing and Search (PSS) method. [37,38] Basin Hopping seems to
be one of the most widely used and most successful hypersurface transformation algorithms,
since many complex global optimization tasks are efficiently solved by BH optimization. [7]

The Basin Hopping approach is very efficient in sampling wide areas of the phase space,
however, close lying basins maybe hard to localize. Therefore, several approaches exist
which combine the Basin Hopping with a more local global optimization approach to obtain
the best of both approaches. Examples are the Monte Carlo Multiple Minima/Low-mode
sampling (MCMM/LMOD) [27,39–41] approach or the recently implemented Tabu-Search
based algorithm [52] which is also described in this work. In the following the DEM, the
PSS, the BH and the MCMM/LMOD approach are described in more detail. The new
Tabu-Search algorithm as a part of this work is described in more detail later (section 3).

Diffusion Equation Method The Diffusion Equation Method (DEM) was first mentioned
by Piela [16,36] and is one of the first deformation algorithms applied to conformational
search. It employs a similar idea as the approach proposed by Stephenson and Binsch [121]

who applied their method to the analysis of NMR data. The principle of DEM is a smooth
deformation of the hypersurface to make shallow potentials disappear and eventually obtain
one single minimum. The algorithm thereby assumes that shallower potentials will disappear
more easily than deeper ones. As the final minimum on the transformed surface can deviate
from the real global minimum of the original potential, the deformation is gradually reversed
with local optimizations on each deformation step.
The first iteration of deformation of the original potential f (x) can be obtained by adding its
second derivative which is zero at inflection points (see Equation 2.3, β is a positive small
constant). The Nth iteration will lead to the result shown in Equation 2.4, were t

N is written
instead of β .

f [1](x) = f (x)+β f ′′(x) =
(

1+β
d2

dx2

)
f (x) (2.3)

f [N](x) =
(

1+
t
N

d2

dx2

)N

f (x) (2.4)

For the limit of N→∞, the transformation operator T (t) in Equation 2.5 is obtained. Equiv-
alently, the transformation operator can be written as a diffusion equation (Equation 2.6)
which is written for higher dimensions using the Laplace operator (Equation 2.7). An exam-
ple application for a one-dimensional case is shown in Figure 2.6.
Recently, the DEM approach was also applied to crystallography [122] and Goldstein et al.
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proposed a new hybrid algorithm for global optimization of peptides consisting of a DEM
approach, a simulated annealing procedure and evolutionary programming. [118]

T (t) = exp
(

t
d2

dx2

)
(2.5)

∂ 2F
∂x2 =

∂ f
∂ t

(2.6)

∆F =
∂F
∂ t

(2.7)
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DEM for f(x) = x**4 + 2*x**3 + 0.9*x**2

f(x) + 0*f’’(x)
f(x) + 0.02*f’’(x)
f(x) + 0.05*f’’(x)
f(x) + 0.10*f’’(x)
f(x) + 0.15*f’’(x)
f(x) + 0.25*f’’(x)

Figure 2.6: Illustration of the Diffusion Equation Method applied to f (x) = x4 +2.0x3 +0.9x2. The
original potential f(x) is deformed by addition of its second derivative. As it can be seen, for β > 0.05
only one minimum is left. Reverse deformation combined with local optimizations will lead to the

global minimum of the original potential. Recreated following the publication of Piela. [36]

Potential energy smoothing and searching Ponder et al. proposed a new variant of
the DEM-method which improves the performance of the original approach. [37,38] In the
original DEM-method, it is assumed that the global minimum of the original potential
energy surface is obtained by gradually reversing the deformation process coupled with local
optimization to the closest minimum. However, it may happen for narrow basins that a wider
potential is preferred by DEM and therefore simple local optimization will guide the DEM
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into other basins which are not the global minimum. The authors of DEM argued, that these
narrow potentials are often not of chemical interest. In the new potential energy smooth
and search (PSS) algorithm, the local optimization step is replaced by an approach which
allows it to leave a local minimum and search for a neighboring minimum which is lower in
energy. Thus, the final minimum after the PSS search is equal or lower to the one obtained
by DEM. The new PSS algorithm was further compared to a molecular dynamics simulated
annealing approach by its application to predictions of transmembrane helix packing. The
PSS was superior in both computational efficiency and the accuracy in locating the final
minimum. [38] An example application is N-Acetyl-Ala-Ala-N-Methylamide which inves-
tigated the similarity and possible correlations between PSS and simulated annealing. [117]

In 2002, Grossfield and Ponder proposed an improved version of the PSS algorithm, [123]

which employed a modified potential smoothing kernel. Instead of exponential functions
as employed in the original smoothing procedure [37] in the new shifted-tophat or stophat
approach, smoothing is employed by a hyper sphere.

Basin Hopping Currently, the Basin Hopping (BH) approach proposed by Wales [115] is
a very widely used global optimization approach. [58,124–132] Its principle is based on the
Monte Carlo with Minimization approach by Li and Scheraga. [120] The potential energy
surface is transformed into a staircase-shaped surface by minimizing each random point to
its next local minimum. This transformed surface is investigated by a Metropolis Monte
Carlo algorithm. Although rather simple, the approach possesses a remarkable efficiency.
Figure 2.7 shows a one-dimensional example of a transformed surface in the Basin Hopping
approach. The different approaches differ mainly in the implemented step approach for
Monte Carlo and the use of the coordinate system. For conformational search, internal
dihedral coordinates have been shown to be most efficient. [7] Due to the hopping steps, the
BH approach performs a non-local and widespread search of the phase space. Therefore,
the efficiency of BH can be improved dramatically by combining it with a more local search
approach, like done in MCMM/LMOD [27,39–41] where the Low Mode Search (LMOD)
algorithm is used or a recent implementation of a Tabu-Search based algorithm described in
the present thesis. [52]

Monte Carlo Multiple Minima - Low Mode Sampling MCMM/LMOD is implemented,
for example, in the MacroModel program [133] and consists of two algorithms, the Monte
Carlo Multiple Minima [27] and the Low-Mode sampling approach. [40,41] The MCMM ap-
proach employs a similar principle as MCM of Scheraga [120] although several differences
exist. The strategy for choosing random steps is modified and new starting points are chosen
by other criteria than in MCM. Furthermore, MCMM is designed to locate all low-lying con-
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Figure 2.7: Illustration of the transformed surface within the Basin Hopping approach.

formers instead of only finding the global minimum. Special care is taken for ring structures
in the molecules. A direct benchmark of MCM and MCMM revealed a better or similar
performance of MCM for small systems, however, for bigger systems and for the location of
other low-lying conformers, MCMM displayed a better performance. [27,39]

Low-Mode sampling is based on the mode-following concept for locating transition states.
However, it employs a "brute-force" approach for simplification of the method. [40] The initial
minimum structure is taken for a normal mode analysis and several low-frequency modes are
stored. The number of stored eigenvalues is determined by a user-defined frequency thresh-
old. All saved modes are systematically employed for searching by perturbing the initial
minimum following the mode direction. LMOD follows the initial low-mode eigen vector
linearly until the potential energy is bigger than a user-defined threshold. The final point is
minimized using a local optimization algorithm. The initial normal-mode analysis is only
performed once and, therefore, the Hessian matrix is only evaluated at the very beginning of
the search. There is no guarantee, that the LMOD search ends in a new or better minimum.
However, the authors claim that most of the time barriers are crossed by the proposed proce-
dure. [40] Modifications of the LMOD procedure furthermore allow to follow the exact min-
imum energy path employing the original mode-following concept. [41] The new procedure
(c-LMOD) allows for a more accurate conformational search, however, the computational
costs also increase. For bigger systems such as peptides, the original LMOD procedure is
recommended. For very large systems a completely Hessian-free low-mode search was de-
veloped (LLMOD) which provides significant performance improvements for searching the
conformational space of proteins. [134]

In the combined MCMM/LMOD approach, once LMOD has searched the closest neigh-
borhood for all low-lying conformers, the algorithm switches to a MCMM search to obtain
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new starting structures. From these, again a LMOD search is performed. Theses steps are re-
peated until user-defined stopping criteria (such as a maximum number of steps) are reached.
First applications of the MCMM and LMOD approaches included conformational
search [27,39–41] and docking, especially flexible docking. [41,135] Nowadays, the combined
MCMM/LMOD is widely used. Several conformational search studies on various sys-
tems have been presented [136–143] like enzyme inhibitors, [137,141] silsesquioxanes, [138]

maleimide systems, [139,140] or on model systems for the Brevetoxin A. [142] Parish inves-
tigated the performance of MCMM and LMOD and found that, while for a small systems
both the single algorithm and several combinations perform equally well, the best method for
larger systems is a hybrid consisting of a 50:50 combination of both algorithms. [136] Further
application areas cover docking, [144] binding mode analysis, [145,146] molecular modeling of
enzyme inhibitors, [147] and investigations on fluorescent proteins. [148] Li et al. employed
the MCMM/LMOD approach to create starting structures of proteins where no crystal struc-
ture is available. They started from a very similar protein and punctually mutated single
amino acids and combined this with conformational search to obtain a final structure of the
desired protein. [149]

2.1.5 Stochastic algorithms

Most of the algorithms already described contain probabilistic or stochastic elements. The
difference of the "stochastic" algorithms described in this section in comparison to the al-
ready mentioned methods is the lack of an inspiring nature system or a metaphorical expla-
nation. The inspiring or metaphorical description is mostly used to classify the algorithms
above (Particle Swarm optimization, surface deformation,...). Therefore, the following algo-
rithms are simply summarized as "stochastic" algorithms. [8,18] Important representatives are
the Scatter Search [42] or the Tabu-Search [43,44] with recent modifications. [52,150–155]

Scatter Search Scatter Search was first introduced by Glover in 1977 [42] and was de-
signed as a heuristic for solving integer programming problems. Scatter Search is sometimes
referred to evolutionary computations and contains similar aspects as Tabu-Search. [18] The
main objective of Scatter Search is the maintenance of a set of both diverse and high-quality
solutions. The method stayed idle until Glover revised it in 1998 by publishing a template
for Scatter Search [156] introducing the five methods which are essential for the efficiency
of scatter search. Further advanced features in scatter search are obtained by the way of
implementation of the five methods.

1. Diversification Generation Method: Generation of a collection of diverse trial solu-
tions starting from a random trial or seed solution.

2. Improvement Method: Transformation of a trial solution into one or more enhanced
solutions. It is not essential that either input or output is a feasible solution. However,
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the output is usually expected to be so. If no enhanced solution can be obtained, the
output will be the same as the input.

3. Reference Set Update Method: Building and maintenance of a reference set consist-
ing of the best found solutions for providing efficient access from other parts of the
algorithm. The goal is to ensure both diversity and high-quality solutions.

4. Subset Generation Method: Generation of subsets of the reference solutions as a
basis for creation of combined solutions.

5. Solution Combination Method: Using the output of the Subset Generation Method
for transformation into one or more combined solutions.

Summarizing the five methods described above, the principle of Scatter Search is to exploit
useful information about the global optimum from a set of diverse and elite solutions stored
in the reference set. The search starts by setting up an initial reference set of solutions as
diverse as possible but also feasible. New information can be exploited by recombination of
members of the set. The iterative process employed in Scatter Search partitions the reference
set into subsets which are successively recombined. The recombined solutions are ranked
whether they stay in the reference set or not. The iterations are repeated until some conver-
gence criteria are met.
Scatter Search is a topic of current research and several possibilities for advanced Scatter
Search algorithms are proposed. [157–159] Scatter Search is nowadays applied to non-linear
multi-objective optimization problems, [152,160–164] global optimization of computationally
expensive dynamic models, [165] or 3D image registration. [166] Besides, Scatter Search is
applied to vehicle routing problems with time windows. [167] Although Scatter Search al-
ready provides a good performance, it is further improved when combined with tabu search
methodologies. [167] Caballero et al. also reported a hybrid consisting of Scatter and Tabu-
Search. [162] As Scatter Search is very close to genetic programming and Tabu-Search, ex-
plicitly assignable application examples are rare and fuzzy.

Tabu-Search The Tabu-Search algorithms are described in more detail in section 3.5.

2.1.6 Other approaches

Conformational Space Annealing The Conformational Space Annealing (CSA) was de-
veloped by Lee, Scheraga, and Rackovsky in 1997. [45] It was designed as a new algorithm
for the efficient determination of the global minimum conformation as well as further low
energy structures close to the GM. [45] It combines essential aspects from the buildup pro-
cedure proposed earlier [168,169] and genetic algorithms. [170] The flowchart of the algorithm
can be found in Figure 2.8.
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Figure 2.8: Flowchart of the Conformational Space Annealing.

The method is initialized with a number (e.g. 50) of randomly distributed conformations
which is similar to the initial population in a genetic algorithm. The energy minimized struc-
tures are summarized in the so-called "bank". The conformations in the bank are refined in
a way to cover the largest possible conformational space with coincidently lowest possible
energy. Each conformation in the bank can be seen as a representative of a group of local
minima inside a certain cutoff radius (Dcut). The total number of groups (here 50) is never
changed. There are two possible operations on the groups. Firstly, each representative of
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a group can be replaced by a conformation of the same group with a lower energy. Sec-
ondly, once a new group is found with a lower energy than one of the already saved groups,
it replaces the highest energy group. The value Dcut roughly defines the size of a group.
Therefore, each conformation has to be checked for its distance Di j (Equation 2.8) to all
other conformations to decide whether it already belongs to a group or not.

Di j =
n

∑
k=1

min

[
mod

{(
θ

i
k−θ

j
k

)
,sym(k)

}
,

{
sym(k)−mod

{(
θ

i
k−θ

j
k

)
,sym(k)

}}] (2.8)

sym(k) defines the symmetry of a dihedral angle and is set to 360◦, 180◦, and 120◦ for
dihedral angles with no symmetry, twofold symmetry, and threefold symmetry, respectively.

In each step, Dcut is reduced by a certain factor which introduces the principle of conforma-

tional space annealing. New trial conformations are created by updating the seed confor-
mations first. To introduce a search as diverse as possible, seeds are selected far apart from
each other. Then, information is combined from the first bank, the current bank and the seed
conformations to obtain new structures. The combination towards new structures is done by
replacing randomly chosen dihedral angles from the different reference data sets.
The principle of starting from a initial population and creating new trial solutions by the
recombination of earlier structures provides parallels to genetic algorithms. The creation of
new conformations by recombination of dihedral angles shows the similarities to the buildup
procedure. The search is stopped once a certain convergence criterion is reached like a final
value of Dcut or a previously defined global minimum energy. [45,171] The CSA algorithm
is widely and efficiently used in the field of conformational search and protein structure
prediction. [5,45,171–190] Due to its nature of constructing a set of conformations which are
further investigated and refined, it can be parallelized very efficiently. [173] Several investiga-
tions have been published that investigate protein structures and folding behaviors employing
CSA. [45,171–173,176–179,183,185–187] In its first application [45] it was already shown that CSA
is superior to other algorithms such like MCM [120] or the electrostatically driven Monte
Carlo. [191,192] The great efficiency of CSA for protein structure prediction can also be seen
from the latest Critical Assessment of Protein Structure Prediction (CASP9, 2010), where
four approaches took part which were based on CSA. [193] However, several further applica-
tion areas of CSA, beside protein structure prediction, can be found. Lee et al. employed
the CSA algorithm to optimize the parameters of a potential energy function with respect to
results of the Critical Assessment of Protein Structure Prediction (CASP) 3 and 4 from 1998
and 2000, respectively. [174] Conformational search is also of great importance for molecular
modeling and docking. In 2005, the CSA algorithm was already applied to docking prob-
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lems employing the Tinker program package comparing the performance to MCM. [180] For
smaller search problems, MCM and CSA exhibit similar performance. For systems with a
more complex search space, the CSA algorithm becomes more efficient. [180] Recently, the
CSA algorithm was also implemented into AutoDock [188], which allows for very efficient
docking studies, and into the Charmm program package. [186] The structural characteristics
of compstatin, a peptide based inhibitor, was investigated by Song et al.. [181] Several further
studies investigated protein-protein interactions, [182] multiple sequence alignment, an essen-
tial process in bioinformatics, [184] sampling of flexible protein loops, [190] or the determina-
tion of structures from NMR assisted by CSA. [189] The generality of the CSA approach was
shown in a study of Lennard-Jones clusters up to the size of 201, where all known low lying
energy structures were determined by CSA. The search was performed without any further
restriction of the global optimization such as knowledge of the final global minimum. [175]

Together with the above mentioned studies, CSA seems to be a generally applicable global
optimization algorithm with high efficiency.

StartOpt As part of the Conformational Analysis and Search Tool (CAST) described later
in this work (subsection 4.1), the StartOpt [46] subroutine is implemented for the preparation
of reasonable starting structures. StartOpt is based on earlier work in the diploma thesis
of Christoph Grebner, where the RingSearch procedure was first implemented. [46] The ef-
ficiency of this approach was shown in a comparison of different conformational search
algorithms (Simulated Annealing, Molecular Dynamics with Minimization, Monte Carlo
with Minimization, and a Tabu-Search based algorithm), where different starting structures
were used. Employing structures provided by RingSearch, the efficiency of the conforma-
tional search algorithms could be improved significantly. [52] The RingSearch algorithms
uses chemical intuition and searches the given structure for possible five-, six-, or seven-
membered ring structures build-up through hydrogen bonds. Thus, the conformational space
can be efficiently prescanned with an inexpensive approach. Intra-molecular ring structures
are especially important for peptide systems, where the backbone system can form seven-
membered rings. [46] Motivated by the efficiency of the RingSearch procedure, the FOLD and
the SolvAdd algorithm were developed during the diploma theses of Johannes Becker [47] and
Daniel Weber [48], respectively, and implemented into the CAST program. A performance
benchmark of FOLD and SolvAdd is subject to future research.

2.2 Reaction path determination

The reliable description of molecular systems and their reactions requires knowledge about
characteristic points of the underlying energy landscape. Besides the global and local min-
ima, saddle points of first order are the most important stationary points. Minima correspond
to stable arrangements on the hypersurface while transition states (saddle points of first order)
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Figure 2.9: The StartOpt algorithm developed in the Engels group. Currently, three subroutines are
available: RingSearch, [46] FOLD, [47] and SolvAdd. [48]

describe the energetically highest points in a transition from one minimum to another. [7,194]

In the previous section, a variety of algorithms was reviewed to determine local and global
minima. In this section, the focus is set on the description and investigation of transition
states and reaction mechanisms. Mathematical details can be found in subsection 3.4.
When investigating transitions in complex systems like large clusters or proteins, the un-
derlying reaction mechanisms can be very complicated. In the easiest case, two minima
(reactant and product state) are connected via one single transition state. However, usually
several different transition states lie between the initial and final state. Furthermore, it is
possible that several distinct pathways exist each having similar reaction rates. [7,194,195]

For transitions with one single intermediate transition state, usual transition state search al-
gorithms can be used. They are divided into single-ended and double-ended approaches.
Widely used and very efficient single-ended algorithms are e.g. the eigenvector-following
approach proposed by Cerjan and Miller [196] and improved by Wales [197] and the Dimer-
method proposed by Henkelman [198] and improved by Heyden and Kästner. [199,200] These
methods are used when the final point of the transition is not known. Providing an initial
guess of the transition state, they converge to the closest saddle point of first order.
When both, the reactant and product state, are known and the connecting minimum en-
ergy path (MEP) is searched usually double-ended search methods are employed. Com-
monly used methods include the growing string approach [201] or the Nudged Elastic Band
(NEB) method [202] with recent improvements. [203–206] The double-ended methods, also
called chain-of-state-methods, use a series of images to represent the minimum energy path.
Usually, the resulting transition state has to be further optimized for example by using the
eigenvector-following or Dimer method. [207]

However, for more complex reactions where several intermediate minima and transition
states exist the situation becomes much more difficult. This was also nicely described by
Kadanoff who classified such systems as having "many chaotically varying degrees of free-
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dom interacting with each other". [208] Here, the above mentioned simple approaches are
hard to apply. Examples are rearrangement reactions of cluster systems, [209–211] the folding
of proteins, [124,195,207], enzymatic reaction mechanisms, [212,213] or reactions of crystalline
complexes. [214,215]

One of the first methods for investigating complex transitions, especially rare events, is the
transition path sampling (TPS) developed by Dellago in 1998. [209,216–218] TPS can be sum-
marized as "throwing ropes over rough mountain passes, in the dark". [218] It can be used to
study rare events without the requirements of knowing the mechanism, transition state, or
reaction coordinates. It is based on a biased Monte Carlo sampling also called importance
sampling which focuses on chain of states creating dynamical trajectories rather than upon
individual states. The importance sampling is hereby generalized to trajectory space to cre-
ate transition path sampling. "Throwing ropes" can be seen as shooting short trajectories,
whereas "in the dark" corresponds to the very complex landscapes under investigation.
Another well-known approach is the discrete path sampling (DPS) proposed by Wales in
2002. [210] DPS is a two-state method with an initial and a final state. The transitions are
characterized as connected sequences of minima and saddle points of first order. After an
initial global optimization of the energy landscape, a database of minima is created. This
database is used to incrementally connect the initial and the final state. The connection of
two minima is done via an implementation of the doubly nudged elastic band. [205] Essential
steps are grouping the minima into states belonging either to the initial, the final, or an uncon-
nected state and the way the shortest path is chosen. [207] Candidates for transition states are
tightly converged by using an hybrid eigenvector-following approach. [219,220] The output of
DPS is a database of pathways via local minima and transition states. These information can
be used to calculate thermodynamic and kinetic properties. [210] The DPS was successfully
applied to rearrangements of cluster systems, [210,211] free energy and dynamic calculations
of met-enkephalin, [195] or the folding behavior of proteins. [124,207,221,222]

Besides, many other approaches exist to investigate transition pathways. Parrinello proposed
the metadynamics algorithm [214,223,224] and Grubmüller developed a conformational flood-
ing approach. [225] Voter proposed the parallel replica exchange dynamics for extending the
time scale of usual molecular dynamic simulation and thus being able to investigate infre-
quent events. [226] Teresa Head-Gordon presented a new sampling algorithm based on the
determination of unique substates from instantaneous normal modes. [227] Further recent de-
velopments are κ-dynamics, [228] dominant reaction pathways, [229] locally scaled diffusion
maps, [230] or the use of support vector machine for optimizing transition states. [231]

Very recently, Martin Jansen presented the prescribed path method for investigating energy
landscapes. [215] The prescribed path algorithm is based on a sampling starting from a pre-
defined path (the prescribed path). In particular, small barriers orthogonal to the reaction
coordinate can be cross allowing for the determination of several relaxed pathways.
In this work, a new algorithm was developed which is described in more detail in section
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4.4. Its principle is similar to the prescribed path method and the discrete path sampling,
however, the algorithmic details are different. The new PathOpt algorithm is based on global
optimization in a (n-1) dimensional hyperplane (n being the number of search variables).
The hyperplane is perpendicular to the initial reaction coordinate. Thus, minima on this re-
duces hyperplane correspond to traces to transition states from reactant to product state. By
optimizing these points to the closest saddle point of first order (only one negative eigenvalue
of the Hessian), transition states lying between the two initial states can be found. Due to
its close relationship to DPS or the prescribed path method further improvements might be
gained by combining these approaches.
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3 Theory

3.1 Energy Landscapes

The investigation of the structural and dynamical behavior of complex chemical systems,
such as large clusters or biomolecules, strongly correlates with the investigation of the un-
derlying potential energy function (PES). The exact description is very hard, however, pre-
dictions can be made using knowledge of the stationary points of the PES. Stationary points
of a PES are points with a vanishing gradient such as minima, maxima, or saddle points.
Methods which investigate these points can be summarized as energy landscape methods.
The concept of energy landscapes was first proposed by Bryngelson and Wolynes [12] in the
context of free energy surfaces, and a detailed summary on energy landscapes is given in
the textbook of David J. Wales. [7] The most important stationary points of a (potential) en-
ergy landscape are local minima and maxima, the global minimum and maximum, as well
as transition states (first order saddle points). An illustration of a multi-dimensional PES
is given in Figure 3.1.On the one hand, the behavior of the energy landscape is defined by
the system under investigation. On the other hand it depends on the underlying theoretical
model for the energy calculations. More details on possible models are given in subsection
3.2. To identify the various points of the PES, different algorithms and approaches are re-
quired. Local extrema are located using local optimization algorithms (subsection 3.3), and
first order saddle points can be found using transition state search algorithms described in
subsection 3.4. Finally, the global extrema are investigated employing global optimization
methods. Here, the focus is set on Tabu-Search algorithms (subsection 3.5). An overview of
global optimization algorithms was given in the introduction (subsection 2.1).

Figure 3.1: Illustration of a multi-dimensional potential energy surface with important stationary
points.
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3.2 Theoretical models

3.2.1 General aspects

As already described, the shape of the potential energy surface or energy landscape strongly
depends on the employed theory. The basic idea of the visualization of a potential energy
surface depends on the possibility to separate different degrees of freedom. The most im-
portant is the separation of electron and nucleus motion, which is also known as the Born-
Oppenheimer approximation. This leads to the electronic Schrödinger equation which can
only be solved approximately. [19] These ab initio or first principles calculations include elec-
tronic properties. Models range from semi-empiric methods like PM3, MNDO, or AM1,
through Hartree-Fock, Density Functional Theory, Perturbation Theory - methods, Coupled
Cluster methods, as well as multi reference approaches. However, in order to produce a
surface as a function of nuclear coordinates, a grid of function values in the configurational
space with succeeding fitting or interpolation is required. Ab initio dynamics alternatively
calculate the required potential energy ’on-the-fly’. However, such approaches are still not
feasible for large and complex systems with more than a few hundreds of atoms as the com-
putational effort is far too big. Therefore, less accurate, mostly empirical, methods are ap-
plied. These force field methods are usually the theory of choice for energy landscape inves-
tigations of very complex systems. They employ classical mechanics and Newton’s second
law (equation of motion). In principle, force field methods (or molecular mechanic meth-
ods) can be described by a Ball and Spring model. They use "simple" equations where the
parameters are fitted to experimental or theoretical data. These methods are very fast, but
usually, the accuracy is only guaranteed for the systems they are parametrized for. New and
unknown systems might be treated very badly. Furthermore, no bond breaking can be treated
in general. [7,19]

The classical force fields (class I) only contain bonded terms (bond, angle, and torsional
equations) as well as van der Waals and Coulomb interactions. Important representatives are
the OPLS-AA, [232–235] Amber, [236–238] and the Charmm [239–242] force field. More accu-
rate force fields also include cross terms (e.g. the MM3 force field [243–247]), polarizabilities
(e.g. the AMOEBA force field [248–250]), or further terms. They are summarized as class
II and III force fields. To reduce the computational effort, for example in protein calcula-
tions, united atom approaches are present (e.g. GROMOS [251–253]) where unpolar hydrogen
atoms are not explicitly treated, but are included in the connected atoms (e.g. the carbon
atom). Very big systems such as complete viruses can be treated by coarse grained force
fields (e.g. the MARTINI forcefield [254–256]). In the next subsections, the most important
energy and derivative terms of classical force fields are described in more detail.
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3.2.2 MM-Energy terms

In general, the force field energy terms can be divided into bonded and non-bonded inter-
actions. The non-bonded interactions can be further split into van der Waals (vdW) and
electrostatic terms (see Figure 3.2).

EFF = Ebonded +Enon−bonded (3.1)

= Ebond +Eangle +Eimp +Etorsion +Evdw +Eel (3.2)

a) b)

c)

d)

Figure 3.2: Illustration of existing interactions in a force field.
a) bond stretching, b) angle bending, c) torsional bending, d) non-bonded interactions.

The classical force fields (class I) only comprise the charges for electrostatic descriptions.
The most famous class I force fields for biological systems are OPLS-AA, Charmm and
Amber. On the whole, they are comprised of the formulas described in the following subsec-
tions. There may be smaller deviations, but the general structure is the same for these force
fields.
More accurate force fields try not only to reproduce geometries or relative energies, but also
vibrational frequencies (class II force fields). Further improvements allow parameters to de-
pend on neighboring atoms (modeling of hyper conjugation) and include polarization effects
(class III force fields). Important force fields are the MM2 [257,258] and MM3 [243–247] force
fields, MMFF94 [259–264] or the polarizable force field AMOEBA [248–250].

3.2.2.1 Ebond terms [19,49] The bonded energy terms, also called stretch energy, describe
the stretching of a bond between two atoms A and B. There are several ways to describe this
function. The easiest approach is to write the energy term as a Taylor expansion around an
equilibrium distance R0.

Ebond = E0 +
dE
dR

(RAB−R0)+
1
2

d2E
dR2 (RAB−R0)

2 (3.3)

In most classical force fields, the Taylor expansion is terminated at the second order. The
term E0 is set to zero (constant shift of the energy). The second term becomes zero as
stretching is done around the equilibrium distance and the derivation of the energy with
respect to the distance R becomes zero.
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This leads to a harmonic potential (Equation 3.4 ), which is often a sufficient approximation
to equilibrium geometries.

Ebond = kAB (RAB−R0)
2 = kAB (∆RAB)

2 (3.4)

Of course, the accuracy can be enhanced by including higher order terms as well, however, at
the cost of increased calculation time as well as more parameters that have to be fitted. Fur-
thermore, polynomial functions do not have the right energy behavior for larger distances.
Polynomial functions either become +∞ or −∞ for R going to +∞. However, the right be-
havior is convergence towards a particular value, the dissociation energy. A simple function
satisfying this criterion is the Morse potential shown in Equation 3.5.

Ebond = D
(

1− e−α∆R
)2

(3.5)

α =

√
k

2D
(3.6)

Here, D is the dissociation energy and α is related to the force constant.
The Morse potential describes the behavior of the stretch energy quite accurately over a broad
distance range. For longer distances, the force resulting from the Morse potential is relatively
small. This can lead to a slow convergence to the equilibrium bond length in geometry
optimizations or simulations. Since the polynomial functions describe the systems quite
well near the equilibrium distance, many force fields employ the much simpler polynomial
functions.

3.2.2.2 Eangle terms [19,49] The energy terms of Eangle describe the bending by an angle
θ formed by three bound atoms A, B, and C. Like Ebond , Eangle is often described by a
Taylor expansion around an equilibrium angle which is terminated after the second order
(Equation 3.7).

Eangle = kABC (θABC−θ0)
2 (3.7)

This description is usually very accurate. Higher accuracy is obtained by including higher
order terms.

3.2.2.3 Eimp terms [19,49] When a central atom B is surrounded by three atoms A, B, D
(i.e. a trigonal center), an improper torsion or out-of-plane term has to be defined. This
term is used to describe the pyramidalization of the trigonal center. Furthermore, the term
creates a barrier for inversion. Usually, the force constants have to be very high to describe
the barriers properly. The improper torsion energy can be described by a harmonic potential,
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where either the out-of-plane angle χ or the distance of the central atom B to the plane ABD
is used (see Equation 3.8 and Figure 3.3).

Eimp(χ) = kB
χ

2 or Eimp(d) = kBd2 (3.8)

B

C

A
D

χ

d

Figure 3.3: Illustration of an improper torsion.

3.2.2.4 Etorsion Terms [19,49] The torsional energy term describes the rotation around a
bond B-C embedded in a sequence of four atoms A-B-C-D. Here, atoms A-B, atoms B-
C, and atoms C-D are bound to each other. The torsional angle ω is defined as the angle
between the plane ABC and BCD (see Figure 3.4). In contrast to Ebond , Eangle, and Eimp,
the torsional energy has to be periodic in the angle ω (after 360◦, the same value has to be
returned). Furthermore, the energy needed to distort a torsional angle is rather small and
large deviations from the minimum structure can occur. Therefore, a Taylor expansion is not
a good solution. To comprise both aspects, a Fourier series is defined:

Etorsion =
k

∑
n=1

Vn cosnω (3.9)

The variable n gives the kind of rotation (e.g. n = 1 is a rotation around 360◦, n = 2 is a
rotation periodic to 180◦ and so on), Vn gives the size of the rotation barrier. The combination
of the n terms can describe different energy profiles. A rotation in ethane, for example, is
periodic by 120◦. As all hydrogen atoms are equal, all minima posses the same energy. The
Fourier series can only include = 3,6,9, ... terms. In contrast, a rotation in ethene is periodic
by 180◦, i.e. only terms with n= 2,4, ... can occur. Looking at the rotation around the central
bond of the butane molecule, three minima will occur. However, the two gauche and the anti

conformation as well as the barriers separating the minima have different energies. This can
be described by introducing an n = 1 term. Further situations can be described by different
combinations of terms as well as different force constants Vn. Most force fields include terms
up to n = 3 which are normally sufficient enough to describe most situations. Some force
fields like Charmm, however, also comprise higher order terms (n = 4 or n = 6)
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Usually, the zero point of the Fourier series is shifted by adding a factor of one, leading to
the very popular formula for torsional angles used in most force fields (Equation 3.10). The
+ and − signs are chosen to comprise several properties of the terms. For n = 1, the term
has a minimum at 180◦. The n = 2 expression contains two minima, one at 0◦, the other at
180◦. The three-fold rotational term (n = 3) has three minima at 60◦, 180◦, and 360◦.

Etorsion =
1
2

V1 [1+ cos(ω)]+
1
2

V2 [1− cos(2ω)]+
1
2

V3 [1+ cos(3ω)] (3.10)

A

B C

D

φ

Figure 3.4: Illustration of a torsion angle.

3.2.2.5 Enon−bonded Terms [19,49] As mentioned above, the non-bonded energy terms can
be divided into van der Waals and electrostatic interactions. The non-bonded energy terms
are the computationally most intensive interactions. The consideration of only pairwise in-
teractions will yield a nearly quadratic dependence on the number of atoms. For very big
systems like proteins, this cannot be calculated completely due to computational costs and
memory problems. Therefore, cutoff distances are often included.
The simple description of the van der Waals and electrostatics terms (Lennard-Jones and
Coulomb law, see subsections below) show a wrong behavior with respect to the intermolec-
ular distance. However, error cancellation leads to a qualitatively correct total energy. To
improve the distance behavior, more accurate terms are included. The following subsection
discusses possible expressions for vdW and electrostatic energies.

van der Waals energies The van der Waals energy describes a repulsion or attraction be-
tween two unbound atoms which is not caused by (atomic) charges. EvdW is zero at very
large distances and goes to infinity for short distances. The latter can be explained in quan-
tum chemistry by the overlap of two electron clouds. The negatively charged electrons cause
a strong repulsion.
Due to induced dipole-dipole interactions there is a weak attraction between two atoms.
Theoretically derived, this attraction is proportional to the inverse sixth power of the dis-
tance of two atoms. Of course, there are also higher order interactions, like induced dipole-
quadrupole, quadrupole-quadrupole, etc., interactions. The force associated to this potential
is also called "London" or "dispersion" force. See Figure 3.5 for an illustration. The repul-
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0

Attractive part:
(

R0
RAB

)6

Repulsive part:
(

R0
RAB

)12

Lennard-Jones type potential: see Equation 3.11

Figure 3.5: Repulsive and attractive part of a Lennard-Jones potential as well as the combined func-
tion (see Equation 3.11).

sive part cannot be derived theoretically. Like the attractive part, it should approach zero for
R→ ∞, with the exception of approaching zero faster. This leads to a very popular function
for EvdW , the Lennard-Jones (LJ) potential (Equation 3.11)

EvdW−LJ = ε

[(
R0

RAB

)12

−2
(

R0

RAB

)6
]

(3.11)

R0 is the minimum energy difference and ε is the depth of the minimum. The exponent of
the repulsive part is chosen to be 12 for computational advantages. In fact, other exponents
are shown to be better, but the LJ-potential is computationally the most convenient.
Other approaches, like the buffered 14-7 (Equation 3.12) or the Buckingham potential (Equa-
tion 3.13) have a better description of the vdW interaction, but are also computationally more
demanding. If very accurate results are necessary, Morse potentials can deliver better results
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than Buckingham potentials.

EvdW−bu f f−14−7 = ε

(
1.07R0

R+0.07R0

)7( 1.12R7
0

R7 +0.12R7
0
−2
)

(3.12)

EvdW−Buckingham = ε

[
6

α−6
eα

(
1−R
R0

)
− α

α−6

(
R0

R

)6
]

(3.13)

All potentials given above depend on a minimum interatomic vdW-distances of the two
atoms A and B as well as the dielectric constant ε . There are several combining rules.
Usually, the dielectric constant is chosen as the geometrical mean. The vdW distance is ei-
ther taken as the sum of the two atomic vdW-distances (Charmm) or as the geometric mean
(OPLS-AA), depending on the used force field (see Equations 3.14 to 3.16).

RAB
0 = RA

0 +RB
0 (3.14)

or: RAB
0 =

√
RA

0 RB
0 (3.15)

ε
AB =

√
εAεB (3.16)

Electrostatic interactions In the classical force fields, the electrostatics are treated by
point charge interactions of positively and negatively charged atoms (Coulomb energy, Equa-
tion 3.17). Another approach is the description by a dipole moment (Equation 3.18), where
the χ is the angle between the two atomic dipole vectors ~µA and ~µB and αA or αB is the angle
of ~µA or ~µB, respectively, with the distance vector of A and B. The standard biomolecular
force fields Amber, Charmm, or OPLS-AA use point charges, whereas the MM2 or MM3
force fields use dipole moments.

Eel−charge =
qaqb

εRAB
(3.17)

Eel−dipole =
µAµB

ε (RAB)
3 (cos χ−3cosαA cosαB) (3.18)

These two simple approximations of the electrostatic interaction energy perform quite simi-
larly, provided that the parameters are fitted properly.
If more accurate descriptions are desired, multipoles and polarizabilities have to be in-
cluded as well. An example of a force field which includes such terms is the AMOEBA
(Atomic Multipole Optimized Energetics for Biomolecular Applications) force field by Jay
Ponder. [248–250] Van der Waals interactions are implemented by a buffered 14-7 based func-
tional. The electrostatic interactions are described by a permanent part and an electronic po-
larization (i.e. induced) part. The permanent atomic multipoles include monopole (charge),
dipole, and quadrupole moments.

Mi =
[
qi,µix,µiy,µiz,Qixx,Qixy,Qixz,...,Qizz

]t (3.19)
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Here, qi is a point charge located at the atomic center i, µ is a dipole, and Q is a quadrupole.
The interaction energy between two atoms i and j separated by the distance ri j is given by
U perm

elec = Mt
i Ti jM j with:

Ti j =



1 ∂

∂x j

∂

∂y j

∂

∂ z j
L

∂

∂xi

∂ 2

∂xi∂x j

∂ 2

∂xi∂y j

∂ 2

∂xi∂ z j
L

∂

∂yi

∂ 2

∂yi∂x j

∂ 2

∂yi∂y j

∂ 2

∂yi∂ z j
L

∂

∂ zi

∂ 2

∂ zi∂x j

∂ 2

∂ zi∂y j

∂ 2

∂ zi∂ z j
L

M M M M O


(

1
ri j

)
(3.20)

For describing electronic polarization, which refers to a distortion of the electron density
under the influence of an external field, in AMOEBA the classical dipoles are induced
at each polarizable atomic site. The molecular polarization is done with an interactive
induction model. [249] For further details see ref. 248–250.
A recent improvement by Tafipolsky et al. [265] describes a new term for accurate inter-
molecular potentials with a physically grounded electrostatic expression. Combining the
new approach for treating the electrostatic interactions with the AMOEBA force field
provides a much more accurate description of the intermolecular interaction energies for
polycyclic aromatic hydrocarbons.

Cutoff distance As the non-bonded interaction (electrostatics and vdW) have to be cal-
culated for all possible atom pairs, the amount of interactions nearly scales quadratically.
Usually, the 1-2 interaction (i.e. directly bonded atoms) is neglected and the 1-3 and 1-4 in-
teractions are scaled by a constant factor. Nevertheless, the amount of non-bonded atom pairs
can be extremely large leading to problems with the necessary computational time and the
amount of memory used. Therefore, the concept of cutoff-distances is introduced. All atom
pairs which have a distance bigger than a given cutoff (usually 14 Ångström) are neglected
during the calculation (i.e. introducing a scaling factor S, Equation 3.21). This modifies the
potential energy curves.

Selec = SvdW =

1, for RAB ≤ Rcut ,

0, for RAB > Rcut .
(3.21)

This very crucial approach leads to a discontinuous potential energy curve of the non-bonded
energy. which can be problematic for dynamic simulations and geometry optimizations.
Therefore, the cutoff-concept can be improved by introducing a switching function, which
depends on the distance RAB (Equation 3.22 and 3.23). There, two distances have to be
specified. First, a switch-distance Rswitch and, second, a cutoff distance Rcut , with Rswitch
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being bigger than Rcut , e.g. 20 Å and 14 Å. This leads to a smooth decay of the energy
curves and, therefore, to a continuous energy function. See the NAMD User’s Guide for
illustrations and more detail. [266]

Selec

(
RAB
)
=


(

1− (RAB)
2

(Rswitch)
2

)
, for RAB ≤ Rswitch,

0, for RAB > Rswitch.

(3.22)

SvdW

(
RAB
)
=


1, for RAB ≤ Rcut ,(
(Rswitch)

2−(RAB)
2
)2(

(Rswitch)
2+2(RAB)

2−3(Rcut)
3
)

((Rswitch)
2−(Rcut))

3 , for Rcut < RAB ≤ Rswitch,

0, for RAB > Rswitch.

(3.23)

3.2.2.6 Cross terms [19,49] All terms described above only depend on one particular
property (e.g. bending, stretching, ...). These expressions are common to most force fields.
In fact, the different contributions are often coupled. As a simple example, one can think of
a water molecule H2O. The equilibrium angle is about 104.5◦ and the equilibrium distance
of an O-H bond about 0.958 Å. If the angle is compressed, the optimum bond length will
increase as well, i.e. the bending motion is coupled to a stretching motion. To account for
such effects, an expression coupling the two terms can be included (Equation 3.24).

Ebond/angle = kABC
(

θ
ABC−θ

ABC
0

)[(
RAB−RAB

0

)
−
(

RBC−RBC
0

)]
(3.24)

Such cross terms can be defined for any desired combination such as Ebond/bond , Eangle/angle,
Ebond/torsion or Eangle/torsion/angle. These cross terms give a better description of the situations
in a molecule, but further computational efforts are the consequence.

3.2.3 MM-Derivatives

The following subsection is based on ref. 19,49,267. When investigating a PES, employed
methods often do not only depend on the potential energy, but also on the first derivatives
(gradients) or even the second derivatives (Hessian-matrix) of the energy with respect to the
Cartesian coordinates. Most local optimization techniques use gradient information to find
a minimum, transition state search algorithms utilize the gradient and often the Hessian ma-
trix to locate a saddle point. The simple molecular dynamics algorithm needs the gradient
information to define velocities and movements.
The derivative of an energy term can be obtained by differentiating the energy expression
with respect to the used variables. All described energy terms are calculated using inter-
nal coordinates, whereas the algorithms usually employ Cartesian coordinates. Hence, the
obtained formulas for derivatives in internal coordinates have to be converted to Cartesian
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coordinates. A good overview of how to derive the gradient expression is given in the doc-
umentation to the "Consistent Force field". [267] As the second derivatives are much more
complex, they are not shown here. The derivation, however, follows the same principles.
Equations 3.25 to 3.29 show the equations for the first derivatives in internal coordinates.
They are obtained by differentiating the energy expressions given in the sections above by
the stated variables.

∂Ebond

∂RAB
= 2kAB (RAB−R0) (3.25)

∂Eangle

∂θABC
= 2kABC (θABC−θ0) (3.26)

∂Etorsion

∂ωABCD
=−1

2
V1 sin(ω)+V2 sin(2ω)− 3

2
V3 sin(3ω) (3.27)

∂EvdW−LJ

∂RAB
= ε

[
−12

(
R0

RAB

)12 1
RAB

+6
(

R0

RAB

)6 1
RAB

]
(3.28)

∂Eel−charge

∂RAB
=

qaqb

ε (RAB)
2 (3.29)

Possible implementations of these derivatives are not discussed at this point. There are a
lot of possibilities of how to program efficiently which are not further discussed here. One

possibility is for example the temporary storage of the
(

R0
RAB

)6
and

(
R0

RAB

)12
values.

For using the calculated derivatives for further algorithms, they have to be translated into
Cartesian coordinates. This is done by further differentiating the internal coordinates by the
Cartesian x, y, and z coordinates.
Equation 3.30 shows the general expression for differentiating for two variables. First, the
internal coordinate part is derived (Equation 3.31). xa belongs to the atom for which the
derivatives are calculated, xb is the atom which stays constant (the partial derivatives have to
be performed in each direction (x, y, z) and for each involved atom). Equation 3.33 shows
the derivative of r with respect to x. Equation 3.34 finally gives the expression for the first
derivative of the stretching energy in Cartesian coordinates with respect to the x-coordinate
of the first atom. This derivation has to be calculated for each coordinate and each atom (i.e.
six derivatives for the stretching energy). All derivations containing interatomic distances
(i.e. vdW and electrostatic terms) can be derived in the same manner.

∂Ebond(r)
∂xa

=
∂Ebond(r)

∂ r
∂ r
∂xa

(3.30)

∂Ebond(r)
∂xa

= 2kAB (RAB−R0)
∂ r
∂xa

(3.31)

with: r = RAB =

√
(xa− xb)

2 +(ya− yb)
2 +(za− zb)

2 (3.32)
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∂ r
∂xa

=
(xa− xb)

r
(3.33)

⇒ ∂Ebond(r)
∂xa

=
2kAB (RAB−R0)(xa− xb)

RAB
(3.34)

The partial derivatives for angle terms (e.g. bending and torsional energy terms) are derived
in a similar way. The bending angles or torsional angles are defined as angles between
vectors (bending) or planes (torsions). The angles and relevant sine and cosine function
can then be described by their trigonometric definitions using dot and cross products. [268]

Thus, the energy expressions can be defined in Cartesian coordinates. The derivatives are
then defined by the different combinations of such terms. A detailed description about the
implementation can be found in the documentation of the Consistent Force Field; [267] on
page 113 ff. for the angle terms and page 119 ff. for the torsional terms.

3.3 Local optimization algorithms

The determination of local minima is quite trivial because it is only necessary to search
downhill in all directions. A huge amount of different algorithms is available to solve these
tasks efficiently. Simple optimization algorithms, like the Simplex method, [269] only use
function values to determine a local minimum. This may be efficient for small optimization
problems, but it becomes too slow for functions with many dimensions. [19] Therefore, first
derivative or even second derivative information has to be taken into account.
The most commonly used algorithms are Steepest Descent, Conjugate Gradient, and New-
ton or Quasi-Newton algorithms. One of the most efficient algorithms for solving large
optimization problems belongs to the Quasi-Newton algorithms, in particular the Limited
memory Broyden-Fletcher-Goldfarb-Shanno algorithm by Nocedal. [270–275] In the follow-
ing subsection, the different algorithms are described in more detail.

3.3.1 Steepest Descent

The most simple approach to using gradient information within a local optimization is the
Steepest Descent (SD) algorithm. [19,269] As the gradient vector g always points into the
direction of the biggest function increase, the function value can be lowered by following
the opposite direction. This means the search direction d is given by the negative gradient
(Equation 3.35).

d =−g (3.35)

The minimization is then implemented by:

xn+1 = xn−λ ·g = xn +λ ·d (3.36)
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The step size λ is determined by a line minimization. In principle, the SD algorithm will
always approach a minimum if the line minimization is performed accurately enough. [19]

However, the SD method has two big disadvantages. First, the SD method often oscillates
around the real minimum energy path because a subsequent step will be perpendicular to
the previous step. This comes from the nature of determining the step direction. The en-
ergy can be further lowered by following the gradient component along the previous search
direction. [19,269] Second, as the step size is determined by taking the decrease of the func-
tion values or the gradient values into account, it will be smaller when approaching the
minimum. Therefore, especially for long narrow valleys, the convergence slows down dra-
matically. [19,269]

The main problem of the SD method, the partial canceling of the previous step by perpendi-
cular search directions, is improved by the Conjugate Gradient (CG) method.

3.3.2 Conjugate Gradient

The CG algorithm takes the gradient information of the current and the previous step to
construct a search direction which is "conjugate" to the previous search direction.
The search direction is given by Equation 3.37. For the first step, d0 =−g0. Each subsequent
direction is a combination of the gradient at the current position and the previous search
direction.

di =−gi +βidi−1 (3.37)

For the determination of β , several possibilities are available. Some commonly used methods
are the Fletcher-Reeves (FR), the Polak-Ribiere (PR) or the Hestenes-Stiefel (HS) approaches
(Equation 3.38 to 3.40).

β
FR
i =

gt
igi

gt
i−1gi−1

(3.38)

β
PR
i =

gt
i(gi−gi−1)

gt
i−1gi−1

(3.39)

β
HS
i =

gt
i(gi−gi−1)

dt
i−1(gi−gi−1)

(3.40)

For an exact quadratic function, these approaches are the same. However, in real world prob-
lems, the functions are not exactly of quadratic behavior and the approaches differ. Further-
more, the CG method often has to be restarted (i.e. setting β to zero) during an optimization
procedure. It has been shown, that the PR approach behaves somewhat better than the others
and has the tendency to restart more smartly. Therefore, this approach is often preferred in
practice. [19,269]
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3.3.3 Newton-Raphson method

The Newton-Raphson (NR) method makes use of the second derivatives (Hessian ma-
trix). [7,19,269] It expands the function to be optimized to second order around a given point
x0:

f (x)≈ f (x0)+gt(x− x0)+
1
2
(x− x0)

tH(x− x0) (3.41)

To find the biggest change in energy, the condition d f (x)
dx = 0 (i.e. the gradient in the second

order expansion 3.41 has to be zero) has to be fulfilled leading to the Newton-Raphson step:

(x− x0) =−H−1g (3.42)

When the Hessian matrix is diagonalized and therefore the coordinate system transformed
by a unitary transformation, the NR step can be written as:

∆x′ =− fi

εi
(3.43)

fi is the component of the gradient which points into the direction of the ith eigenvector of
the Hessian matrix with the eigenvalue εi (i.e. the projection of the gradient onto the ith
eigenvector).
There are several problems coming with the Newton-Raphson method. A minimum is de-
fined by a gradient with a value of zero and a Hessian matrix with only positive eigenvalues.
When the eigenvalues of the Hessian are positive, the NR method will converge to a local
minimum. Nevertheless, if one eigenvalue is negative, the step in this direction increases
the energy and the NR method can converge to a transition state, i.e. a stationary point with
one negative eigenvalue (first order saddle point). In general, the NR algorithm will only
converge to the nearest stationary point, regardless of its character (minimum, maximum,
saddle point).
A second problem comes with the step size. As the inverse Hessian is used and the step size
is constructed using the eigenvalues of the Hessian matrix, the step size can become unrea-
sonably large when an eigenvalue comes close to zero. This can take the search variables
outside a reasonable search range. This problem can be overcome by using a maximum step
size as upper boundary. To ensure a correct step direction (e.g. only positive eigenvalues of
the Hessian when optimizing to a local minimum) a shift parameter λ is introduced:

∆x′ =− fi

εi−λ
(3.44)

By choosing λ to be below the lowest eigenvalue of the Hessian, the denominator is always
positive thus leading to a local minimum.
A further problem of the NR method simply comes from computational aspects. When look-

-38-



3 THEORY

ing at large scale problems, diagonalization of the Hessian matrix is very time-consuming.
Furthermore, the second derivative can be too expansive to calculate.
To summarize, the quadratic convergence of the NR method, which is usually observed close
to a stationary point (further away a more linear convergence is often obtained), makes it a
very efficient and fast algorithm. By using a shift parameter λ , many of the problems of NR
methods can be solved. As long as the computation and diagonalization of the second deriva-
tive matrix is not too computationally demanding, it is a highly recommendable method.
For very big optimization problems, where the Hessian is not accessible or the storage can
not be managed anymore, Quasi-Newton methods have to be used. A very famous represen-
tative is the L-BFGS algorithm [270–275] described in the following section.

3.3.4 Quasi-Newton algorithms: the L-BFGS method

Quasi-Newton methods also use the Hessian matrix for deriving step directions and step
lengths. But the Hessian matrix does not have to be calculated explicitly. It will be approx-
imated using gradient calculations of the current and previous steps. Therefore, the Hessian
as well as previous steps have to be saved in memory leading to the same storage problems
as the NR-methods. A very efficient Quasi-Newton algorithm uses the updating scheme
of the Hessian proposed by Broyden-Fletcher-Goldfarb-Shanno (BFGS algorithm (Equation
3.46) [271–275]).
Here, gk and gk+1 are the gradients of the function to be minimized and H is its Hessian with:

sk = xk+1− xk and yk = gk+1−gk (3.45)

the BFGS update formula is given as:

H = H +
s · sT

yT · s

[
yT ·H · y

yT · s +1
]
− 1

yT · s
[
s · yT ·H +H · y · sT ] (3.46)

The Limited memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) method by No-
cedal [270,271] is the most prevalently used Quasi-Newton algorithm for optimization with
many independent variables. The L-BFGS is based on the BFGS method [272–275], but the
storage of the Hessian (and the inverse of the Hessian) is optimized for minimum memory
requirements.
The implementation of the L-BFGS method is nearly identical to the one of BFGS. They
only differ in the matrix updating scheme where recursive calculations are used. In L-BFGS,
the correction vectors are stored separately. When the requested storage is depleted, the
oldest information is deleted and the newest is saved (first in - first out strategy). The user
can specify the variable m which gives the number of saved corrections. While the iteration
number k is lower than m, the L-BFGS algorithm is the same as the BFGS method. When
k > m, the new approximate Hessian Hk is obtained by using the information of m previous
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steps. Therefore, the user can modify the amount of used memory. Of course, the larger the
variable m, the better the convergence, however, bigger values of m are also coupled with a
larger amount of used memory.

3.4 Transition state search algorithms

Besides the determination of local minima, transition states or saddle points of first order are
also of great importance for the description of the energy landscape and possible reactions
or transitions. However, the determination of transition states is usually much harder than
finding a local minimum. A saddle point of first order is a local maximum in one direction
and a local minimum in all other directions. Therefore, one coordinate has to be maximized
while all others are minimized and the search algorithm has to move on a knife’s edge to
locate the point of interest. In general, it is not possible to employ standard optimization
algorithms. Several approaches for locating transition states have been suggested. A rea-
sonable division of these algorithms can be done due to their initial set-up into single-ended
and double-ended algorithms. Double-ended approaches are used to locate a transition state
between two end points, which are usually local minima. Single-ended methods only require
one starting point and search for the corresponding transition state. The starting point can
either be a local minimum or a guess of the transition state. Certainly, the convergence of
a single-ended method is faster when a reasonable guess of the transition state is already
provided . [7] In principle, the simple Newton-Raphson methods could be used for optimiza-
tion to a stationary point of any order. The initial number of imaginary frequencies defines
the order of the saddle point. Therefore, Newton-Raphson only converges to a saddle point
of first order when an appropriate starting structure with one imaginary frequency is used.
Obtaining such starting structures is already a difficult task which limits the practical use
of Newton-Raphson for transition state search. Several different approaches have been sug-
gested to avoid this problem and to improve the transition state search. [7,19] Widely used and
very efficient algorithms are the eigenvector-following proposed by Cerjan and Miller [196],
the Dimer-method [198] or the Nudged Elastic Band approach. [202] These three algorithms
are described in further detail in the following section.

3.4.1 Eigenvector-following

The Eigenvector-following approach was first proposed by Cerjan and Miller. [196] Further
improvements and applications were proposed by Wales. [197,219,276–280] It is based on the
ideas of the standard Newton-Raphson approach. However, as already discussed, Newton-
Raphson will only lead to a transition state with one negative eigenvalue if the starting struc-
ture possesses only one negative eigenvalue as well. The method is not appropriate for appli-
cations with general starting structures. Cerjan and Miller introduced the required flexibility
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and robustness by introducing a Lagrange multiplier. [196] The Lagrange multiplier is chosen
in a way so that following one particular mode will always lead to an energy increase. First,
the potential function is approximated with a Taylor expansion up to the second order:

V (X)≈V (∆x) =V0 +D ·∆x+
1
2

∆x ·K ·∆x (3.47)

with:

V0 =V (a) (3.48)

D =
∂V (a)

∂a
(3.49)

K =
∂ 2V (a)

∂a2 (3.50)

Equation 3.47 is searched for extrema under the constraint of the fixed step size ∆x∆x = ∆2.
This constraint is introduced by the Lagrange function L(∆x,λ ):

L(∆x,λ ) =V0 +D ·∆x+
1
2

∆x ·K ·∆x+
(

λ

2

)(
∆

2−∆x∆x
)

(3.51)

Solving ∂L
∂∆x gives the step size:

∆x = (λ1−K)−1 ·D (3.52)

The value of λ , where the transition state is located, is labeled as λ0. For λ0 > 0, the step
size given in Equation 3.52 is used. For λ0 < 0, the search does not converge to the correct
transition state. Therefore, in this case λ = 0 is chosen. The step size is scaled to an appro-
priate value.
Wales modified the Lagrangian function L [197] by introducing Lagrange multipliers λi for
each vibrational mode and choosing an optimal step size for each direction:

L(∆x,λ ) =−V0−D ·∆x− 1
2

∆x ·K ·∆x+
1
2 ∑

i
λi
(
∆x∆x−∆

2) (3.53)

The final step size in the eigenvector-following approach of Wales is given by Equation 3.54.

∆xi =±
2Di

|Ki|
(√

1+4D2
i

K2
i

) (3.54)

The plus sign is used for maximization, the minus sign for minimization.
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3.4.2 Dimer method

Most transition state search algorithms require the second derivative (Hessian matrix) of
the potential energy for locating a transition state. The Dimer-method, first proposed by
Henkelman, [198] is a single-ended search algorithm which only needs the first derivatives.
It employs an approach for estimating the Hessian at a given point, which was already
presented by Voter in his hyperdynamic method. [281,282] Furthermore, several improve-
ments to the original approach are described, demonstrating the efficiency of the new ap-
proach. [199,200,283] First, the original approach proposed by Henkelman is described. Then,
changes suggested by Heyden and Kästner are discussed further. An illustration of the prin-
ciple of the Dimer method can be found in Figure 3.6.

Figure 3.6: Illustration of a transition state search using the Dimer method.

The method is initialized with a first dimer. The dimer is a pair of images slightly displaced
from their middle point. The distance and direction are defined by ∆R and τ̂ , respectively.
Either an initial guess of the transition direction or a random vector can be used. Starting
from the middlepoint R0, the dimer is created following Equation 3.55. When two starting
points for the dimer are provided, τ̂ is calculated with Equation 3.56 and 3.57.

R1/2 = R0±∆Rτ̂ (3.55)

#»
τ =

(
# »
R1−

# »
R2

)
2

(3.56)

τ̂ =
#»
τ

| #»τ | (3.57)

At each rotational step, the energy and forces acting on the two dimer endpoints are evalu-
ated. Using a finite difference approach, the curvature at a given point is calculated using
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Equation 3.58. During the rotation, E0 and ∆R are constant. Therefore, the curvature is di-
rectly proportional to the dimer energy E = E1 +E2. The minimum curvature can be found
by minimizing the dimer energy. The middlepoint energy can be calculated using the known
forces at the endpoints and the dimer energy (Equation 3.59). As it can be seen easily, all re-
quired properties are obtained by the forces and energies of the dimer endpoints. The energy
and force of the middlepoint does not need to be evaluated.

Cτ =
(F2−F1) · τ̂

2∆R
=

E−2E0

(∆R)2 (3.58)

E0 =
E
2
+

∆R
4

(F1−F2) · τ̂ (3.59)

The performance of the dimer method heavily relies on the algorithm for minimizing the
curvature or energy E within the rotation. The first optimization algorithm discussed by
Henkelman [198] is a Newton based approach (i.e. steepest descent). The rotational force is
given by the forces acting on the dimer endpoints (Equation 3.60).

FR =−(F2−F1)+ [(F2−F1) · τ̂] τ̂ (3.60)

Besides the dimer direction τ̂ , a second vector Θ̂ is defined which is perpendicular to the
dimer direction. Within the modified Newton approach, Θ̂ is a unit vector parallel to FR.
These two vectors define the rotational plane. The rotational force can also be represented in
scalar form which is used to describe the magnitude of the force (Equation 3.61). Scaling of
the scalar force by ∆R makes it independent from the dimer distance.

F =
FR · Θ̂

∆R
(3.61)

Minimizing F gives the optimal rotation. FR · Θ̂ describes the dot product of the rotational
force and the unit vector Θ̂ lying perpendicular to the dimer. When the dot product becomes
zero, the two vectors are perpendicular to each other and therefore, the rotational force is
pointing in the dimer direction, i.e. the minimal rotational force is obtained. Performing
a small finite rotational step dθ , the change in the rotational force can be approximated
with a finite difference approach as shown in Equation 3.62. The rotation is performed
following Equation 3.63. The second dimer endpoint is obtained with Equation 3.55 and the
corresponding forces F∗1 , F∗2 , and F∗ = F∗1 −F∗2 are calculated.

F ′ =
dF
dθ
≈
∣∣∣∣F∗Θ̂∗−FΘ̂

dθ

∣∣∣∣
θ=dθ/2

(3.62)

R∗1 = R+
(
τ̂ cosdθ + Θ̂sindθ

)
∆R (3.63)
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The optimal rotational angle ∆θ bringing F to zero is obtained via the Newton’s method:

∆θ ≈ FΘ̂+F∗Θ̂∗

−2F ′
(3.64)

However, the step performed with the Newton method overestimates the rotational angle. A
better description of the rotational angle can be obtained using an expression of the dimer
energy depending on the angle θ . Expansion with a Taylor approach within the rotational
plane finally leads to the expression:

∆θ = θ0 =−
1
2

arctan
(

2F0

F ′0

)
(3.65)

where F0 and F ′0 are given by Equation 3.66 and 3.67 with θ = θ0. The constant A depends
on the curvatures in both directions of the rotational plane. However, it does not have to be
evaluated as it cancels out in Equation 3.65.

F = Asin [2(θ −θ0)] (3.66)

F ′ =
dF
dθ

= 2Acos [2(θ −θ0)] (3.67)

After a successful rotation, the dimer is translated towards the saddle point. As already
discussed, a saddle point of first order is a maximum along the lowest curvature mode and
a minimum along all other coordinates. Minimizing the dimer energy already orients the
dimer along the lowest curvature. However, the rotational force tends to pull down the dimer
into a minimum. Therefore, the translational force is modified so that the dimer is pushed
towards the saddle point. For convex regions (all modes have a positive curvature), whereas
a different force is used for non-convex regions (Equation 3.68).

F† =

−F‖ if C > 0

F0−2F‖ if C < 0
(3.68)

F‖ = (F0 · τ̂) τ̂ (3.69)

The rotational and translational steps are iterated until convergences criteria are fulfilled,
such as maximum number of steps or a small enough gradient norm.
Kästner proposed several improvements to the Dimer approach. [200] First, the dimer is build
up between the middlepoint R0 and R1. The second dimer endpoint, R2, is skipped. Thus,
energy and gradient calculations can be saved. Kästner further found that several subsequent
rotation steps, to minimize the curvature before a translational step, are superior to a one
by one iteration. Therefore, the dimer is rotated until the rotational angle is smaller than a
certain threshold. In the first step, a rotational angle Φ1 is estimated (Equation 3.70). After
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rotation about the estimated angle, the energy and gradients (F’), and the optimal rotational
angle are calculated (Equation 3.72). An illustration of such a rotational step is given Figure
3.7.

Figure 3.7: Illustration of a rotational step using one trial rotation to calculate the optimal rotational
angle.

Φ1 =−
1
2

arctan
∂Cτ

∂Φ

2|Cτ |
(3.70)

∂Cτ

∂Φ
=

2(F1−F0) ·Θ
∆

(3.71)

Φmin =
1
2

arctan
b1

a1
(3.72)

b1 =
1
2

∂Cτ

∂Φ

∣∣∣
Φ=0

(3.73)

a1 =
Cτ

∣∣
Φ=0 −Cτ

∣∣
Φ=Φ1

+b1sin(2Φ1)

1− cos(2Φ1)
(3.74)

The gradient at the new dimer endpoint Rmin can either be calculated or estimated to save
one further gradient calculation:

Fmin =
sin(Φ1−Φmin)

sin(Φ1)
F1 +

sin(Φmin)

sin(Φ1)
F ′1

+

(
1− cos(Φmin)− sin(Φmin) tan

(
Φ1

2

))
F0

(3.75)

Finally, the use of a more sophisticated optimization algorithm like the L-BFGS method
dramatically improved the convergence of the Dimer-method. [200]
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3.4.3 Nudged Elastic Band method

In contrast to single-ended search algorithms which are mainly used to locate a transition
state exactly, double-ended approaches can be used to determine the minimum energy path
(MEP). The MEP represents the lowest energy path connecting two states: an initial and a
final state. The maximum of the MEP can be seen as the transition state and is (at least very
close to) the saddle point of the path. The Nudged Elastic Band (NEB) method was proposed
by Jònsson. [202] It belongs to the chains-of-states method as several points (images) along
the path are used to describe the transition. Methods which are very close to the NEB are,
for example, the string method [284] or the growing string method. [201] The main difference
is the way in which the images are kept equally distant. Within the NEB approach, a spring
force is applied to ensure the equal distances. The initial pathway is typically described by a
linear fit between the starting point and the end point (from now on called the band), although
sometimes different choices might be better. To relax the NEB images to the MEP, a force
projection is used. The force projection consists of potential forces acting perpendicularly
to the band and spring forces acting along the path. A schematic view of both an NEB and
MEP path can be found in Figure 3.8

Figure 3.8: Schematic view of an NEB path including the participating forces. Picture taken from
the website of the Henkelman research group with permission from Graeme Henkelman. [285]

In the original NEB method [202,286], the complete NEB forces are given by the sum of two
independent components:

FNEB
i = F⊥i +FS‖

i (3.76)
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F⊥i is the force perpendicular to the band given by:

F⊥i =−∇(Ri)+∇(Ri) · τ̂iτ̂i (3.77)

and FS‖
i is the spring force ensuring equal spacing of the images:

FS‖
i = k (|Ri+1−Ri|− |Ri−Ri−1|) τ̂i (3.78)

τ̂i is the tangent at one image pointing in the direction of the product. In the original NEB
method the tangent was estimated from the two nearest images Ri−1 and Ri+1. The most
simple way is the normalized line segment between the two images:

τ̂i =
Ri+1−Ri−1

|Ri+1−Ri−1|
(3.79)

A slightly better solution is the normalization of the vector τi (τ̂i = τi/ |τi|) produced by
cutting the two unit vectors in half:

τi =
Ri−Ri−1

|Ri−Ri−1|
+

Ri+1−Ri

|Ri+1−Ri|
(3.80)

Further analysis of the tangents of the images revealed that sometimes kinks can occur.
Therefore, in a new implementation of the NEB an improved approach is proposed for esti-
mation of the tangent of the NEB-images [203]. Instead of using both adjacent images, only
the one with higher energy (V ) is used.

τi =

τ
+
i if Vi+1 >Vi >Vi−1

τ
−
i if Vi+1 <Vi <Vi−1

(3.81)

with
τ
+
i = Ri+1−Ri ,and τ

−
i = Ri−Ri−1 (3.82)

If both images are either lower or higher in energy, the tangent is taken as a weighted average
of the two vectors.

τi =

τ
+
i ∆V max

i + τ
−
i ∆V min

i if Vi+1 >Vi−1

τ
+
i ∆V min

i + τ
−
i ∆V max

i if Vi+1 <Vi−1

(3.83)

with
∆V max

i = max(|Vi+1−Vi| , |Vi−1−Vi|) (3.84)

and
∆V min

i = min(|Vi+1−Vi| , |Vi−1−Vi|) (3.85)
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Finally, the tangent is normalized as shown above.
When investigating MEPs, the saddle point is of particular interest. In the normal NEB,
the images tend to slip down to the starting points. This leads to the smallest density of
images near the saddle point. To avoid this problem, the Climbing Image (CI) NEB was
developed. [204]

In this method, the image highest in energy (image l) is taken as the best estimate of the
saddle point. It does not feel a spring force during optimization and climbs to the saddle
point by a reflection of the force along the tangent:

FCI
l = Fl−2Fl · τ̂iτ̂i (3.86)

An overview of the NEB method with a comparison of methods for finding minimum energy
paths was given by Sheppard in 2008. [287]

Trygubenko and Wales [205] proposed a Doubly Nudged Elastic Band (DNEB) which should
perform better for MEPs with very large forces. It adds a further spring component perpen-
dicular to the path.
The component of the spring force is calculated with

FS
i = k [(Ri+1−Ri)− (Ri−Ri−1)] (3.87)

and the component perpendicular to the tangent is taken as

FS⊥
i = FS

i −FS
i · τ̂iτ̂i (3.88)

The DNEB force is then the component of the FS⊥
i orthogonal to F⊥i

FDNEB
i = FS⊥

i −FS⊥
i ·F⊥i F⊥i (3.89)

The addition of this force to the complete NEB force (for all images but the climbing image)
is the DNEB method:

FNEB
i = F⊥i +FS‖

i +FDNEB
i (3.90)

Carr et al successfully applied the DNEB approach together with algorithms to find con-
nected pathways for reactions with many intervening transition states. [124,207]

3.5 Tabu-Search optimization

An overview of Tabu-Search algorithms was given in the PhD thesis of Svetlana Stepa-
nenko. [288] The following section is based on this thesis, recent publications of our
group, [52,153–155] and the text book "Stochastic Global Optimization". [8]

The TS method is a metaheuristic algorithm which was first proposed by Glover. [43,44,289]
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TS belongs to the local search techniques with the possibility to escape the trap of a local
optimum. It can be implemented as a deterministic procedure. When the TS is supported
by probabilistic diversification parts it can be further modified to a stochastic algorithm. [8]

The algorithm usually employs a steepest descent - modest ascent strategy. The closest lo-
cal optimum is located following the direction with the biggest function decrease, while a
local minimum is left by following the modest ascent direction of the closest neighborhood.
Usually, only a subset of the neighborhood is searched for the modest ascent, as a complete
exploration would slow down the method.
The main feature of the TS algorithm is the adaptive memory design which allows for a re-
sponsive exploration. [8] This way, the TS algorithm can recognize solutions that have been
visited before. A new solution is only allowed if it is not included in the so-called Tabu-List
(TL) which summarizes recently visited solutions. Therefore, all new solutions have to be
compared to the previous ones. Once a new solution is accepted, it is also added to the TL. In
the most simple approach, TS combines the local search method with anti-cycling memory-
based rules (i.e. the TL). This prevents the search from getting trapped in a local minimum.
After a local minimum is located, the next neighbor can be located by an uphill move. As the
downhill move to the previous minimum is already set tabu, the search has to continue with
uphill moves until the minimum is left. Thus, an important parameter is the size of the TL. It
determines the number of moves which are set tabu and therefore determines for how long a
solution is not allowed to be visited again. Usually, the TL is organized with the First In First
Out strategy. An increasing size of the TL on the one hand reduces the probability of getting
trapped in a minimum but on the other hand limits the search. Therefore, the optimal size
has to be determined depending on the problem under investigation. Besides the TL further
concepts like Tabu-Directions and Tabu-Regions can also be employed. [153]

To avoid a too strict prohibition of solutions due to the TL, further aspiration criteria can be
implemented. The most simple criteria is the acceptance of solutions with a better function
value than the current best solution independently from the TL.
Other important aspects are the intensification and diversification. Intensification is meant to
intensify the search within a certain region. In general, it can be carried out in two ways. On
the one hand, the search can be focused on promising attributes of the solution space. On the
other hand, attractive regions can be revisited for further investigation.
The diversification search is used in the completely opposite direction. It is used to guide
the search towards new unexplored regions. The most simple approach is the restart of the
search from a new randomly obtained solution. More sophisticated approaches generate a
new solution with information from previous solutions from a long-term memory.
Several different implementations of TS algorithms are developed and some of them are des-
cribed in the following. Battiti and Tecchiolli described the reactive TS, [290,291] where the
TL is dynamically adapted. A fast operating mechanism is used to increase the size of the TL
when cycling occurs, and a slow mechanism is used to decrease the size when insufficient
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moves are allowed. The continuous reactive TS is a generalization of the reactive TS.
The directed TS described by Hedar and Fukushima [292] employs three different search
strategies: exploration, diversification and intensification. It can be seen as a multi-start
method. For local search, the Nelder-Mead (also known as downhill simplex method) or
the Adaptive Pattern Search are used for generating trial solutions for the exploration pro-
cedure. The exploration and diversification search are repeated before the intensification
starting from the best solutions is begun. Furthermore, the concepts of tabu-regions, semi-
tabu regions, and multi-ranked TL were introduced.
Siarry and Berthiau described the continuous TS [293] for optimizing functions of continuous
variables. The enhanced continuous TS [294] described later is an improvement of the con-
tinuous TS by introducing diversification and intensification concepts into the approach of
Siarry et al. [293] The enhanced continuous TS follows the basic approach of Glover as close
as possible. After a diversification step to localize the most promising regions, the intensifi-
cation is used to identify the best solution within this area.
In the Engels group, the new TS algorithms Gradient Tabu Search (GTS), [153] Gradient Only
Tabu Search (GOTS), and Tabu Search with Powell’s Algorithm (TSPA) [154] were described.
GTS employs gradients for a fast localization of the closest minimum, while analytical diag-
onal elements are used in the modest ascent part. [153] In the GOTS approach, the diagonal
elements of the Hessian are replaced by a grid of function values to avoid the calculation of
the second derivatives. The TSPA further neglects the gradients for local optimization by
the implementation of Powell’s algorithm which only employs function values. [154,269] In
comparison, the GOTS approach seems to be the most promising approach. Therefore, it
builds the basis of the present thesis.
Currently, the field of applications of TS algorithms is gaining importance. An overview is
given in ref. 288 and 8. Very recently, Shen et al. applied a modified TS to the variable se-
lection for developing an analysis system in QSAR studies. [295] Here, a mechanism to share
information about the best position of all iterations and the personal position is introduced
into the generation of new neighbor solutions. Furthermore, TS algorithms are applied to
protein structure predictions as described by Zhang et al. [296] and Dotu et al. [297] Rusu and
Wriggers presented the VolTrac method, a combination of a genetic algorithm and a bidi-
rectional expansion with a TS approach. The new algorithm is used to trace alpha helical
structure elements in cryo-electron microscopy. [298,299]

The examples listed above, as well as the comparison of GOTS to other well-known global
optimization algorithms, outline the efficiency of TS approaches. The most important aspects
for efficient TS algorithms is a proper choice of starting structures, an efficient diversification
procedure, a powerful modest ascent part and a proper implementation of Tabu restrictions
rules. Among other things, the present work investigates how the starting structure, the diver-
sification search, and the modest ascent part can be improved in comparison to the original
GOTS approach.
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4 Method development

A main topic of this work was the development and improvement of Tabu-Search based
global optimization algorithms, as well as the development of new approaches for their ap-
plication. The new developments and implementations are described in the following chap-
ter. It starts with a description of the general design of the Conformational Analysis and
Search Tool (CAST) in subsection 4.1. Most of the algorithms described in this work were
implemented into the CAST program. The next subsection describes the new Tabu-Search
based algorithms in more detail (subsection 4.2) and subsection 4.3 presents a new approach
for the solvation of molecules. This is followed by the description of a new algorithm for
determining reaction pathways (subsection 4.4). The section concludes with the presentation
of graphical user interface (GUI) developments (subsection 4.5).

4.1 Development of the Conformational Analysis and Search Tool -
CAST

4.1.1 General design of the software

The Conformational Analysis and Search Tool is written in C++ in an object-oriented way
to offer a flexible and modular work environment. An overview of important functionalities
is given in Figure 4.1. Of course the flowchart only contains an overview and not all the
capabilities of the program.

Conformational
Analysis and Search Tool

Local search algorithms
• Local optimization
• Transition state search
• Single point and

gradient calculations

Analysis tools
• Center of mass

or molecule
• RMSD calculations

• StartOpt

Global search algorithms
• Tabu-Search

• Molecular Dynamics
• Basin Hopping
• Umbrella Sampling

Figure 4.1: General design of the Conformational Analysis and Search Tool (CAST).

To allow for the best possible portability, the implemented algorithms are encapsulated into
classes. Thus, the different approaches are easily interchangeable between different algo-
rithms. The main class (Energy_all) contains all information on the coordinates and em-
ployed force fields. In the beginning, this class is initialized with all necessary information
(coordinates, force field parameters, ...). Afterwards, the concerning classes for force field
calculations are initialized. The main features can be divided into local search algorithms,
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global search algorithms, and analysis tools. Currently, CAST contains several local opti-
mization algorithms like Steepest Descent, Conjugate Gradient, and the L-BFGS algorithm.
Furthermore, the Nudged Elastic Band (NEB) and the Dimer method are implemented for
transition state search. Of course, simple energy and gradient calculations are also possible.
The global optimization algorithms are mainly based on the Tabu-Search approach proposed
by Svetlana Stepanenko [153–155] and further improved and modified within this work. In ad-
dition, other algorithms like Molecular Dynamics, Umbrella Sampling, and Basin Hopping
are implemented. Finally, several tools are implemented which allow for data analysis like
the StartOpt algorithm, [46–48] RMSD calculations, calculation of center of mass/molecule,
or the determination of stereogenic centers. Most force field calculations can be performed
with the internal force field implementations. Currently, the OPLS-AA, Charmm22, Am-
ber99, and Amoeba force field are supported. The main class also contains interfaces to
other programs, which were implemented to enlarge the functionality of the program. The
interfaces include MOPAC, DFTB+, TeraChem, Tinker, and OpenBabel and are described
below in more detail. In the following, different aspects of the CAST program with their
implementations are extensively described.

4.1.2 Force field implementations

The original Gradient Only Tabu Search (GOTS) algorithm developed by Svetlana Stepa-
nenko employed the conformational search calling the ChemShell program via different perl
scripts. Thus, the necessary information is always written onto the hard drive disc. As force
field calculations are usually very fast, most time is spent on writing and reading data. Fur-
thermore, the communication with explicitly called perl scripts is rather slow.
The program package Tinker can be compiled as a library and linked to the main program.
Thus, external perl scripts are not necessary. Tinker provides a huge number of force fields
and algorithms. Therefore, the first step in optimizing the Tabu-Search was the implementa-
tion of Tinker. The modified version of Tabu-Search which uses Tinker for energy calcula-
tions instead of ChemShell already increased the speed up to 30 times. A detailed compari-
son of the different Tabu-Search versions is given in the Appendix in Table A.4. The original
ChemShell version is not included as the calculation took too long. The Tabu-Search using
Tinker is already reasonably faster than the original version. However, communication is still
mainly done via hard disk drives. Therefore, the amount of CPU time spent for input/output
(I/O) is measured using the procedure described below (see page 53). The tests revealed
that I/O consumes a lot of CPU time for this version of Tabu-Search. Therefore, most of
the I/O was removed by implementing the communication between Tinker and Tabu-Search
using internal variables. This speeds up the program, especially when Basin Hopping is used
within the diversification of Tabu-Search (for more detail about the algorithm see section
4.2).
Tinker is a very modular program and a lot of functionalities are not needed for the Tabu-
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Search purposes. Therefore, the development of a new force field implementation was ini-
tiated. The final OPLS-AA based force field (FORCE, see benchmark in appendix A.4) has
a much better performance than the version using Tinker for energy calculation. The force
field employed the equations given in subsection 3.2. For simplification the source code is
not shown here. At this point, Basin Hopping calculations are still done by calling the Tin-
ker program. Therefore, the Tabu-Search without Basin Hopping diversification had a faster
speedup, while the Tabu-Search-BH algorithm is still much slower.
The good results in the acceleration of Tabu-Search resulted in the development of a new
molecular mechanics program called CAST (Conformational Analysis and Search Tool).
The Tabu-Search program was reimplemented and optimized within the new program. Like-
wise, the Basin Hopping approach was implemented into CAST. Furthermore, the force field
was also optimized during the F-Praktikum of Daniel Weber. [300] The results of the bench-
mark can be found in Table A.4. The great speedup of the new program can be seen very
easily (up to more than 100 times as fast). However, the computational times needed for
rather big systems (1UBQ in the benchmark) are still extremely long. This results from the
inefficient scaling of the original modest ascent strategy of GOTS.
Therefore, the modest ascent strategy of Tabu-Search was improved by the adaptation of
the Dimer-method. [198–200] For more detail see section 4.2. For smaller systems the Tabu-
Search algorithms need similar resources because the original neighborhood search still con-
verges reasonably fast. However, for bigger systems like 1UBQ, the Tabu-Search-Dimer
approach is much faster (speedup by a factor of up to 40 within the benchmark).

Measurement of CPU time spent for I/O The described procedure gives a rough estimate
of the amount of I/O the program produces. It is not an exact value as the program cannot
work without any I/O. However, if I/O is a bottle neck in the program it can be found through
this procedure.

1. You have to check whether the programs iostat and time are installed on your system.

2. Choose a hard disk drive (HDD) which is not used by any other process. NOTE: It
really has to be a single HDD, a partition is not enough.

3. The program under investigation has to be run on this HDD. And remember: NO other
process may write or read to or from this HDD.

4. Call iostat and write down the output for your HDD (e.g. sda, sdb...)

5. Call your program using time to get the CPU-time the program requires and write it
down.

6. After the program has finished, call iostat again and write down the new values.
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7. iostat gives you the number of blocks which were written and read from this HDD
since mounting. Therefore, the difference between the values before and after execut-
ing the program is taken.

8. Find out the block size used on your HDD. E.g. for ext3 one can use dumpe2fs to
obtain the block size. Normally, a block size of 4096 byte is typical (but it has to be
checked anyway).

9. The small program called seeker written in C [301] gives you the number of blocks
written to your HDD per second as well as the time needed to read one random block.

10. The blocks per second have to be converted into kB/sec (taking into account the block
size from step 8).

11. Convert the written blocks (from step 7) to written kB and calculate (with the writing
rate in kB/sec) the time needed to write this amount of block in seconds. THIS IS
YOUR CPU TIME NEEDED TO PRODUCE THE OUTPUT.

12. seeker gives you a value for reading speed in ms/block. Therefore, you can calculate
the time needed to read this amount of blocks. THIS IS YOUR CPU TIME NEEDED
TO RECEIVE INPUT.

13. Subtract the OUTPUT and INPUT time from the overall CPU time (from step 5). THIS
IS THE CPU TIME THE PROGRAM NEEDS (THEORETICALLY) WITHOUT IO.
Divide it by the total CPU time. Now, you have a scaling factor for calculating the
CPU time which would be needed if no IO is produced.

4.1.3 Interfaces

Currently, CAST contains three interfaces for semi-empiric and ab initio programs as well
as two interfaces for force field libraries. MOPAC [302] and DFTB+ [303] are interfaced for
semi-empiric calculations, while TeraChem [304] is used as an ab initio program. Further
force fields are provided by Tinker [37,250,305–308] and OpenBabel [309,310]. The interfaces
to MOPAC and DFTB+ are implemented via system calls to the concerning executables.
The necessary information is exchanged via files on the hard disk drive. Usually, when
semi-empiric calculations are used most time is spent within the semi-empirical program.
Therefore, the interface based on system calls is sufficient. The situation is different for
TeraChem, as a lot of time is spent on initializing the hardware (i.e. GPUs) and therefore it
is preferable to initialize the program only once. More details are given in subsection 4.1.4.
The main task of the interfaces is to manage the correct communication between the two
programs. CAST needs either energy values, energy and gradient information, or local opti-
mizations. Therefore, CAST has to provide correct input files for the different programs and,
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after the desired task is done, it has to extract the obtained data from the output files. These
subroutines are implemented in the class Energy_all (see Listing 4.1). For each calculation
(energy, energy&gradient, local optimization), a public subroutine is implemented which
can be called throughout the CAST program. The complete data conversion and extraction
is done by private subroutines. First, the information of coordinates used in CAST has to
be converted into the proper file formats. MOPAC uses standard Cartesian coordinates with
several lines for MOPAC specific input information like the employed method. DFTB+
supports its own file format, the so-called gen format. The subroutines extractenergy and
getgradients evaluates the output files of MOPAC and DFTB+, respectively, and extracts
the energy values and gradients. Finally, the information is given back to the calling
subroutine within CAST. Thus, changes to the interface can easily be made in the main
class. Furthermore, new programs can be interfaced quite easily.
In contrast to MOPAC, DFTB+, and TeraChem, Tinker and OpenBabel can be compiled
as libraries. Tinker is written in Fortran while OpenBabel is written in object-oriented
C++. Therefore, all required subroutines can be directly called from the program by linking
CAST against the desired libraries. The main program only has to provide subroutines
for the communication between the program and the library. In the case of Tinker, these
subroutines have to be declared by extern "C" as Fortran subroutines have to be called
by a C++ program. OpenBabel is also written in C++ which makes the implementation
more easy and straightforward. The source code of the interfaces is not shown here, but
all subroutines calling Tinker or OpenBabel are placed within the Energy_all class. A
documentation about the development with OpenBabel is given in the API of OpenBabel
2.3.0. [311]

Listing 4.1: Subroutines for implementing the interfaces to MOPAC and DFTB+. The subroutines

are implemented in the class Energy_all.

1 class Energy_all {

2 private:

3 ...

4 //! DFTB+

5 void xyz2gen();

6 void gen2xyz();

7 double extractenergyDFTB();

8 void dftbgetgradients();

9 //! MOPAC

10 void tinkertomopacopt();

11 void tinkertomopacsingle();

12 void tinkertomopacgrad();

13 void mopactotinker();

14 double extractenergyMOPAC();

15 void mopacgetgrad();

16 public:
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17 ...

18 //! subroutines for dftb+

19 double dftbopt();

20 double dftbgrad();

21 double dftbenergy();

22 //! subroutines for MOPAC

23 double mopacopt();

24 double mopacgrad();

25 double mopacenergy();

26 };

4.1.4 Interfacing TeraChem via MPI

Usually, ab initio calculations are by far too expensive for global optimizations. However,
recent advances in accelerating ab initio calculations using graphical processing units (GPU)
have reached a point where a global optimization is affordable. To allow for an efficient com-
munication between the GPU-accelerated ab initio program TeraChem [304] and the CAST
program, an MPI (Message Passing Interface) based interface between these two programs
was implemented. The development was done in cooperation with the group of Todd Mar-
tinez at the university of Stanford. A flowchart of the interface can be found in Figure 4.2.
The communication process is based on a server-client connection. CAST serves as the
server which manages the communication ports. TeraChem deals as a client and waits for
assignments from CAST. CAST as well as TeraChem are started with MPI support. After the
MPI_Communicator and MPI_Status variables are declared in the main function of CAST,
the connection between CAST and TeraChem is established. From now on, TeraChem waits
for a tag sent by CAST. Four different tags were implemented. tag=0 will stop the con-
nection and clear all data properly. This tag is sent at the end of the program. tag=1 calls
for an energy calculation of TeraChem while tag=2 calls for energy and gradients. In prin-
ciple, CAST could perform all other calculations including local optimizations. However,
it has been found that the performance is much better when the local optimization is done
within TeraChem. Therefore, tag=3 asks for a local optimization within TeraChem. The bet-
ter performance mainly comes from a faster convergence of the self consistent field (SCF)
calculations as molecular orbital information like coefficients can be stored and reused.

4.1.5 Analysis tools

The huge amount of information obtained by conformational search studies and the partially
very complex systems make it necessary to employ a set of analysis tools. CAST provides
classes for the calculation of root mean square deviations, the calculation of different cen-
ters of molecules as well as the determination of stereogenic centers. The algorithms are
described in the following.
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Figure 4.2: MPI-based interface between TeraChem and CAST.
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Root Mean Square Deviations The root mean square deviations (RMSD) are used to
calculate the deviation of a test point to a reference point. They can be used to compare
single atoms, groups or the complete system. By calculating the RMSD for each point of a
trajectory, the dynamical deviation of a system can be investigated. The larger the RMSD, the
bigger the deviation from the reference point. The most simple case is the RMSD calculation
for a molecule in Cartesian space. There, the squared difference in the Cartesian coordinates
for each atom is calculated. This value is normalized by the number of atoms and the root is
taken (see Equation 4.1).

di j =

[
1
N

N

∑
k=1

(
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k− r j
k

)2
]1/2

(4.1)

Comparing the RMSD of conformations, the Cartesian RMSD value is not the best choice.
Two structures which are conformationally very close but have different geometric centers
will display a very high RMSD. Of course, these two structures could be aligned before
calculating the RMSD. This is indeed useful for data analysis. However, within a conforma-
tional search, it is not desirable to align each structure. Therefore, it is preferable to calculate
the RMSD in internal dihedral coordinates. The principle is the same. Solely the periodic
nature of dihedral angles has to be taken into account. This is implemented by Equation 4.2.
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The different RMSD variants are implemented in the class RMSD (see Listing 4.2).

Listing 4.2: Class definition for calculating RMSD values.

1 class RMSD {

2 private:

3 ...

4 public:

5 ...

6 //! RMSD in internal dihedral coordinates

7 double rmsddihedral(double*, double*,int&);

8 double rmsddihedral(Vec_DP&, Vec_DP&,int&);

9 double rmsddihedral(std::vector<double>&, std::vector<double>&);

10 //! RMSD in Cartesian coordinates

11 double rmsdcart(double*, double*,int&);

12 double rmsdcart(Vec_DP&, Vec_DP&,int&);

13 double rmsdcart(Vec_DP&, std::vector<double>&,int&);

14 double rmsdcart(std::vector<double>&, std::vector<double>&);

15 };
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Center of Mass/Molecule It is often important to determine the center of a given system.
In principle, two different centers can be calculated, the geometric center and the center of
mass. The geometric center is simply the Cartesian middle point of the molecule (Equation
4.3).

< rgeometric >=
∑

Natoms
i=1 ri

Natoms
(4.3)

Often, the center of mass is also important. It can be calculated by mass weighted coordinates
as given in Equation 4.4.

< rmass >=
∑

Natoms
i=1 (mi · ri)

∑
Natoms
i=1 mi

(4.4)

Both possibilities are implemented in the class Center (see Listing 4.3). The subroutines for
calculating the concerning centers use a bool variable as an argument. True translates the
molecule to the calculated center while false does not change the system at all.

Listing 4.3: Class definition for center of mass/molecule.

1 class Center{

2 private:

3 Coord::coordinates* coords;

4 struct coord{

5 double X, Y, Z;

6 double Rmin, Rmax;

7 };

8 int natoms;

9 int natomsforcenter;

10 double totalmass;

11 std::vector<double> distvect;

12 public:

13 Center(Coord::coordinates* coords, int);

14 void Centerofmass(bool);

15 void Centerofmolecule(bool);

16 void distance(coord*);

17 void translatetocenter(coord*);

18 void writetinker();

19 coord CoM;

20 coord CoMol;

21 };

Stereocenter identification Many organic molecules contain stereogenic centers, e.g. a
tetrahedral coordinated atom with four different ligands. These centers cannot be inter-
changed by simple conformational changes. However, many algorithms are able to invert
a stereogenic center, especially the Basin Hopping approach implemented as diversification
part within the Tabu-Search (subsection 4.2). Therefore, it is necessary to locate such centers
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and fix them during a conformational search. An illustration of a stereogenic center is given
in Figure 4.3.

Figure 4.3: Scheme of a stereogenic center with the central atom Z. The atoms A to D have a different
priority according to the CIP-rules. [312] The rhombic prism defined by the atoms A, B, C is used for

classification of stereogenic center.

Listing 4.4: Class definition for determining and checking the stereocenters.

1 class StereoCheck {

2 private:

3 struct stereocenter{

4 int central_atom;

5 int SubsA, SubsB, SubsC, SubsD;

6 int orientation;

7 double CA[3], CB[3], CD[3];

8 };

9 bool checkneighbours(stereocenter atom);

10 public:

11 StereoCheck(Coord::coordinates &coords);

12 Coord::coordinates* coords;

13 void getStereoCenters();

14 void getStereoDirections();

15 bool compareStereo(std::vector<stereocenter> &stereo_centers);

16 std::vector<stereocenter> stereo_centers;

17 };

To specify the orientation of a stereogenic center, the vector pointing from the plane BCD to
the atom A is used. In the beginning of a search, the direction of this vector is determined.
During the conformational search, the vector is not allowed to change its direction which
would be equal to an inversion of the stereogenic center. The vector from the plane BCD
to atom A is calculated using a triple product (Equation 4.5). The triple product gives the
volume of a rhombic prism. The sign of the volume also gives the direction of the vector. As
it is not necessary to determine each stereogenic center and classify it according the IUPAC,
but only to determine the relative changes in the configuration, this information is sufficient.(

~CB× ~CD
)
· ~CA (4.5)

-60-



4 METHOD DEVELOPMENT

The stereocheck is implemented after each optimized Basin Hopping step and after each
local optimization in the Tabu-Search part. The class definition can be found in Listing 4.4.

4.1.6 Local optimization libraries

The local optimization algorithm is a crucial step in the global optimization within Tabu-
Search. Therefore, an efficient approach is desired. The easiest way is the use of a library
providing the necessary algorithms, as code debugging and maintenance of the algorithms
is done by the distributor. One very popular collection of numerical approaches is the Nu-
merical Recipes [269] providing code examples in C++. Using the third edition of Numerical
Recipes, the algorithms Steepest Descent (SD) and Davidon-Fletcher-Powell (DFP), a quasi-
Newton method, were implemented.
However, the Conjugate Gradient (CG) and Broyden-Fletcher-Goldfarb-Shanno (BFGS) al-
gorithms provided by the numerical algorithm library ALGLIB [313] offer a better perfor-
mance than the algorithms of Numerical Recipes. Of course, different combinations like a
short optimization with SD or CG prior to an optimization with the more efficient BFGS
algorithm are also possible.
For very large optimization problems, memory requirements become a problem for Newton
and quasi-Newton methods. Therefore, the limited memory BFGS (L-BFGS) algorithm is
much more efficient as it avoids the storage of the Hessian matrix. The L-BFGS library
written in C provided by Naoaki Okazaki [314] is implemented into the CAST program and
resulted in the best performance. Currently, this algorithm is the default choice for all opti-
mization problems within the CAST program.

4.1.7 Transition state search algorithms

The localization of transition states (i.e. saddle points of first order) is of paramount im-
portance for the understanding of reaction mechanisms. Two different methods have been
implemented into the CAST program, the nudged elastic band (NEB) and the Dimer method.
The NEB method belongs to the chain-of-state methods. A detailed description of the algo-
rithm is given in subsection 3.4.3. The NEB method is used to calculate a minimum energy
path between an initial and a final state. The algorithm is implemented into the class NEB

and is initialized with a reference to an instance of the Energy_all class. The different vari-
ants of NEB (climbing image NEB, use of a better tangent estimation, doubly nudged elastic
band) are specified by bool variables. An instance of this class is also used in the first step
of the PathOpt algorithm (subsection 4.4). Tests of the algorithms are given in section 5.6.
A main bottleneck of the NEB method is the exact localization of the transition state. How-
ever, this can be done efficiently by the single-ended Dimer method (for a detailed descrip-
tion see subsection 3.4.2). Two different variants of the Dimer method have been imple-
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mented. The original algorithm proposed by Henkelman [198] and a new variant in internal
dihedral coordinates for an adaptation to the Tabu-Search (see subsection 4.2 for more de-
tail about this method). The implemented algorithm following the publication of Henkel-
man [198] employs Cartesian coordinates. The algorithm can either be initialized with a ran-
dom vector or a vibrational frequency vector for building up the Dimer. In the first case,
the Dimer method contains statistical elements and converges to different transition states
depending on the initial random vector. In the latter case, the algorithm always converges
to the same saddle point of first order. The order of the saddle points was assigned by a
frequency analysis with the program vibrate of Tinker program package. [37,250,305–308] The
Dimer method in Cartesian coordinates is used within the PathOpt algorithm (subsection 4.4)
for optimization to the closest transition states. An application example of this approach is
given in subsection 5.6. The Dimer method in internal dihedral coordinates is used within
the Tabu-Search and is discussed there (subsection 4.2).

4.1.8 Docking and X-Ray refinement module

The goal of this project was the establishment and testing of an algorithm for optimizing
the orientation of a ligand within the active site of a protein. The project was partially done
by Sebastian Brickel [315] and Lukas Pason [316] in the course their Bachelor theses. The
flowchart of the complete algorithm is given in Figure 4.4. The CAST program requires
force field parameter files in Tinker format. Therefore, the first step of the program is the
conversion of force field files provided by e.g. the program NAMD [317] into a readable for-
mat for CAST.
The orientation of the ligand within the active site is influenced by the non-bonded interac-
tions of the surrounding enzyme and water molecules. Therefore, when a ligand should be
docked into an active site, these interactions have to be included. Usual docking algorithms
employ empirical scoring functions to score the quality of a ligand pose. [318] In contrast, the
global optimization with CAST uses force field energy functions. To reduce the computa-
tional effort, only the ligand and the closest surrounding is taken into account. Amino acids
and water molecules that have previously been cut out have to be completed to describe the
system properly. The tertiary structure of the enzyme should be retained. Therefore, parts
of the protein surroundings have to be fixed during the global optimization. To account for
flexible docking (induced fit) and reorientation of water molecules, parts of the enzyme and
water can be allowed to relax after a minimum has been left. However, during the modest as-

cent of Tabu-Search, only the ligand is varied. After the ligand orientation is optimized, the
new orientation is placed back into the complete protein for further calculations. Besides, the
obtained data can be analyzed due to e.g. specific water-enzyme interactions, RMSD values
of the systems, or different ligand orientations.
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Figure 4.4: Flowchart of the algorithm for performing global optimizations of ligand orientations
within an active site of an enzyme.
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4.2 Development of new Tabu-Search based global optimization algo-
rithms

4.2.1 Implementation into CAST

The original Gradient Only Tabu Search (GOTS) developed by Svetlana Stepa-
nenko [153,154,288] was implemented into the CAST program. Thus, the code was optimized
and encapsulated into its own class. The implementations of the Tabu restriction rules were
unchanged. Besides a general reimplementation of the Tabu-Search algorithm in object-
oriented C++, the optimization included for example:

• Elimination of the perl scripts for calling ChemShell and coordinate conversion. These
were replaced by C++ subroutines.

• Switching from ChemShell to internal force field implementations.

• Internal converter between Cartesian and internal coordinates.

• Removing unnecessary I/O as described in subsection 4.1.2.

The object-oriented implementation now allows for an easy modification of different subrou-
tines like the diversification search or the modest ascent. The improvements are described
below. Figure 4.5 shows the general flowchart of the Tabu-Search algorithm as implemented
in CAST. During conformational search studies, fixations often have to be applied. The
Tabu-Search implementation allows one to fix an atom in Cartesian coordinates during the
complete search or to fix it only during the modest ascent part and let it relax in the steepest

descent strategy. This allows for a relaxation of the fixed atoms into a new situation. The
fixations for the modest ascent part are assigned during its initialization.
The optimizations within the Tabu-Search algorithm comprises three different topics:

• Efficient buildup of starting structures.

• Improvement of the diversification search.

• Better and more efficient modest ascent search.

These points are described in the following in more detail.

4.2.2 Basin Hopping and StartOpt

The improvements to Tabu-Search described in this subsection are published in ref. 52.
The comparison of the efficiency of different global optimization algorithms with the Tabu-
Search algorithm [52] revealed the slightly better performance of Basin Hopping in compar-
ison to GOTS. Basin Hopping is a very wide scanning algorithm while the Tabu-Search is
more efficient in the closer neighborhood. Therefore, the combination of the two algorithms
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Figure 4.5: Flowchart of the latest Tabu-Search algorithm implemented in CAST combining all
implemented modifications.

is expected to be be much more efficient. The benchmark indeed showed that the GOTS-
BH algorithm is much more efficient than the other algorithms. [52] More details about the
application example can be found in subsection 5.2. Here, the implementation of the Basin
Hopping algorithm into the Tabu-Search approach is described in more detail.
Basin Hopping is a Monte Carlo based algorithm. The difference between simple Monte
Carlo and Basin Hopping is illustrated in Figure 4.6. Before evaluating the Metropolis cri-
teria to decide whether a trial point is accepted as new starting point or not, the trial point
is minimized to its local minimum (i.e. basin). Thus, the probability of locating a low ly-
ing minimum is enhanced dramatically. The Tabu-Search itself is a locally very efficient
algorithm. Therefore, rather wide random steps can be performed in the Basin Hopping
sequences.

When applied to conformational search, the random steps can either be performed in Carte-
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(a) Monte Carlo (b) Basin Hopping

Figure 4.6: Comparison of simple Monte Carlo and Basin Hopping.

sian or internal coordinates. When using random steps in Cartesian coordinates (default
value at the moment), all coordinates are varied at the same time. For random steps in inter-
nal coordinates, only dihedral angles are varied (see Equation 4.6). For definition of dihedral
angles, the concept of Echenique and Alonso is applied. [319] Thus, a small random number
m is calculated which determines the number of angles to be varied. Then, m random main
dihedral angles k with their concerning dependent dihedrals are varied about a random step.
In principle, Basin Hopping in internal coordinates should be more efficient. However, a
detailed comparison between the two implementations was not performed.

m =− log{max(Rand[0;1],0.0001)}+1

k = int {N(main dihedrals) ·Rand[0;1]}
(4.6)

Often, BH finds a better minimum in the very first steps. However, experience revealed that
the performance is improved when at least a small number of BH steps (10 BH steps in the
recent implementation) is performed. As soon as a better non-Tabu minimum is found as
the starting point, the BH sequence is stopped and Tabu-Search starts gain from this new
structure. A maximum number of 100 BH steps is set for diversification runs. When no
better structure is found after 100 BH steps, the last structure is taken if it is not already tabu.
Otherwise, the BH search is continued for 80 steps. This is repeated with 60, 40, and 20 BH
steps. If still no better or non-Tabu structure is found, the Tabu-Search is continued anyway
from the last structure.
One disadvantage of the Basin Hopping algorithm is an easy inversion of a stereo center.
Therefore, each structure found during the BH sequences is checked for all specified stereo-
centers. Steps, where a center was inverted, are rejected and the last point is taken again for
a random step.
Besides the Basin Hopping algorithm, the use of reasonable starting structures can also
increase the performance. [52] These structures can be obtained by the StartOpt algo-
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rithm [46–48] and can be used as starting points of the global optimization as done in the
benchmark of different search methods. [52] However, the structures can also be used directly
within the diversification search as new start points during the Tabu-Search. The desired
structures have to be provided with the starting structure. During the diversification search,
the program checks for alternative starting points. If new structures are provided, the algo-
rithm takes these structures as new starting points. Otherwise, a Basin Hopping search is
initialized. The different subroutines of the StartOpt algorithm are already described else-
where. [46–48]

4.2.3 Dimer-Method

The original neighborhood search of GOTS employed a grid of energy function evaluation
around the current point to determine the modest ascent. The direction with the lowest func-
tion increase is followed until the minimum is left. A detailed description of this algorithm
can be found in the doctoral thesis of Svetlana Stepanenko. [288] A detailed performance
investigation (see ref. 52 and Table A.4), however, revealed that the original modest ascent
strategy is too inaccurate and inefficient. Therefore, as part of this work, a new approach was
investigated. The Dimer-method [198–200] described in previous chapters is a single ended
transition state search algorithm which only requires first derivatives and has a very efficient
scaling behavior. Therefore, the Dimer-method was adapted to the Tabu-Search methodol-
ogy. The implementation is also described in ref. 320.
In conformational search, the dihedral coordinates involving single or hydrogen bonds repre-
sent the softest degrees of freedom. It is therefore quite natural to vary only these coordinates
in the modest ascent part of the Tabu-Search. The exact determination of the modest ascent
as well as the transition state is, furthermore, not necessary as the Tabu-Search only needs
to leave a minimum very quickly. This allows for rather large step sizes. The theory of the
Dimer-method was already described in subsection 3.4.2. In the following subsection, de-
tails about the implementation into Tabu-Search are discussed.
A very important aspect is the proper definition of dihedral angles. Thus, the principle of
Echenique and Alonso was followed, [319] which ensures a proper rotation of groups. The
definition is straightforward for molecules. However, in larger molecular clusters it has to
be guaranteed that the dihedral angles are defined between atoms in close proximity. To
ensure the proper indexation of the dihedral angles, it is first checked whether indices of
connected atoms can be used (which is the preferred situation as a dihedral angle between
connected atoms is more natural). Thus, only atoms with lower atomic index numbers can
be used. If no connected atom is present, the closest atom is taken by checking inter-atomic
distances. During the steepest descent - modest ascent steps, the distances between atoms
change. Therefore, the indexation is created during each initialization of the modest ascent

part. At this point the fixations during the modest ascent are assigned as well. In contrast
to optimization in Cartesian coordinates, several dihedrals can move an atom. Therefore,
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all dihedral angles depending on a fixed atom have to be fixed as well. Even with a careful
definition of dihedral angles, atomic centers can sometimes come too close to each other.
Therefore, a step-scaling routine was implemented which checks for inter-atomic distances
which are too small. In such cases, the steps within the Dimer method are scaled down.
To employ the Dimer-method in torsional space, dihedral derivatives have to be used. Usu-
ally, the gradients are given in Cartesian coordinates. Therefore, the Cartesian gradients have
to be converted into torsional derivatives. This is done by a projection of the Cartesian co-
ordinate onto the torsional angle components. A torsional angle is defined by four atoms A,
B, C, D. The two central atoms (B, C) define the rotatable bond. The projection is calculated
and summed up for each atom bound to B and C giving the torsional gradients for the di-
hedral angle A, B, C, D. For details see Equation 4.7. Here, B is the first atom defining the
rotation axis of the dihedral angle, C, is the second atom, X are all bound atoms. ∇(Θi) is
the dihedral gradient.

#  »
CB =

 xb− xc

yb− yc

zb− zc

 ; ĈB =

#  »
CB
|CB| ;

#  »
BX =

 xx− xb

yx− yb

zx− zb


#        »torsX = ĈB× #  »

BX ; ∇(Θi) = ∑
X

∇(E) · #        »torsX

(4.7)

The initial dimer is generated by distorting the starting point by a unified random vector and
a step size of 10 degrees for each dihedral angle.

Φdih1i = Φdih0i + τ̂i ·10◦ (4.8)

From this dimer, the energy and gradients are calculated for x0 and x1. x0 represents the
dimer midpoint. The dimer is only created in one direction to save one energy and gradient
calculation following the publication of Kästner. [200] Therefore, x0 is the starting point of
the dimer and contains the rotational axis. x1 is the dimer endpoint. Now, the first rotation
is performed. The starting structure is a local minimum. Therefore, no translation can be
performed for the first step as the gradient F0 is zero (see Equation 4.19).
The rotation is performed until either an estimated angle Φ1 or the calculated minimum
angle Φmin is smaller than a given threshold (10 degrees in the current implementation) or a
maximum of rotational steps is reached (10).
First, the rotational force FR is calculated:

FR =−2(F1−F0)+2 [(F1−F0) · τ̂] τ̂ (4.9)

With the rotational force, the step direction can be calculated using an optimization
algorithm. For the steepest descent the step direction is:

-68-



4 METHOD DEVELOPMENT

Θ =
FR

|FR|
(4.10)

Using the more elaborate Conjugate Gradient algorithm, information about the previous step
is taken into account:

Θ = FRi− γ ·FRi−1 (4.11)

The curvature of the PES in the direction of τ can be obtained from the gradients F1 and F0

Cτ =
(F1−F0) · τ̂

∆
(4.12)

where ∆ is the difference between the dihedral angles of x1 and x0.
The optimal rotation angle Φmin can be obtained by minimizing the curvature Cτ in the plane
spanned by τ and Θ. This would need one further gradient calculation. However, a rough
estimate can be obtained from F0 and F1. The rotation is carried out only if the estimated
angle Φ1 is larger than the given tolerance Φtol .

Φ1 =−
1
2

arctan
∂Cτ

∂Φ

2|Cτ |
(4.13)

∂Cτ

∂Φ
=

2(F1−F0) ·Θ
∆

(4.14)

The dimer is rotated about the product of Φ1 and the corresponding Θ. This means that each
dihedral angle of x0 is rotated about this product to give a new dimer. For this new dimer
endpoint x′1, energy and gradients F ′1 are again calculated.
With these new structures the optimal rotation angle is calculated:

Φmin =
1
2

arctan
b1

a1
(4.15)

b1 =
1
2

∂Cτ

∂Φ

∣∣∣
Φ=0

a1 =
Cτ

∣∣
Φ=0 −Cτ

∣∣
Φ=Φ1

+b1sin(2Φ1)

1− cos(2Φ1)
(4.16)

∂Cτ

∂Φ
=

2(F1−F0) ·Θ
∆

(4.17)

If the curvature at Φmin is larger than the initial curvature, π/2 is added to the rotational
angle.
At the new position xmin, the gradients can either be calculated or estimated to save one
gradient calculation. The estimation is done by:
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Fmin =
sin(Φ1−Φmin)

sin(Φ1)
F1 +

sin(Φmin)

sin(Φ1)
F ′1

+

(
1− cos(Φmin)− sin(Φmin) tan

(
Φ1

2

))
F0

(4.18)

After the rotation is converged, the dimer is translated. The translational force (FT ) is calcu-
lated according to:

FT =

−(F0 · τ̂) τ̂ if Cτ > 0

−F0 +2(F0 · τ̂) τ̂ if Cτ < 0
(4.19)

The dimer is then translated by altering all dihedral angles about the translational force.
Thus, the main dihedral and its concerning dependent dihedrals are translated about the
same value.

4.3 Solvation with Tabu-Search

In the following, a new approach is presented for solvating molecules using the Tabu-Search
algorithms described in the present work. The description and application of the algorithm
is published in ref. 320. The focus lies on an accurate description of the micro-solvation.
The micro-solvation has a significant influence on a wide range of processes. [320] Further-
more, an accurate description is important for the quality of QM/MM calculations. For
bigger systems, the solvent shell cannot be created by a systematic approach. Therefore, re-
liable methods have to be employed. The standard approach for building up the solvent shell
in QM/MM investigations comprises the following steps. The protein is surrounded by pre-
optimized water spheres. Everything within a certain range of the protein is removed to avoid
clashes of the nuclei and the complete system is equilibrated by long molecular dynamics
(MD) runs involving heating and cooling periods. MD simulations qualitatively reproduce
the physical motion of an NVT ensemble. Therefore, bulk effects should be covered accu-
rately. Even so, the results for the important inner water molecules may be questionable,
since conformational search MD simulations often do not find the global minimum struc-
ture. [52]

In the standard MD approach, additional potentials at the boundary are necessary to avoid
evaporation of water molecules. Consequently, in the standard MD-based approach the
whole solvent shell has to be added at once since additional potentials will distort the struc-
ture of the solute for small solvent shells. In the new Tabu-Search based approach, an evapo-
ration of water molecules cannot take place as only dihedral angles are modified in the mod-
est ascent part. Hence, the solvent shell can be built up step-wise. This has the advantage
that the optimization of the very important first solvation shell which interacts directly with
the solute (micro-solvation) can be performed more carefully since a considerably smaller
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system has to be treated. After optimization of the first shell the second, third, etc. shell is
added. In each step, a global optimization is performed to adapt all water molecules to the
increasing solvent shell. For these outer shells which do not interact directly with the so-
lute but are only responsible to cover bulk effects, less precise requirements are necessary in
these optimizations. It is of course also possible to add all water molecules at once; however,
it has been shown that the step-wise approach is superior.
The algorithm (implemented as a python script) can perform the step-wise solvation using
two different approaches. The first is using the external software VegaZZ [321] (or the corre-
sponding command line driven version). The other option is the calculation of an Accessible
Surface Area (ASA) first described by Lee and Richards [322]. The ASA can be calculated
using the Shrake-Rupley algorithm. [323] The information obtained from the ASA can then
be used for placing the water molecules around the system.
The approach is always initialized with the structure of the solute. The first step is the calcu-
lation of the ASA from which a maximum radius and an initial radius are estimated. Thus,
the molecule is approximated as a sphere and the initial radius of the solvent shell is obtained
by:

Rin =

√
ASA
4π

(4.20)

In the next step of the solvation procedure, the solute is surrounded by water molecules
within the radius Rin around the geometric center. The water molecules can be placed directly
from the solvation script by using either the Vega command line program or the ASA-values.
Up to a given size of the ASA-value, a water molecule is placed near the concerning atom at
a vector pointing from the geometric center of the solute to the concerning atom. This system
is then globally optimized using the Tabu-Search algorithm. The best solution obtained from
this global optimization is then used as next starting point of the solvation. The radius is
iterated by a given factor and the next solvation shell is placed around the geometric center
of the solute which is followed by a global optimization. These iterations are continued
until the final solvent shell size is obtained. The step-wise built-up of the solvent shell
offers some flexibilities. They can be used to obtain information about the accuracy of the
underlying force field and the starting structure which is often taken from experiment. In the
first variant, the solute is fixed to the (experimental) starting structure during the build-up of
the solvent shells. The equilibration of the solute can already be started after the build-up of
the first few solvent shells, but in the present work the optimization was performed after the
build-up was completed. In the following, this strategy will be called Tabu-Search fixed. In
a second variant, the solute is equilibrated from the very beginning (Tabu-Search free).
The outcome of both variants will be different if either the force field or the (experimental)
starting structure contain errors. As shown later (section 5.4), in variant 1 (Tabu-Search fixed)
the obtained structure of the enzyme is biased with respect to the (experimental) starting
structure, since the cage formed by the solvent shells restricts geometrical changes of the
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Figure 4.7: Flowchart of the solvate algorithm using Tabu-Search based global optimization.

solute. This results from the modest ascent strategy. It preferentially varies the relative
orientation of the outer solvent shell molecules since such variations need less energy efforts
than modifications in the more rigid inner part. This is particularly the case if a whole residue
changes its orientation. Nevertheless, smaller adaptions to the solvent shell are still possible.
Hence, if an erroneous (experimental) starting structure is taken it will be retained in variant
1. In variant 2 (Tabu-Search free), since only very small hindrances are present, the solute
will adopt geometries as calculated according to the underlying computational method (e.g.
the force field) during the build-up of the first few solvation shells. So, if the starting structure
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is wrong, but the force field is sufficiently accurate, the correct structure is obtained in the
second variant. If the (experimental) starting structure is correct but the force field is wrong,
variant 1 will still provide the correct geometry but variant 2 will yield a wrong structure.
Hence, significant differences in the outcome of both procedures point to deficiencies either
in the force field or in the experimental structure.
As for MD, it is also possible for the Tabu-Search to start the equilibration with the complete
water shell. In comparison with the other possibilities this approach will be called Tabu-

Search complete. A detailed investigation of the proposed algorithm as well as a comparison
with the standard MD approach is given in section 5.4.

4.4 PathOpt - a global transition state search algorithm

PathOpt is an algorithm for investigating reaction pathways between a reactant and a prod-
uct state. For complex systems, often several possible reaction ways leading over dif-
ferent transition states are possible. The discovery of such pathways is a crucial pro-
cess in understanding the underlying reaction mechanisms and several methods are already
known. [124,195,207,210,211,214,215,217,218,224]

The flowchart of the algorithm is given in Figure 4.10. An illustration of the methodology is
shown in Figure 4.8. As usual for most double-ended search methods, an initial alignment
of reactant and product state is essential for reliable results. In the present study, alignments
were performed with VMD, [324] however, every alignment algorithm is adequate. These
structures are used to create an initial path by a simple linear fit between them. This path is
the same as the initial path for an NEB [202–204] calculation. The middle point of this path
is used to create an (n-1) dimensional hyperplane perpendicular to the initial path. This hy-
perplane is searched by global optimization. In the present implementation, this was done
by employing the Basin Hopping approach. [115] In future, the Tabu-Search based method
developed and discussed in the present work should also be implemented. [52,153–155,320] As
can be seen from Figure 4.8, each minimum on the perpendicular hyperplane corresponds to
the trace of a saddle point of first order.
To ensure, that the random steps within BH remain in the perpendicular hyperplane, the nor-
malized vector pointing from reactant to product placed at the middle point is used (τ̂). The
cross product of each random point with τ̂ gives a random point lying in the hyperplane (see
Equation 4.21).

rperp = rrand× τ̂ (4.21)

The local optimizations in BH are performed with an L-BFGS algorithm [270,271] using a
modified gradient (gpro j) which is projected onto the hyperplane (Equation 4.22). The pro-
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jected gradients are visualized in Figure 4.9.

g = ∇( f )

gpro j = gnormal− (gnormal · τ̂)τ̂
(4.22)

Solutions of BH are accepted if the new point is either lower in energy than the previous
solution or the Metropolis criterion is fulfilled (Equation 4.23).

accept if: r < exp
(
−E2−E1

RT

)
(4.23)

The accepted points resulting from global optimization are optimized to their closest tran-
sition state using the Dimer-method. [198–200] The lowest imaginary frequency is used to
initialize the Dimer-search. Sometimes, the point obtained after local optimization in the
perpendicular hyperplane possesses more than one imaginary frequency. However, only one
frequency is considerably different to zero. The other imaginary frequencies correspond to
either rotational or translational degrees of freedom. The same is true when only imaginary
frequencies close to zero are obtained. These frequencies are not considered for optimiza-
tion to transition states. The minima connected via the resulting transition state are obtained
by local optimization along the one imaginary frequency. The received path fragments are
analyzed for their connection to either the initial or final state. This is done by testing if only
one distinct transition state lies between one of the end points of the fragment and the initial
or final state. The resulting paths are taken for further PathOpt iterations (preferably the
longest path). The search is stopped if convergence criteria like maximal iteration number
or reasonable number of paths are fulfilled. If this is the case, they are appended to the con-
cerning path. Otherwise, the longest connected path is taken for further PathOpt iterations.
A repetition of the described algorithm finally delivers complete pathways from reactant to
product via different transition states and intermediate minima. Example applications are
given in section 5.6.
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Figure 4.8: Illustration of the PathOpt algorithm: The search starts with an initial linear fit between
the reactant and the product. Points leading to potential transition state are located by global opti-
mization on the plane perpendicular to the initial path (i.e. a n-1 dimensional hyperplane). Accepted

points are optimized to the closest transition state.

~τ

(~τ ·∇ f )~τ

∇ f

−(~τ ·∇ f )~τ

P(∇ f )

Figure 4.9: Illustration of the projection of gradients onto the perpendicular plane according to Equa-
tion 4.22.
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Figure 4.10: Flowchart of the PathOpt algorithm.
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4.5 GUI-Development

Graphical User Interfaces (GUI) are very helpful to enhance the usability of a program. The
GUIs designed in this work are written with QT4 and C++. QT4 is a platform independent
library for designing graphical user interfaces. This has the advantage, that a GUI written
under Linux can, in principle, also be used under Windows. Furthermore, the source code
of the original command line-based program can be reused in the GUI-based program which
simplifies the maintenance of both programs.

4.5.1 CAST

The CAST program is usually used via command line under Linux environment. To enhance
the user-friendliness, a graphical user interface (GUI) was designed. A screenshot can be
found in Figure 4.11. In principle, the GUI for CAST replaces the input files. The core source
code of the program remains the same, it is simply implemented into the own class CAST.
The main window contains several drop-down menus to choose the desired task, specify the
input type, select a forcefield, or apply fixations during an optimization. After loading the
input structure, the calculation can be started by pushing the "Start Calculation" button. If
further input is required, the user is now asked to provide the necessary information. The
output of the calculations is given in a separate window.

Figure 4.11: Graphical User Interface for the CAST program.

Listing 4.5 shows the source code of the main function of a QT4 program. This function is
very similar for most QT4-programs. The line "setlocale(LC_NUMERIC,"C");" is needed
to override the local settings of the operating systems. Otherwise, on German systems the
coordinates have to be given with comma instead of points. This would require a conversion
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of all standard coordinate file formats. In the main function, an instance of the MainWindow
class is created and started (see Listing 4.6). Only if this object is stopped, the program
returns to main and finishes the GUI. Different from usual class definitions in C++, QT4
header files further contain slots. Slots are used to manage the communication between e.g.
a button in the GUI and a certain subroutine. The constructor of the MainWindow class
creates the complete windows and sets up the connections between buttons, drop-down
menus, or text fields with the concerning subroutines and creates an instance of the CAST
class. The information provided in the GUI of the MainWindow is passed on to the CAST
object. After the calculation with CAST is finished, the program returns to the MainWindow.
There, a new calculation can be started. The program can be finished by pressing the "Exit"
button.

Listing 4.5: main.cpp of the CAST-GUI.

1 #include <QtGui/QApplication>

2 #include <QLocale>

3 #include "mainwindow.h"

4

5 int main(int argc, char *argv[]) {

6 QApplication a(argc, argv);

7 setlocale(LC_NUMERIC,"C");

8

9 MainWindow w;

10 w.show();

11 return a.exec();

12 }

Listing 4.6: Header file of the MainWindow class of the CAST-GUI.

1 #ifndef MAINWINDOW_H

2 #define MAINWINDOW_H

3 #include <QMainWindow>

4 #include "cast.h"

5 ...

6 class MainWindow : public QMainWindow

7 {

8 Q_OBJECT

9 public:

10 MainWindow(QWidget *parent = 0);

11 ...

12 private slots:

13 void newFile();

14 void openstructure();

15 ...

16 private:

17 void createActions();
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18 void createMenus();

19 ...

20 QMenu *fileMenu;

21 ...

22 QToolBar *fileToolBar;

23 ...

24 QAction *newAct;

25 QAction *openAct;

26 ...

27 CAST *cast; //object of CAST, central widget

28 };

29 #endif // MAINWINDOW_H

4.5.2 PlotWave

Program design PlotWave is designed as a molecular viewer to display tinker, Carte-
sian, and PDB files. Furthermore, standard output of molecular orbital (MO) calculations
in Molden and TeraChem format is supported. The program can be run using both, Linux
and Windows. The GUI is developed using QT4, while the visualization of atoms and den-
sities is done using OpenGL. The remaining code is written in standard C++. The main aim
of the program is the fast calculation of molecular orbitals and electron densities which can
be easily put out to a file. A screenshot of the program can be found in Figure 4.12. The
central widget (dark gray) contains the OpenGL widget which is used for data visualization.
The buttons on the right allow the user to control the program. Rotating and moving of the
molecule can easily be done using the mouse.
The molecular orbital which should be visualized is chosen from a drop-down menu by click-
ing on "Choose MO". The button "New Isovalue" allows for adjusting the numeric value for
displaying the isosurface. The information about the current MO is given in the right bottom
corner. After calculating the electron density by clicking "Calculate Electron Density", this
information can also be saved to a file.

Calculation of molecular orbitals and electron densities The main aim of the viewer
program is the calculation and visualization of molecular orbitals and electron densities. The
calculations are divided and placed into several C++-classes. First, the input file has to be
read and the basis sets have to be extracted and determined. With the obtained data, the set
of primitive and contracted Gaussian functions needed for the basis sets is created. With the
Cartesian coordinates of the molecule, a grid box is created containing the complete system.
At each grid point, the values of the contracted Gaussian functions are calculated. When
a particular orbital is to be plotted, the grid points are multiplied with the MO-coefficients
obtained in the SCF-calculation. This improves the performance of the program as only one
multiplication is necessary instead of recalculating the grid for the complete molecule.
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Figure 4.12: GUI of the molecular viewer PlotWave.

The class Primitives contains the equations for primitive Gaussian functions of s-type and
p-type (ΦPG

x ) [325]:

gs =

(
8α3

π3

)1/4

exp−α2
(4.24)

gp =

(
128α5

π3

)1/4

xexp−α2
(4.25)

The class Contracted inherits from Primitives and constructs the contracted Gaussian func-
tions. Equation 4.26 for example shows a contracted s-type function consisting of three
primitive functions.

Φ
CG
1s =

3

∑
i=a

d1siΦ
PG
1s (r,α1si) (4.26)

The class Atomicbasis constructs the basis sets using the needed entities of Contracted (in
principle, basis sets consist of a sum of contracted Gaussian functions).
The class Molorb manages the calculation of molecular orbitals and electron density. The
class can be controlled from outside the class using public functions and variables. These
functions are used in the QT-framework.
A molecular orbital is the sum of all contracted Gaussian functions multiplied with the cor-
responding MO-coefficient. [19]

Ψi = ∑
r

criΦr (4.27)
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The electron density is the sum over squares of all occupied orbitals. [19]

ρ(r) =
Nocc

∑
k

nk |Ψk(r)|2 =
Nocc

∑
k

nk

∣∣∣∣∣basis

∑
i

ckiΦi

∣∣∣∣∣
2

(4.28)

Figure 4.13 shows some examples of the molecular viewer program.

(a) HOMO of H2O. (b) LUMO of H2O.

(c) Electron density of an exemplary molecule.

Figure 4.13: Examples of molecular orbital and electron density visualization with PlotWave.

Viewing output of PlotWave in the x-ray refinement program COOT A standard pro-
gram for x-ray refinement is COOT from the CCP4 development group. [326] COOT can read
coordinates from PDB-files and experimental input files containing the information from an
x-ray experiment (so-called MTZ-file). The input and output files from COOT are written
in binary format. This makes the analysis and modification very difficult. The MTZ file
contains the information about phases and amplitudes after the refinement process. This data
delivers the electron density after a Fourier transform. [327]

To compare the orientation of a globally optimized ligand within the active site of an enzyme
with the experimental x-ray structure, one can compare the electron density of the ligand (ob-
tained from a SCF calculations) with the experimental one.
As the data types are very different there are generally two ways for the comparison:

1. Take the experimental electron density, write down a density map or perform a Fourier
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transform of given functions and compare the density within a program different to
COOT.

2. Take the theoretically derived electron density, convert it into a COOT readable format
and compare the densities in COOT.

To investigate the first method, COOT files have to be analyzed. As all files in COOT con-
cerning densities are written in binary format, these files cannot be looked at directly. The
exact structure of the files has to be known (which requires a lot of reverse-engineering as
exact descriptions are scarce).
CCP4 provides a set of libraries written in the programming language C. [328] These libraries
give access to the data structures used in COOT. First, the MTZ-file was analyzed and de-
composed (using the cmtzlib) in all relevant parts (mainly the phase, amplitude and coordi-
nates information). Then, the data was rewritten onto normal text files to be usable by other
programs as well. For the given example, the density contains about 80000 functions (for
each function a separate phase and amplitude). One has to perform a Fourier transform of
these functions, sum up all points and then convert the coordinates from reciprocal space to
Cartesian space.
Using the first method, a lot of file conversions are necessary and Fourier transformations
have to be implemented. All these functionalities are already implemented in COOT. There-
fore, the second way was also investigated. The electron density calculated by the molecular
viewer described above was taken as an input. The CCP4 library cmaplib provides the func-
tion to write or modify a density map file readable by COOT. The calculated electron density
was converted to MAP-format, which could successfully be read and opened by COOT. An
example can be seen in Figure 4.14. The only problem left is the fact that x-ray experiments
are based on crystals. Therefore, the electron density is periodic. The electron density of the
ligand now has to be placed exactly at the same position as the ligand in the experimental
structure.

4.6 Conclusions

This chapter describes the method and program developments of the present work. Most
of the algorithms are implemented in the new Conformational Analysis and Search Tool
(CAST). CAST provides access to several force fields as well as interfaces to semi-empirical
and ab initio programs. By the implementation of various approaches for analysis, local
optimization, transition state search, or global optimization, the program can be widely used.
The Tabu-Search algorithm, implemented in CAST, was improved by the implementation of
the Basin Hopping approach for diversification and the Dimer method for the modest ascent
strategy. Thus, the performance was increased significantly and very complex optimization
tasks can now be investigated. The Tabu-Search algorithm was used to establish a new
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Figure 4.14: Calculated electron density converted into MAP format and visualized in COOT.

approach for the build up of solvent shells around a solute. The modest ascent strategy
of Tabu-Search thereby allows for a step-wise solvation which enables a bias either to the
(experimental) starting structure or the employed theoretical model. For investigations of
reaction mechanisms of complex systems, a new approach called PathOpt was proposed.
PathOpt searches the phase space between reactant and product for possible transition states
which allows for the determination of different reaction pathways. Finally, a Graphical User
Interface for the CAST program was presented, which was comprised of a small molecular
viewer for the visualization of molecular orbital and electron density information.
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5 Method application

5.1 Preliminary investigations: Optimization of Cluster systems

The global optimization of cluster systems is of paramount importance in computational
chemistry. One example is the solvent shell around a molecule. Further examples are clusters
of other solvent molecules or mixtures, or the optimization of aggregates and rare gas clus-
ters. [7] Furthermore, many of these cluster systems are well investigated and comprise ideal
benchmark systems to compare and evaluate the performance of new algorithms. There-
fore, the performance of the Tabu-Search algorithms was investigated at hand of different
Lennard-Jones (argon) clusters and water clusters.

5.1.1 Argon clusters

Lennard-Jones clusters, like for example clusters of the rare gas argon, are commonly
used test systems for global optimization algorithms. An overview of the global minima
of Lennard-Jones clusters of different sizes is given in 115 and the data base of J. P. K.
Doye. [329] LJ-clusters usually posses very complex energy landscapes with many different
minima and transition pathways. [279,330] One particular difficult example is the LJ38 cluster
with a double-funnel energy landscape. [331] The first funnel ends in the global minimum
while the second funnel ends in the second lowest minimum. Furthermore, the two min-
ima are separated by a large energetic barrier, which explains the difficulty of the global
optimization of this cluster. An optimization algorithm can easily be trapped in the second
lowest minimum without finding the global one.
These aspects make LJ-clusters ideal benchmark candidates for global optimization algo-
rithms as some minima are very hard to detect. To investigate the performance of the new
Tabu-Search algorithm, clusters of different sizes have been investigated and optimized. The
results can be found in Table 5.2. All global minima found with the Tabu-Search algorithm
are in agreement with the literature. [115,329] This shows the strength of the new global op-
timization approach, since the optimization problem of LJ38 was also solved successfully.
Figure 5.1 illustrates the three lowest minima of LJ38 obtained by the Tabu-Search optimiza-
tion. The symmetry and order of these minima are in agreement with the minima suggested
by Doye. [331] Note that the presented results are only meant for benchmarking the new al-
gorithm. Therefore, structural aspects of the clusters are not discussed in detail.

5.1.2 Water clusters

Water, as the most important solvent in biological systems, plays a crucial role in many
processes. More details are given in section 5.4. Therefore, it is essential to describe the
structure of water clusters properly. To investigate the performance of the Tabu-Search algo-
rithm for optimizing such cluster systems, different water clusters have been optimized. The
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Table 5.1: Argon cluster optimized with the Tabu-Search algorithm.
a Total energy within the OPLS-AA force field

b Number of steps till first occurrence of global minimum

Cluster (Arx) Symmetry Energy [kcal/mol]a #stepsb

4 Td -1.40340 1
6 Oh -2.97335 23
8 Cs -4.63625 158
10 C3v -6.64803 24
12 C5h -8.88062 3
13 Ih -10.36804 97
20 C2v -18.05171 386
30 C2v -30.00623 24
38 Oh -40.68186 300
40 Cs -43.32994 35
60 Cs -71.54427 242
80 Cs -100.12875 561

Figure 5.1: The three deepest minima of the Ar38 cluster, the deepest minimum is on top of the
figure, the third deepest on the bottom. The global minimum is a fcc (face-centered cubic) truncated
octahedron (point group Oh), the second and third deepest minima are incomplete Mackay icosahedra

(Point group of 2.: C5v, Point group of 3.: Cs). [331]

results are compared to optimizations with MCM proposed by Scheraga [120] implemented
in Tinker 5.0. The searches were initialized with a random cluster configuration. Three wa-
ter clusters have been investigated: (H2O)10, (H2O)20, and (H2O)50. The calculations have
been performed with the OPLS-AA force field [232–235] and the TIP3P water potential [332]
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implemented in CAST.
The (H2O)10 cluster was further analyzed by global optimization with the TeraChem program
using the interface described in section 4.1.4. The results for the force field optimizations
are shown in Figure 5.2 and 5.3 which clearly show the better performance of Tabu-Search
in comparison to MCM. For the Tabu-Search optimizations, 5000 main iterations have been
used, while for MCM 10000 iterations were used. In each optimization run, the final results
for (H2O)20 and (H2O)50 are lower in energy with Tabu-Search within a comparable compu-
tational time. For the (H2O)10, the Tabu-Search approach reliably delivers two of the most
important arrangements. [333] MCM also located the global minimum structures, however,
the second lowest structure was not found in these optimizations. It is often the case that not
only the lowest structure, but all low lying configurations are important. This underlines an
advantage of the Tabu-Search approach.

Figure 5.2: Results of the global optimizations of (H2O)10 and (H2O)20. The minimum higher in
energy (right hand side of each cluster) is the one obtained by a MCM optimization with 10000

iteration.

Table 5.2: Results of the global optimizations of different water clusters with Tabu-Search and MCM

relative energy in kcal/mol
System Tabu-Search MCM

(H2O)10 0.0 0.0
(H2O)20 0.0 5.0
(H2O)50 0.0 6.7

The implemented interface to TeraChem further allows for a conformational search with ab

initio calculations. Here, the difference between the OPLS-AA force field and B3LYP-D/6-
31G++ is revealed, as the found minima possesses a different order (see Figure 5.11). More
details are given in the next subsection.
The results of this section are mentioned to emphasize the applicability of Tabu-Search op-
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Figure 5.3: Results of the global optimizations of (H2O)50.

timization to cluster optimization and should clarify the performance as global optimization
algorithm. Therefore, the results are not discussed in more detail.

5.2 Conformational Search

5.2.1 Efficiency of Tabu-Search based conformational search

Motivation The results of the following subsection are published in ref. 52. The aim
of the study was the investigation of the usability of Tabu-Search based global optimiza-
tion algorithms for conformational search (CS). The Gradient Only Tabu Search (GOTS)
developed by Svetlana Stepanenko [154] had already been applied to conformational search
problems, [155] but an extensive comparison to other CS-algorithms was lacking. Further-
more, the strengths and weaknesses of GOTS are discussed and modifications to the GOTS
approach are introduced which dramatically improve the performance.

Computational details The original GOTS algorithm was applied to the conformational
search of a set of test molecules (see Figure 5.4). The results were compared to conforma-
tional searches using Molecular Dynamics with minimization (MDM), Simulated Anneal-
ing (SA) and Monte Carlo with Minimization (MCM) also known as Basin Hopping (BH).
All calculations were performed using the OPLS-AA force field as implemented in Tinker
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5.0 [37,250,305–308] using a truncated Newton-like optimization algorithm [305] for geometry
optimization. For MD, SA, and MCM calculations the implemented algorithms of Tinker
5.0 [37,250,305–308] were used. To be comparable to these optimization algorithms, the Tin-
ker program packages was implemented into the GOTS approach (see 4.1 for details). Each
calculation started from 30 different starting structures which were taken randomly from an
a priori MD simulations (1 ns simulation time (NVT ensemble), 1 fs time step, 100 snap
shots).
MD simulations were performed for 1 ns (NVT ensemble) with a 1 fs time step (1000000
steps in total). Every 10 ps, a snapshot was taken which was subsequently minimized. No
heating or cooling protocol was applied, as the search space for the test molecules is rela-
tively small.
The SA simulations implicitly include the heating and cooling procedures. The initial tem-
perature was set to 1000 K. The equilibration was performed for 100 steps which was fol-
lowed by cooling to 0 K using a linear decrease in the temperature with a factor (current step
number)/(total number of steps). Every 10 ps (i.e. 10000 steps), a snapshot was taken which
was subsequently minimized.
The MCM of BH simulations were performed using the implementation of Tinker 5.0. Each
global optimization with MCM comprises 5000 MCM iterations and a maximal step size of
3.0 Å.
As already mentioned, the GOTS algorithm was combined with the Tinker program package
to make the calculations comparable. Each GOTS calculations included 1000 steepest de-

scent - modest ascent steps. When the search gets stuck in a given region, a Diversification
Search (DS) was initialized. For more detail see section 4.
The first results revealed that the BH approach often performed better than the GOTS algo-
rithm. Therefore, BH was used to improve the DS of GOTS, i.e. BH was implemented into
the DS of GOTS to create a new Tabu-Search algorithm, named GOTS/BH. Each time a DS
is initialized a short BH simulation (e.g. 200 steps) is performed. Details of the implemen-
tations can be found 4.2. For the present study, the BH search was performed in Cartesian
coordinates with a maximal step size of 3.0 Å. The step size has to be adapted to the system
under investigation. For bigger systems, a smaller step size might be favorable.
The efficiency of many CS-algorithms extremely depends on the starting structure used.
Therefore, the StartOpt/RingSearch algorithm developed during my diploma thesis [46] was
combined with the above mentioned CS-algorithms. StartOpt/RingSearch searches a given
molecule for possible intra-molecular ring conformations build up through hydrogen bond
donors and acceptors. A second series of calculations with the abbreviation StartOpt was
performed. For each molecule and search algorithm, the StartOpt/RingSearch algorithm was
applied once and the obtained structures were used as starting structures.
The last series included starting structure containing several intra-molecular ring conforma-
tions. These were obtained by subsequent application of StartOpt/RingSearch until no new

-89-



5.2 Conformational Search

structure were found any more (up to three iterations). For the bigger test molecules ((4)
and (5)), the number of ring structures was too large. Therefore, only the energetically best
structures were used as new starting point of StartOpt/RingSearch.
It should also be mentioned, that the calculations within this study were performed with an
early version of GOTS. In the meantime, several improvements concerning performance as
well as search strategies are included (see section 4 for the implementation into CAST) and
the computational times can be different now. Nevertheless, the results are presented as given
in the publication.

Test systems Five molecules were taken as test systems. Three peptide systems (tripeptide
Gly-Ala-Ser (1), pentapeptide Glu-Lys-Ser-Cys-Pro (5) and [Met5]enkephalin (4)) and two
organic ligands with biological activities (Ring-opened EPNP (2) and ring-opened E64c (3)).
The size of the systems range from 31 atoms to 76 atoms. Structural formulas can be found
in Figure 5.4. Of course, various other molecules were investigated using the Tabu-Search
algorithm implemented in CAST. All of them are pointing to the high efficiency of Tabu-
Search based conformational search. Nevertheless, the systems given above are taken as
examples to demonstrate the performance of the new Tabu-Search-Basin-Hopping approach.
The test set is well suited as a benchmark system because the molecules are typical bio-
organic systems with many functional groups, like often investigated in molecular modeling.
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Figure 5.4: Test systems used for comparing the efficiency of Tabu-Search based conformational
search to commonly used algorithms.

Results and Discussion Table 5.3 to 5.4 and A.1 to A.3 give the computational results for
the simulations of the five test molecules. The results for the smallest molecule (1) in Table
5.3 show that the system is too small for acting as a general benchmark system. With only
31 atoms and 11 freely rotatable bonds (two of them are more or less rigid amide bonds), the
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system is relatively small. Looking at the results for the conformational searches, only MD
and SA do not locate the global minimum (GM) with -168.4 kcal mol−1. Nevertheless, the
final results found by MD and SA is only 0.9 kcal mol−1 above the GM. Also the efficiency
in locating the GM is already quite good for all methods. The use of starting structures
provided by StartOpt/RingSearch do not alter the final minima but affects the performance
obviously.
For MD and SA, the performance seems to be increased. For example, the percentage in
locating the final minimum in MD is increased from 17% to 75% and the computational
time is decreased from 1.2 to 0.1 CPU minutes. However, for GOTS and BH methods, the
performance is decreased when starting from structures containing one single or two ring
conformations. This is due to the inclusion of higher lying structures which are not good
starting structures. Table 5.3 makes clear, that only the combination of GOTS and BH gives
the best performance. When short BH simulations are used within the DS of GOTS, the
efficiency in locating the GM is increased to 100% for this case, no matter which starting
structure was used.

Table 5.3: Results for the tripeptide (1) containing 31 atoms. aRelative energy of the energetically
lowest minim found in the given simulation with respect to the lowest minimum found in all simu-
lations (E = -168.4 kcal mol−1). Energies are given in kcal mol−1. bPercentage of simulations runs
which found the minimum depicted in column one. cAverage number of steps (MCM and GOTS) or
snap shot (MD and SA) needed to find the minimum in column one the first time. The averaging is
only done for runs where the minimum was found. dCorresponding averaged CPU time in minutes.

Optimization method Ea
min #globalb (%) #stepsc CPU timed

MD 0.9 17 59 1.2
SA 0.9 13 10 0.2
BH 0.0 83 1613 1.2
GOTS 0.0 80 322 0.3
GOTS/BH 0.0 100 58 0.1
MD-StartOpt 0.9 75 3 0.1
SA-StartOpt 0.0 80 9 0.2
BH-StartOpt 0.0 60 1877 1.5
GOTS-StartOpt 0.0 55 250 0.2
GOTS-StartOpt/Mult 0.0 53 164 0.1
GOTS/BH-StartOpt/Mult 0.0 100 258 0.4

The other two smaller molecules (ring-opened (2) and (3), Table A.1 and A.2) show a similar
trend. For (2), BH simulations are finding the GM in each run. The use of structures contain-
ing single ring structures again slightly increase the performance for MD and SA. However,
these structures decrease the efficiency of GOTS. Also structures containing several ring con-
formations have poor effect. Only the combination of GOTS and BH improves the GOTS
approach. (2) seems to represent a very easy conformational search problem. Only the pure
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MD simulation does not locate the GM. All other simulations find the GM in different yields.
The use of StartOpt/RingSearch structures does not give a significant improvement.
The results for the small systems (1), (2), and (3) outline the efficiency of Tabu-Search based
global optimization. However, they also show that structures provided by StartOpt/Ring-
Search does not necessarily improve the performance for these systems as the search space
is too small and the provided starting structures may include too many poor starting points
for global optimization.
The pentapeptide (5), however, represents a very good test system for conformational search.
Table 5.4 shows the results for this molecule. The molecule consists of 25 freely rotatable
bonds (including four amide bonds). A pure MD initiated from a random MD-generated
structure completely fails in locating the GM (∼18 kcal mol−1 above the GM) indicating
that the search space becomes too large for the very simply MD approach. The considerably
lower minimum located by SA is still ∼ 6 kcal mol−1 above the GM. BH performs quite
good by locating a minimum only 0.7 kcal mol−1 above the GM in 6% of the runs. The
GOTS, in comparison, had a slightly worse performance. Again, the combinations of GOTS
and BH outperform both single algorithms. It is the only approach which locates the GM (in
37% of the runs).
The use of StartOpt/RingSearch structures improves the performance of all used algorithms.
Hence, in this case these structures seems to be helpful. For (5), the number of possible
ring structures is too big to generate all combinations of three closed rings. Therefore, only
the 10 energetically lowest conformations of the first generations were used to produce the
second and the 10 best structures from the second generation to yield the final structures
containing three intra-molecular ring structures. The 36 final structures lie between 7 and
23 kcal mol−1 above the GM. The seven best conformers are characterized in more detail in
Table 5.5. The RMSD values for torsional angles are calculated using the formula given by
Becker et al. [50]:

di j =
1
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N

∑
k=1

min
[(

Θ
(i)
k −Θ

( j)
k

)2
,
(

2π−Θ
(i)
k −Θ

( j)
k

)2
]

(5.1)

The table also points out, from which starting structure the GM or the slightly above lying
minimum is located.
Using these structures as starting structures for BH, GOTS, and GOTS/BH shows a signifi-
cant improvement in the performance of the Tabu-Search methods. BH itself does not alter
its performance to much. It only needs fewer steps until reaching its best results (0.7 kcal
mol1 above the GM). The normal GOTS, however, finds the GM in 9% of the runs when a
StartOpt/Mult structure is used. The much more efficient GOTS/BH approach locates the
GM in 68% of all runs when originated from a structure containing three intra-molecular
ring conformations. The difference in the influence of the starting structures between pure
BH and GOTS or GOTS/BH becomes clear when the search strategies are compared. BH
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is a purely stochastic algorithm. A better starting structure only introduces a deeper lower
limit for the Metropolis criteria. In contrast, GOTS follows paths on the potential energy
surface. Therefore, a structure closer to the GM can indeed accelerate the performance.
The best structure obtained by threefold StartOpt application (SI9) as well as the global
minimum are shown in Figure 5.5.

(a) StartOpt/Mult (SI9). (b) Global minimum.

Figure 5.5: Structures for molecule (5).
5.5-a: Best structure obtained by threefold application of StartOpt (SI9, see Table 5.5).

5.5-b: Global minimum structure.

Unfortunately, the utility of the starting structure does not correlate with the potential en-
ergy or the RMSD values. This was also verified within the research project of Anastasia
Weickert under my supervision, [334] where the influence of ring conformation on the global
optimization of three polypeptides was examined exhaustively by creating a database con-
taining all possible ring conformations with up to three closed rings. For example, when
looking at a system with three close ring structures, the first ring closure can stabilize the
system. However, it often appeared that the second ring closure destabilized the system be-
fore a dramatical stabilization by the third ring closure occurred. Therefore, up to now no
systematic approach is available to create the most reasonable ring systems.
The neurotransmitter [Met5]-enkephalin (molecule (4)) is only slightly smaller than (5) and
was also used in many other investigations [45,120,173,195]. However, the results summarized
in Table A.3 indicated that molecule (4) represents a much easier conformational search
problem than molecule (5). Starting from random MD-generated structures, again MD and
SA fails in locating the GM. BH and GOTS/BH performed very well in locating the GM
in 57% and 87% of the simulation runs. Even the pure GOTS approach already located the
GM, however, the GM was only located once. Like for the smaller molecules (1) to (3), the
use of StartOpt/RingSearch structures slightly decreases the performance and success quota.
This might be due to the steric hindrance of the aromatic residues Tyr-1 and Phe-4 leading
to more unfavorable ring conformations. Furthermore, the global minimum structure only
contains one ring conformation. All other conformations might lead to a destabilization.
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Table 5.4: Results for the pentapeptide (5) containing 76 atoms. aRelative energy of the energetically
lowest minim found in the given simulation with respect to the lowest minimum found in all simu-
lations (E = -376.3 kcal mol−1). Energies are given in kcal mol−1. bPercentage of simulations runs
which found the minimum depicted in column one. cAverage number of steps (MCM and GOTS) or
snap shot (MD and SA) needed to find the minimum in column one the first time. The averaging is
only done for runs where the minimum was found. dCorresponding averaged CPU time in minutes.

Optimization method Ea
min #globalb (%) #stepsc CPU timed

MD 17.8 - 44 4.8
SA 6.2 - 46 5.1
BH 0.7 6 3140 13.2
GOTS 1.2 - 955 2.2
GOTS/BH 0.0 37 632 4.5
MD-StartOpt 4.7 - 64 7.0
SA-StartOpt 5.8 5 57 6.3
BH-StartOpt 0.7 13 2347 9.9
GOTS-StartOpt 0.7 - 694 1.6
BH-StartOpt/Mult 0.7 - 436 2.0
GOTS-StartOpt/Mult 0.7 8 128 0.3

0.0 9 184 0.4
GOTS/BH-StartOpt/Mult 0.0 68 472 3.4

Table 5.5: Characterization of conformers of (5), which were obtained after threefold application of
StartOpt/RingSearch. aRMSD value giving the difference between torsional angles. bRelative energy
of the structure with respect to the GM (-376.3 kcal mol−1). cPercentage of runs of the simulation
which found the minimum laying 0.7 kcal mol−1 above the GM. dPercentage of runs of the simulation

which found the GM.

#semic #globald

Structure RMSDa Emin
b GOTS GOTS GOTS/BH

F15 43.7 11.8 17 17 90
F5 54.0 15.1 - - 40
F7 39.7 11.4 - - 80
SA2 36.1 11.4 - - 90
SA5 53.1 10.3 - - 10
SB1 55.9 11.8 11 - 100
SI9 36.0 6.4 32 32 80
Total 9 7 68

Conclusions The results presented above clearly show the applicability of Tabu-Search
based algorithms for conformational search. The comparison to MD, SA, and BH indicated,
that GOTS is much more efficient than MD and SA. However, BH itself often performs
better than GOTS. Therefore, short BH sequences were implemented into the DS of GOTS
which proved to be very useful. The application of the new GOTS/BH approach to the test
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molecules (1) to (5) outperforms each of the single methods. The study also revealed the
need for a careful check of the stereo centers, since BH simulations can easily switch them,
especially when force field calculations are used. In newer versions of the Tabu-Search a
subroutine is implemented for an automatic stereo checking, restricting the conformational
search in switching a stereo center. This subroutine was not included in the study presented
above.
The usefulness of five, six, or seven-membered ring structures produced by StartOpt/Ring-
Search was shown for larger molecules, especially when structures containing multiple ring
conformations are used.
The presented conformational search studies are only a small excerpt of possible applica-
tions. Improvements to the Conformational Analysis and Search Tool (CAST) and the Tabu-
Search algorithm (see section 4 and following sections) make the new Tabu-Search algorithm
applicable to much larger systems. Examples of further applications are shown below.

5.2.2 Conformational search of peptide ligand-receptor systems

Motivation This work is submitted to publication. [335] The work was done in cooperation
with Stefan Niebling from the group of Sebastian Schlücker, University of Osnabrück.
Conformational search using force field methods on complex biomolecular systems is a key
factor in understanding molecular and structural properties. The reliability of such investi-
gations strongly depend on the efficiency of the conformational search algorithm as well as
the accuracy of the employed force field. Therefore, in the following section two different
approaches are compared; the Monte-Carlo multiple minimum/low mode sampling (MCM-
M/LM) using the OPLS2005 and Tabu-Search combined with Basin Hopping (TS/BH) em-
ploying an OPLS-AA implementation. Thus, their performance in locating energetically
low lying structures and the efficiency in scanning the conformational phase space of non-
covalently bonded complexes were investigated. As test systems, complexes of the artificial
peptide receptor CBS-KKF with different tetra-peptide ligands were taken. The reliabil-
ity and the accuracy of the two approaches were examined by re-optimizing all low-energy
structures employing density functional theory with empirical dispersion correction in com-
bination with triple zeta basis sets. Solvent effects were mimicked by a continuum solvent-
model. In all four test systems, the TS/BH approach yielded structures which were much
lower in energy after DFT optimization. Additionally, TS/BH provided many low lying
structures which are not located by MCMM/LM.

Computational Details The MCMM/LM method implemented in MacroModel V9.9 [133]

consists of a combination of the Monte Carlo Multiple Minima (MCMM) algorithm in in-
ternal coordinates [27] and the Low-Mode search method (LMOD). [40,41,134] The LMOD
algorithm is a simplification ("brute force" approach) of the mode-following concept. [40] In-
stead of locating a saddle point exactly, the method starts with a low mode eigenvector of the
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Hessian matrix and follows this direction linearly. The search algorithm was combined with
the OPLS2005 force field. The standard settings from MacroModel were applied.
All Tabu-Search calculations were performed with the CAST program described in this work.
The steepest descent part was implemented by a L-BFGS algorithm [271–275] and for the mod-
est ascent part a specially adapted Dimer method [198–200] was employed (section 4.2). For
local optimizations, a 0.004 kJ mol−1 Å−1 euclidean norm of the gradient was used. To
ensure that stereo centers were not inverted, all possible stereo centers were recognized at
the beginning of the search and all moves inverting a center were rejected. The diversifica-
tion search was implemented by short BH sequences with a maximum step size of 3.0 Å.
In the following section, the combination of Tabu-Search and Basin Hopping is referred to
as TS/BH. For each Tabu-Search simulation 3000 Steepest Descent - Modest Ascent itera-
tions were employed. The TS/BH searches were performed in combination with the original
OPLS-AA force field proposed by Jorgensen. [233,336,337] Non-bonded interactions are cal-
culated without a cutoff radius.
All DFT calculations were performed with TurboMole (Version 6.3.1) [338] using the BP86
functional in combination with def2-TZVP [339,340] basis sets employing the RI approxima-
tion [341] and the D3 dispersion correction of Grimme. [342] Solvent effects were included by
the COSMO model. [343]

MCMM/LM calculations with the MacroModel program and DFT calculations with Turbo-
Mole were performed by Stefan Niebling from the University of Osnabrück.

Test systems As a model system, non-covalent complexes between an artificial peptide re-
ceptor (CBS-KKF) and four different tetra-peptides ligands have been chosen (Figure 5.6).
The peptide receptor CBS-KKF designed by Schmuck and coworkers is based on a guani-
diniocarbonyl pyrrole, [344] which showed remarkably high binding constants in water, and
a pronounced sequence- and diastereoselectivity. [345] It comprises of two parts. Firstly, the
carboxylate binding site (CBS), a guanidiniocarbonyl pyrrole that efficiently binds carboxy-
lates by a combination of electrostatic interactions and hydrogen bonding. Secondly, a tri-
peptide part (here L-Lys-L-Lys-L-Phe-NH2, KKF), which further strengthens the complex
by hydrogen bonds and electrostatic interactions. The tri-peptide part is responsible for the
selectivity of the receptor towards a particular peptide. Due to its positively charged groups
(CBS and two lysine side chains), the receptor CBS-KKF favors peptides which contain neg-
atively charged residues.
The four peptide ligands include the diastereomer pair N-Ac-(D-Glu)3-D-Ala (e3a, ligand
200, (6)) and N-Ac-(D-Glu)3-L-Ala (e3A, ligand 201, (7)) and the tetra-peptides N-Ac-L-
Ala-(D-Glu)3 (Ae3, ligand 202, (8)) and N-Ac-D-Ala-L-Ala-(D-Glu)2 (aAe2, ligand 203,
(9)). [345] These systems are experimentally well characterized, [345,346] but theoretical stud-
ies about their structural properties are scarce. [347] All receptor/ligand complexes are ideal
test systems since they are conformationally so flexible that a complete exploration of the
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conformational space is impossible.

N

H
N

H
N

O

O
H

N

N

H

H

H
H

N
H

O
H
N

O

H2N

O

(CH2)4

(H2C)4

Ph

NH3
+

+H3N

Tripeptide part
Lys-Lys-Phe

(KKF)

Carboxylate
binding site

(CBS)

+ Ligand 
(Tetrapeptide)

Receptor

N

H
N

H
N

O

O
H

N

N

H

H

H
H

N

O
H
N

O

NH2

O

(CH2)4

(CH2)4

Ph

NH3
+

+H3N

Receptor

N  O

OH

R4


N
H

N

O

O

H

R2

R3

N
H

H

O

R1O



Ligand

Figure 5.6: Ligand receptor complexes formed by CBS-KKF (top) and a tetra-peptide (bottom).

The receptor and the ligand have several different binding sites and orientations. To specify
the structures the nomenclature introduced by Moiani et al. [347] was used. The four possible
configurations at the CBS-unity of the CBS-KKF receptor result from a coplanar orientation
of the pyrrole ring relative to the guanidiniocarbonyl and the amide which is adjacent to
the pyrrole ring. The possible conformations are shown in Figure 5.7-a. If the respective
NH is pointing in the same direction as the pyrrole-NH, it is referred to as "in" otherwise as
"out". The labeling as well as deviations from planar arrangements are characterized with the
help of the three dihedral angles in Figure 5.8. Low lying non-planar structures result from
favorable interactions between the ligand carboxylates and the CBS unity and the lysine side
chains of the receptor.
Beside the carboxylate group at the C-terminus (CT), each ligand possesses additional ones
at the side chains (SC). For each, two planar orientations are possible, either with the residue
pointing in direction of the receptor (a in Figure 5.7-b) or opposite to the receptor (b in Figure
5.7-b). The SC carboxylates are numbered from 1 to 4 (SC1 - SC4) according to the amino
acid number of the tetra-peptide.
In order to cover a larger part of the conformational space, different starting structures were
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used for each receptor/ligand complex. The strongest single interaction between the CBS-
KKF and the tetra-peptide ligands resulted from the salt bridge between the CBS and one of
the carboxylate groups of the ligand. To account for the importance of these interactions all
possible pairs were used as starting structures. The name of the starting structure consists
of the investigated ligand (200 to 203), the carboxylate group which binds to the CBS-units
(e.g. SC4) and the orientation of the carboxylate with respect to the receptor (a or b, see
Figure 5.7-b). If more than one starting structure was generated for a given classification,
they were numbered consecutively (e.g. 202_SC4a and 202_SC4a2). All starting structures
are derived from an out-in conformation of the CBS and an all-trans conformation of the
peptide backbone of the tri-peptide subunit.
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Figure 5.7: Different possible conformations of the CBS-unity and the carboxylate group taken as
starting structures.

Results and discussion The results of the different conformational search approaches and
DFT re-optimizations are summarized in Table 5.6 to 5.9. Relative energies based on force
field and DFT computations (after geometry optimization) are included. Relative force field
energies are given relative to the best result of MCMM/LM and TS/BH, respectively. DFT
energies are given with respect to the lowest lying conformation from all searches. Based
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Figure 5.8: Atoms defining the dihedral angles used to specify the conformation according to Moiani.
The atom numbers are only added for clarity and are different in each system. A dihedral angle of
Gua-NH or Amide-NH between -180◦ and -90◦ or 90◦ and 180◦ is characterized as "in", an angle
between -90◦ and 90◦ is referred to as an "out" conformation. The Pyrrole-NH illustrates the planarity

of the pyrrole group.

on the DFT energy, in the following the lowest energy structures for each complex will be
discussed (see Figure 5.9) .

(a) Ligand 200, (6). (b) Ligand 201, (7).

(c) Ligand 202, (8). (d) Ligand 203, (9).

Figure 5.9: Lowest structures found after re-optimization with DFT for each complex of the investi-
gated ligands and the receptor CBS-KKF.
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Lowest energy structure for the complex CBS-KKF/e3a (6) Figure 5.9-a shows the low-
est energy structure of CBS-KKF with ligand 200. The structure results from the TS/BH
search starting from the SC2a conformation. The CBS adopts an out-in conformation. The
guanidinio part is tilted by 124◦ relative to the pyrrole plain. The side-chain carboxylate 3
is attached to the CBS center and further coordinated by the first lysine side-chain. Beside
side-chain 3, the C-terminus is attached to the guanidinio part. All side-chain carboxylates
are bridged by the lysine side-chains.

Lowest energy structure for the complex CBS-KKF/e3A (7) The lowest energy structure
for the complexes CBS-KKF/e3A is shown in Figure 5.9-b (resulting from TS/BH starting
from 201_SC1b). The CBS adopts a non-planar in-in conformation which binds three car-
boxylates, two of which are also hydrogen bonded to the first lysine side-chain. Three out of
four carboxylates are clustered by hydrogen bonds to the two lysine side chains.

Lowest energy structure for the complex CBS-KKF/Ae3 (8) The lowest energy structure
for the complex with ligand 202 is shown in Figure 5.9-c (obtained by TS/BH starting from
202_SC2b). The CBS adopts an in-in conformation. Both carboxylates (side-chains 2 and
4) that are attached to the CBS are also hydrogen bonded to the lysine side-chains, which are
connected to all the remaining carboxylates.

Lowest energy structure for the complex CBS-KKF/aAe2 (9) The best result for
CBS-KKF and aAe2 (203) is shown in Figure 5.9-d (resulting from TS/BH starting from
203_SC3a). Compared to the starting structure the binding modality has changed drasti-
cally. Conformation of the guanidinio part relative to the pyrrole ring is classified as "out"
since the guanidinio part is tilted by 64◦. However, both the guanidiniocarbonyl NH and CO
are pointing away from the pyrrole ring. Therefore, it is denoted as out*-conformation to dis-
tinguish it from the out-conformation as shown in Figure 5.7-a. This conformation enables
the CBS to strongly coordinate two out of three ligand carboxylates. Each lysine side-chain
is hydrogen bonded to two carboxylates thus bridging all three carboxylates.

Comparison of TS/BH and MCMM/LM For each complex, several starting structures
have been used for both conformational search methods (MCMM/LM-OPLS2005 and
TS/BH-OPLS-AA). The force field energies are not appropriate to compare the reliability
and efficiency of the two conformational search algorithms. Hence, the energetically low-
est result of each search and starting structure was re-optimized using BP86-D3/def2-TZVP
combined with COSMO leading to as many re-optimized structures as used starting struc-
tures. The relative DFT energies with respect to the lowest minimum for the four complexes
are included in Table 5.6 to 5.9. In all cases, the lowest lying structure was found by the
TS/BH-OPLS-AA approach, while the minima predicted by MCMM/LM-OPLS2005 are
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considerably higher in energy (ligand 201: > 14 kJ/mol, ligand 200: > 42 kJ/mol, ligand
202: > 29 kJ/mol, ligand 203: > 42 kJ/mol). Furthermore, the differences of the lowest and
the highest energies of the DFT optimized structures are much smaller for TS/BH-OPLS-AA
(34 kJ/mol, 82 kJ/mol, 68 kJ/mol and 90 kJ/mol for CBS-KKF/200 to 203) compared to the
MCMM/LM-OPLS2005 approach (107 kJ/mol, 130 kJ/mol, 119 kJ/mol and 96 kJ/mol for
CBS-KKF/200 to 203) and TS/BH delivered more low lying structures after DFT optimiza-
tion.
Exemplarily for all receptor-ligand pairs, the results of CBS-KKF/201 (Table 5.6) are dis-
cussed in more detail. All other complexes show similar features so that only the differences
are highlighted. The DFT results in Table 5.6 to 5.9 indicate that the TS/BH-OPLS-AA
approach predicts lower lying conformers than the MCMM/LM-OPLS2005 method. Both
methods were carried out with OPLS force fields but cross-checking (re-optimization of the
Tabu-Search structures with MacroModel V9.9 and vice versa) revealed that both force fields
differ considerably. To differentiate between the quality of the force field and the search al-
gorithm the low lying structures suggested by TS/BH-OPLS-AA were re-optimized within
the OPLS2005 force field using MacroModel. In Table 5.6 to 5.9 these values are given in
parentheses in column ∆E(MM) of the TS/BH optimizations. The negative values found
for the complexes of CBS-KKF with (6) and (7) show that various structures predicted by
the TS/BH-OPLS-AA approach also lie below the global minimum of the MCMM/LM-
OPLS2005 method if identical force fields are used. This underlines the advantage of the
TS/BH, since MCMM/LM did not locate these structures. This is not the case for the
complexes with (8) and (9) but for these complexes the lowest DFT structure resulted from
TS/BH-OPLS-AA predictions as well.
These results indicate that the TS/BH approach scans wider parts of the phase space more ex-
haustively. This is proven by Figure 5.10 in which all accepted minima during the searches
are superimposed. As an illustrative example, the search run was always taken in which
the best structure was found. All structures are aligned at the pyrrole system of the CBS
unit. The receptor is shown in green while the corresponding ligands are given in cyan. The
much diffuser picture found for TS/BH-OPLS-AA calculations proves the broader scan of
the phase space. A comparison of the start with the corresponding final structures provides
further details. For MCMM/LM, the carboxylic group placed in the CBS at the start retained
its position throughout the whole conformational search so that in the resulting structures
often only one carboxylate is coordinated. In contrast, during the TS/BH-OPLS-AA opti-
mizations, the carboxylate which coordinates to the CBS is often changed. Furthermore,
TS/BH-OPLS-AA locates many structures in which several carboxylates are bound to the
CBS. The complexation of several carboxylates becomes favorable if the planarity of the
CBS is abrogated within the conformational search. This happens quite often in the TS/BH
searches while in the MCMM/LM runs the CBS stays more or less planar. Furthermore, the
CBS unit often flips from the starting out-in orientation to an in-in arrangement and some-
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times also in an in-out or out-out orientation within the TS/BH simulations. In MCMM/LM,
searches the out-in orientation is mostly retained. Besides the performance of the confor-
mational search algorithm this might also be caused by an overestimation of the rotational
barriers of this flip in the OPLS2005 force field.
The TS/BH also located structures in which the hydrogen of NH and the oxygen of CO of
adjacent residues are pointing in the same direction (which is not covered in the classifica-
tion according to Moiani [347], Figure 5.8). These special conformations are marked with an
asterisk (*) in table Table 5.6 to 5.9. For the complexes with (7) and (8), these conformations
only represent high lying local minima, but for (9) such a special orientation corresponds to
the global minimum.
Furthermore, in the case of TS/BH-OPLS-AA, the involvement of the pyrrole-NH in the
hydrogen bonding network resulted in several structures with non-planar pyrrole rings. Al-
though the existence of such local minima is supported by DFT, the structures often lie high
above the global minimum (e.g. for the structure resulting from 201_CTb, the energy differ-
ence is 32 kJ/mol). The distortion is driven by the formation of strong hydrogen bonds.

(a) MCMM/LM: 200. (b) MCMM/LM: 201. (c) MCMM/LM: 202. (d) MCMM/LM: 203.

(e) TS/BH: 200. (f) TS/BH: 201. (g) TS/BH: 202. (h) TS/BH: 203.

Figure 5.10: Superimposed structures accepted during the global optimization from the conforma-
tional searches with MCMM/LM and TS/BH which resulted in the lowest energy solution for the
receptor-ligand complexes CBS-KKF-200, 201, 202, and 203. All structures are aligned with the
pyrrole system of CBS (in orange). The receptor is shown in green, the corresponding ligand in cyan.

Conclusion In summary, the comparative study of the two conformational search algo-
rithms revealed a better performance of TS/BH-OPLS-AA with respect to MCMM/LM-
OPLS2005 for the investigated systems. TS/BH did not only deliver lower energy structures
in a smaller energy range, as proven by the comparison of the DFT energies, but also seemed
to cover the phase space more widely. Furthermore, TS/BH yielded special conformations
at the binding site which have not been found before. The comparison of the four different
receptor/ligand complexes shows this to be a general trend of the TS/BH approach. There-
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fore, this method is a very useful tool for the determination of low lying conformations of
such systems.

5.3 ab initio Conformational search

Motivation As discussed in section 5.2, the proper investigation of conformational search
studies often include a pre-scan with force field methods and a refinement process with more
elaborate methods to obtain accurate relative energies of the conformations. However, the
refinement process has to be done very carefully as important structures can be very easily
missed. Usual ab initio approaches are by far too demanding for a complete conforma-
tional search. However, recent improvements in hardware architecture, with the introduction
of general purpose graphical processing units (GPU), offer new opportunities. The GPU-
accelerated program TeraChem enables DFT calculation on GPUs for very big systems in
reasonable time scales. [304] This further enables exhaustive studies using ab initio or DFT
methods. For this study, the interface between the Tabu-Search algorithm and TeraChem
already described in section 4.1.4 was used to investigate the usefulness of this approach at
hand of several examples.

Computational Details The described calculations are either performed on a normal
workstation (GTX280, TeslaC1060, AMD Phenom II X4, 3.2 GHz) or on a beowolf-GPU-
Cluster (each node: 4xGTX480, 2x Intel Xeon 2.6 GHz, 96 GB RAM).
A developmental version of TeraChem (1.45) was used for ab initio calculations. All
force field calculations were performed using CAST and the OPLS-AA force field param-
eters. [232–235] All calculations were performed using different DFT-functionals (BLYP
or B3LYP) using the dispersion correction D3 by Grimme as implemented in TeraChem.
Details of each calculation are given separately for every example. For global optimization
with TeraChem, the interface described in section 4.1.4 was used.

5.3.1 (H2O)10

The global optimization of the (H2O)10 cluster is a problem which is well investigated
in the literature. Searching the literature reveals several publications where the global
minima of water cluster are discussed [125,333,348–351] including the global minimum of
(H2O)10. [333,348] Performing the global optimization with OPLS-AA and the TIP3P water
potential, [332] the two lowest lying minima could be obtained. Nevertheless, the energetic
order of the minima is wrongly described in the force field.
When starting the global optimization from the same starting points, but using TeraChem
with DFT (B3LYP-D/6-31G++), the correct global minimum structure is always obtained.
These results clearly show that ab initio calculations will deliver more accurate results for

-107-



5.3 ab initio Conformational search

such cases. The final structures are shown in Figure 5.11 and the concerning relative energies
are given in Table 5.10.

(a) Global minimum of
DFT.

(b) Global minimum of
OPLS-AA.

Figure 5.11: Global minima found for (H2O)10 with either B3LYP-D3/6-31++G (5.11-a) or OPLS-
AA (5.11-b).

Table 5.10: Results of the global optimizations using Tabu-Search and the (H2O)10 cluster. OPLS-
AA results were obtained by the force field implementation of CAST, B3LYP results are from the
CAST-TeraChem interface. The global minimum for the corresponding method is always set to 0.0
kcal/mol. As it can be seen from the 0.00 kcal/mol energy structure, that the lowest minimum has

changed when switching from OPLS-AA to B3LYP.

Structure OPLS-AA/TIP3P B3LYP-D3/6-31++G

Figure 5.11-a 0.32 0.00
Figure 5.11-b 0.00 1.26

5.3.2 Arginine

Extensive conformational searches on the arginine molecule by Schlund et al. [352,353]

showed that the global minimum structure of arginine contains a chair like conformation
of the guanidinium and carboxylate residues. Usual conformational searches using force
fields do not represent this structure correctly. Nevertheless, the chair like structure or at
least a structure lying very close to this point can be obtained with CAST-TeraChem.
The global search using TeraChem started from the neutral form and finally resulted in the
zwitter ionic form. For global optimization using OPLS-AA, the search was either started
from neutral or zwitter ionic form. The calculations with TeraChem were performed with
BLYP-D/6-31G.
In CAST-TeraChem, a chair like conformation of the zwitter ionic form of arginine was pre-
dicted as the global minimum. The structure obtained by CAST-TeraChem is already very
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similar to the structure obtained by refinement with MP2 and CCSD(T). However, the global
minimum predicted with CCST(T) is in neutral form, which might be due to a wrong de-
scription in DFT. [353] The structures obtained by global optimization with the force field are
located far away from this geometry. The final structures of each global optimization can be
seen in Figure 5.12.

The example of the global optimization of arginine clearly illustrates the great advantage

(a) OPLS-AA, zwitter ionic structure. (b) OPLS-AA, neutral structure.

(c) CAST-TeraChem (BYLP-D/6-31g).

Figure 5.12: Final results of global optimization of argine, ∆E is the energy difference between
starting point and final energy result in kcal/mol;

a) Global minimum of Tabu-Search-OPLS-AA starting from a zwitter ionic structure, ∆E =−47.0
b) Global minimum of Tabu-Search-OPLS-AA starting from a neutral structure, ∆E =−5.3

c) Global minimum of Tabu-Seach-TeraChem (BYLP-D/6-31g), ∆E =−16.7

of the use of an ab initio conformational search method. The starting structure of the global
optimization with Tabu-Search-TeraChem was in a neutral form. Nevertheless, during the
global optimization a proton "jumped" from the carboxylic group to the guanidinium group
yielding the zwitter ionic form, which is also more stable in the DFT approach. A search
like this is only possible using ab initio methods. Furthermore, the interaction important
for the chair-like conformation (Figure 5.12-c) is not properly included in force fields. The
same results can be obtained by force field conformational search as shown by Sebastian
Schlund [352,353], however, this includes an exhaustive conformational search and a refine-
ment process of many different structures. Starting from the results obtained by an ab initio

conformational search with a moderate theory (like DFT), the refinement with high-level
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ab initio methods can be accelerated. The conformation is already very close to the global
minimum in CCSD(T). Only slight rearrangements and the zwitter ionic state have to be
changed.

5.3.3 [Met]5enkephalin

For bigger systems like [Met]5enkephalin, the investigations revealed a performance im-
provement by using a pre-optimization with a force field. After leaving a local minimum
using a DFT method, the resulting structure is pre-optimized to release possible strains from
the molecule, which can occur during the modest ascent strategy. The obtained structure is
then directly optimized by DFT. The ranking of the structures within the global optimization
is performed with DFT energies.
During the test calculations, the SCF calculations sometimes did not converge in the modest
ascent part. Nevertheless, it was found to be more efficient to simply continue the search
with the next optimization step instead of repeating or restarting the modest ascent. This is
mainly due to the fact that most of the time the structure is already quite far away from the
last minimum and can be used as new starting point.
Figure 5.13 shows the results of the global optimizations using CAST-TeraChem and CAST-
OPLS-AA. Comparing the results obtained by CAST-OPLS-AA with the results obtained
from CAST-TeraChem one can easily see, that the optimized structure in the force field has
about 2 hydrogen bonds. The structure obtained by CAST-TeraChem possesses 4 hydrogen
bonds. The energy difference between the starting point and the final result is a little bit
higher for CAST-TeraChem as for CAST-OPLS-AA.
Re-optimizing the final structure of CAST-TeraChem within the OPLS-AA force field de-
livers a structure which is about 2.4 kcal/mol higher in energy than the final result from
CAST-OPLS-AA. Vice versa, a re-optimization of the final structure of CAST-OPLS-AA
with TeraChem (BLYP-D/6-31g) delivers a structure 4.7 kcal/mol higher in energy. This
shows on the one hand, that the Tabu-Search algorithm properly delivers the global minimum
within the employed theory. On the other hand, this shows that the important interactions in
DFT seem to be neglected in the force field as the global minimum structure of DFT is higher
in energy in the force field. This influences the final results from global optimizations dra-
matically. Therefore, in some cases it might be preferable to perform the global optimization
directly within ab initio methods instead of a refinement process afterwards.

Conclusions The results shown above clearly show that the combination of CAST and
TeraChem delivers valuable results. Of course, the computational effort will increase ap-
preciably by using an ab initio routine instead of a simple force fields. Nevertheless, the
advantage of ab initio methods for global optimization might be worth the increased effort.
Looking at the first example more closely, the CAST-TeraChem approach directly delivers
the right global minimum structure. The force field does not describe the rank of the obtained
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(a) Global minimum of DFT. (b) Global minimum of OPLS-AA.

Figure 5.13: Global minima found for [Met]5enkephalin with either BLYP-D/6-31g (5.13-a) or
OPLS-AA (5.13-b).

minima correctly. This would require a refinement using ab initio methods. Of course, one
never knows if the force field predictions are correct. Therefore, the refinement would be
necessary in every case. The global optimization with ab initio methods is even more impor-
tant for the example of arginine. Here, the right global minimum structure was not found at
all by the force field approach.

5.4 Solvation of molecular systems

5.4.1 Global optimized solvent shell for the mini protein chignolin

Motivation This work is summarized in ref. 320. The proper description of explicit water
shells is of enormous importance for all-atom calculations. To prove the usefulness of the
new approach described in section 4.3, its efficiency is compared with standard molecular
dynamics using the chignolin protein as a test candidate. The artificial mini-protein chignolin
whose structure was revealed by NMR spectroscopy [354] represents an ideal test system to
compare the efficiency of different approaches since the computed structures seem to depend
strongly on the simulation protocol. [355,356] The orientation of the two residues Tyr-2 and
Trp-9 is most problematic. In NMR, an edge-to-face (t-shaped) orientation of the aromatic
rings of the residues is obtained. In contrast, MD simulations performed by Suenaga [355]

and Satoh [356] on the basis of the Amber force field [236] mostly predicted more parallel
configurations while the t-shaped conformation is rarely found. It could not be clarified,
whether the theoretical or the NMR data were wrong. To shed light on this important issue
we employed the OPLS-AA force field in combination with the TS-based approach to build
up an appropriate water shell and to compute geometrical structures of the protein. The
results are further analyzed by DFT computations.
Both algorithms describe the water shell similarly well, however, the new approach seems
to deliver a solvation with an improved micro-solvation. Furthermore, the new approach
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enables a step-wise build-up of the solvent shell, so that the more important inner part can
be prepared more carefully. It can furthermore generate solute structures which are either
biased to the (experimental) starting structure or the underlying theoretical model, i.e. the
employed force field.

Computational details All computations started from the β -hairpin structure of chignolin
as given in the pdb-database (PDB-Code: 1UAO, amino acid sequence: Gly-Tyr-Asp-Pro-
Glu-Thr-Gly-Thr-Trp-Gly). [354] MD simulations were performed with a time step of 1 fs in
the NVT ensemble at 310 K. The system was heated in 10 K steps from an initial temperature
of 10 K to the final temperature. During heating, the velocities were scaled to stay in reason-
able ranges. The starting structure for MD (chignolin plus solvent shell) was prepared using
the VMD program. [324] The protein molecule was placed in a pre-equilibrated sphere of 526
water molecules with a diameter of about 30 Å. During the simulations, spherical boundary
potentials were applied to avoid evaporation of water molecules. Finally, 2000 snapshots
(each 1 ps) were optimized using the L-BFGS algorithm implemented in CAST (see section
4.1). To check whether the water shell is sufficiently large to ensure converged properties of
the protein, a bigger system (diameter about 38 Å and 1307 water molecules) was also sim-
ulated using NAMD [317] employing the Charmm27 [239,357] and the OPLS-AA [232,336,358]

force fields with a 1 fs time step in an NVT ensemble. After heating from 25 K to 310 K and
running a 2 ns classical equilibration with frozen solute and spherical boundary conditions, a
5 ns production run was performed. All 1000 snap shots were minimized using the conjugate
gradient algorithm implemented in NAMD. [317] The results are in good agreement with the
MD simulations with CAST. Therefore, the focus will be set on the results obtained from the
simulations of the smaller water sphere.
The TS calculations were performed using the TS-Dimer approach and the solvation al-
gorithm described in section 4.2. Each global optimization run encompassed 1000 main
iterations (steepest descent - modest ascent steps). The step size of the basin hopping diver-
sification was adjusted to the system size and varied between 3.0 Å in the first to 0.7 Å in the
last solvation step. For the step-wise solvation, 5 solvation steps were performed with 30,
115, 226, 467, and 526 water molecules.
All calculations with the CAST program were performed employing the OPLS-AA forcefield
in combination with the TIP3P water potential [332] for surrounding water molecules. No cut-
off radius was used for non-bonded interactions. For placement of new solvent molecules,
the program VegaZZ [321] was used.
The obtained results were further analyzed by computations for a model system which com-
prises the phenol ring of Tyr-2 and the indole system of Trp-9 where one hydrogen atom
was added at each ring to saturate the dangling bonds (Figure 5.14). Single point calcu-
lations and geometry optimizations with DFT were performed. For these calculations RI-
DFT (B3LYP) [359–361] with D3 dispersion correction [342] was used in combination with
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6-311G** basis set using the Turbomole 6.3.1 program. [338] COSMO [343] was used as a
continuum solvent model (ε = 78.5).
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Figure 5.14: Tyr-2 and Trp-9 residues of the protein chignolin. For DFT calculations, R was to H.
The corresponding atom-based RMSD values can be found in the appendix Table A.5.

Results and discussion Table 5.11 compares the various approaches in terms of the re-
quired CPU time and the energy of the energetically lowest lying geometries. While the
MD-free calculation required about 174 CPU-h in total, the TS-fixed and TS-free approaches
needed 150 and 93 h, respectively. Both approaches delivered arrangements which are con-
siderable lower in energy than the MD-free approach (281 vs. 243 kJ/mol). The TS-complete
strategy needed considerably more time than both other TS approaches but delivers similar
results. Hence, this approach seems to be less efficient.

Table 5.11: Table for results of solvation of chignolin with 526 water molecules.
a Relative energy with respect to the best solution obtained by TS-fixed. For more information see

text.

Method CPU-time [h] ∆E [kJ/mol]a

MD-free 174 + 281
TS-fixed 150 0
TS-free 93 + 38
TS-complete 285 - 33

The root mean square deviations (RMSD) from the starting structure of the complete system
(water + enzyme) in the MD simulation converged to a final value of about 17 Å, i.e. the ra-
dius of the complete system. This shows the good equilibration of the system indicating that
the simulation time was sufficient. The total energy obtained from geometry optimization
of selected frames has a standard deviation of 63 kJ/mol and a maximal fluctuation of about
502 kJ/mol. The RMSD values of the protein and the backbone are 2.5 Å and 1.0 Å, respec-
tively, showing only modest general deviation of the secondary structure of the protein with
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(a) TS-fixed. (b) TS-free.

(c) MD-fixed. (d) MD-free.

Figure 5.15: Energetically lowest predicted structures of the 1UAO protein (cyan). The arrangement
of the Tyr-2 and Trp-9 residues is indicated. The reference NMR-structure is shown in red. The
corresponding atom-based RMSD values relative to the NMR structure can be found in the appendix

Table A.5. Atom numbering is done following Figure 5.14.

respect to the starting structure. The RMSD of the TS-free simulation closely resembles the
MD-data. As expected, the TS-fixed optimization reveals much smaller RMSD values for
the protein and the backbone (1.0 Å and 0.5 Å, respectively). This shows that the TS-fixed
simulation indeed stayed much closer to the starting structure. Figures showing the RMSD
of all systems as well as the total energy behavior during the optimizations are given in the
appendix(see Figure A.1, A.2, and A.3).
All simulations agreed with the NMR experiment in an overall β -hairpin structure of chigno-
lin and the orientation of most residues. Only very flexible and solvent-exposed side chains
deviated. Especially, and in accordance with the literature, [355,356] considerable differences
are found in the relative orientations of the Tyr-2 and Trp-9 residues (Figure 5.15, also see
Table A.5 in the appendix for atom based RMSD values). The final structure obtained from
the TS-fixed simulation (Figure 5.15-a) closely resembles the reference structure from NMR
in which the Tyr-2 and Trp-9 adopt a T-shape configuration. In all other calculations, the two
residues drifted apart and formed more parallel arrangements (Figure 5.15-b, 5.15-c, and
5.15-d). Such orientations were also predicted by simulations which employed the Amber
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force field. [355,356] The results of the two MD simulations, MD-free and MD-fixed, are very
similar. As discussed above, the differences between the TS-fixed and TS-free simulations
indicate that either the force field underestimates the stability of the T-shaped structure in
comparison to the parallel one, or that the NMR data were erroneously interpreted.
To shed light on this issue the force field (OPLS-AA) computations were compared with
B3LYP-D3 calculations for the model system depicted in Figure 5.14. The calculations
started from the relative orientation of both residues as predicted by NMR, TS-free, and TS-
fixed. For all structures, the DFT energies of the force field structure and the DFT-optimized
structure were calculated. Likewise, the the OPLS-AA energies for the DFT and the force
field- optimized systems were calculated. The results are shown in Table 5.12 and the trend
is visualized in Figure 5.16. The DFT approach predicts the T-shaped orientation to be more
stable (6 kJ/mol). The energies obtained by the force field of the same structure promote
the parallel orientation as more stable (by about 5 kJ/mol). The same is true for the force
field optimized structures although the energy differences are smaller. These results indicate
deficiencies of the force field.

Table 5.12: Results of the calculations on the residues Tyr-2 and Trp-9. All energies are given in
kJ/mol and are relative to the energy obtained with a single point calculation on the NMR-structure.
Schematic view of the used system can be found in Figure 5.14. a) Predicted by NMR and TS-fixed.

b) Predicted by TS-free, MD-free, and MD-fixed. c) B3LYP-D3/6-311G**, COSMO (ε = 78.5).

Intermonomer orientation
Method Geometry from T-shaped a Parallel b

DFT c OPLS-AA -0.3 1.2
OPLS-AA OPLS-AA -4.8 -6.5
DFT c DFT c -5.2 0.4
OPLS-AA DFT c -0.6 -5.4

Figure 5.16: Stability of the Tyr-2 and Trp-9 interaction in OPLS-AA and DFT. The reference struc-
ture from NMR is given in red.

The different geometry predictions of MD and TS-free on the one hand and TS-fixed on the
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other could be caused by the latter simulations predicting non-meaningful water shells. To
eliminate this possibility, Table 5.13 analyzes the various contributions to the total energy
in more detail while Figure 5.18 compares the radial distribution function (RDF) predicted
by MD-free, TS-fixed, and TS-free, respectively. For clarity the RDF of the MD simulation
(with non-optimized frames) is also included. In Table 5.13, E(TOT) denotes the total energy
of the complete system, while E(ENZ) and E(WAT) are the energies of the isolated enzyme
and the water system obtained as single-point computations on the geometries obtained from
the simulations. An illustration of the subsystems is given in Figure 5.17. Interesting insights
are obtained from E(TOT) - E(ENZ) - E(WAT) which gives the interaction energy between
the enzyme and the water shell, i.e. it reflects differences in the micro-solvation.

Table 5.13: Analysis of the energy contributions to the water-enzyme stabilization. For more infor-
mation see text. All energies are given in kJ/mol.

Split energy systems MD-free (lowest structure) TS-fixed TS-free

E(TOT) -28206 -28487 -28453
E(ENZ) -1361 -1005 -1306
E(WAT) -23852 -23848 -24183
E(TOT) - E(ENZ) - E(WAT) -2993 -3634 -2964

(a) TOT (b) ENZ (c) WAT

(d) TOT-ENZ (e) TOT-WAT (f) TOT-ENZ-WAT

Figure 5.17: Illustration of the subsystems used for calculating the energy contribution the the
enzyme-water interaction.

As expected for a smaller peptide the energy of the water shell completely dominates the
total energies (84-85 %). These differ by only about 1% and also the RDFs given in Figure
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5.18 indicate high similarity. For distances larger than 4 Å, the RDF predicted by MD-free is
more diffuse but the overall differences to the TS based methods are small. All simulations
predict a first maximum at around 1.75 Å, while the second and the third distinct maxima are
found at about 2.65 Å and 3.60 Å, respectively. These comparisons prove that the TS based
approaches predict meaningful water shells.
Nevertheless, the TS-fixed simulation computes somewhat more structured water shells than
the other simulations. Its first maximum appears at R = 1.65 Å and an additional shoulder
is found at about R = 1.85 Å. An additional smaller maximum appears at R = 2.25 Å. More
distinct patterns are also predicted for distances up to 8 Å. The TS-free simulation predicts,
in accordance with the MD-free simulation, only one maximum which lies at R = 1.65 Å
for TS-free and R = 1.75 Å for MD-free. For distances larger than 4 Å its RDF closely re-
sembles the TS-fixed simulation. All these differences indicate that the TS-fixed simulation
predicts a network in which the water molecules can occupy more strongly bound positions
than in both other simulations. This may result from vacancies which remain open in the
TS-fixed simulations due to the fixation of the protein atoms during the relaxation of the
water molecules but are filled in both, TS-free and MD-free.
A similar interpretation is also appropriate for the interaction energies between solute and
solvent (E(TOT) - E(ENZ) - E(WAT)). For the energetically lowest results of MD-free and
TS-free these interactions contribute 10.6 and 10.4 % to the total energy, respectively. For
the lowest structure of TS-fixed this contribution increases to 12.8 %. This proves that the
TS-fixed approach yields water surroundings in which the micro-solvation interacts more
strongly with the solute. The investigation of the behavior of the water-enzyme interaction
energy in comparison to the water-water interaction energy during the progress of the op-
timization procedures delivers even deeper insights into the quality of the micro-solvation.
Both interactions are illustrated in Figure 5.19. The energies are given relative to the first
frame of the simulations. The range of the total energy values is in the range of the values
given in Table 5.13. In the MD-free and the TS-free simulations, the energy of the water
shell decreases during the progress of the simulation. However, the interaction of the en-
zyme with the water shell increases only in the beginning and equilibrates at a certain value.
In case of TS-free, the enzyme-water interaction stays more or less constant and does not
affect the optimization. In the MD-free simulation, however, the enzyme-water interaction is
destabilized during the simulation. The fluctuation (standard deviation) of this energy con-
tribution is about 569 kJ/mol. In TS-fixed calculations, the trend is completely the opposite.
During the very first frames, the water-water interaction is stabilized by about 50 kJ/mol,
while the water-enzyme interaction is more or less unaffected. However, in the proceeding
optimization the water-water interaction is destabilized again in favor of an increased water-
enzyme interaction. In the end, the two interactions converge to similar stabilization energies
of about 100 kJ/mol resulting in a well-balanced and optimized micro-solvation.
In all calculations the interactions within the enzyme itself (Table 5.13, E(ENZ)) represent
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only about 5% of the total energy. The slightly smaller contribution found for the TS-fixed
simulation results from the geometry of the protein being biased towards the NMR structure
but not to the underlying force field.
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Figure 5.18: Radial distribution function (RDF) of water molecules around the chignolin protein.
The 20 lowest structures of each simulation were taken for calculation of the RDF.

Conclusion The newly developed algorithm for solvation based on Tabu-Search optimiza-
tion seems to be a very useful tool. The nature of the optimization algorithm allows for a
step-wise built up of the solvent shell. This enables a more careful preparation of the more
important inner part of the solvation shell (micro-solvation). By adjusting the optimization
protocol, either a bias to the (experimental) starting structure or to the used force field can
be employed. The investigation showed that the water shells predicted by the TS simula-
tions provide an accurate description of the micro-solvation. The algorithm can be applied
straightforwardly and is, therefore, an useful tool for the preparation of starting structures
for subsequent QM/MM computations.
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(a) TS-fixed.

(b) TS-free.

(c) MD-free.

Figure 5.19: Progress of the energy contributions of the solvation shell for the different simulation
protocols. The abscissa gives the frame number; the ordinate gives the energy values. Blue: E(TOT)-
E(WAT)-E(ENZ). Red: E(WAT). For more information see text. All energies are given in kJ/mol and

are relative to the first frame.
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5.4.2 Solvation of CBS-systems

The proper description of the solvent shell and the micro-solvation is also of great impor-
tance when vibrational spectra of solvated systems are calculated and compared to experi-
mental results. Many effects can be treated by implicit solvent models like PCM [362,363] or
COSMO. [364,365] However, hydrogen bonds from the solute to the solvent cannot be han-
dled by these methods. Therefore, an accurate treatment of an explicit solvent shell has to be
taken into account which was already shown in an exhaustive study of Ghomi et al. [366–374]

Within his PhD thesis, Stefan Niebling (University of Osnabrück) investigated the receptor
CBS-KKF (11) and the CBS-amide (10) (already described in subsection 5.2.2, see Figure
5.20) experimentally by vibrational spectroscopy in aqueous solution. For the theoretical
description, both, the number and the position of the solvent molecules is essential. There-
fore, the solvent shells for the systems (10) and the (11) were build up with the Tabu-Search
procedure described in section 4.3. Measurements and the calculation of vibrational spectra
of these systems was done by Stefan Niebling (University of Osnabrück). For further detail,
I refer to his thesis. At this point, I focus on the results of the conformational search studies.
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Figure 5.20: CBS-systems taken for building up the solvent shell with Tabu-Search.

CBS-amide Table 5.14 shows the final results of the global optimization of the CBS-amide
(10) with different numbers of water molecules. To ensure, that all four possible confor-
mations of the CBS-unity are obtained (in-in, in-out, out-in, out-out; see Figure 5.7-a for
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further detail) the central atoms of CBS-amide have been fixed during the global optimiza-
tion. The energy values are given relative to the lowest results with the same number of water
molecules. Throughout the solvation procedure, the out-in and out-out conformations are the
most stable ones. The stability of the in-in conformation, which is the least stable arrange-
ment in gas phase, strongly increases with the number of added water molecules. For 32
water molecules, the in-in conformation becomes even a little bit more stable than the in-out
and out-out conformation. However, the larger solvent shell might have a huger influence
on the total energy than the CBS-system. To compare the different systems, Stefan Niebling
re-optimized the lowest structures using RI-PBE0-D3/def2-TZVP with the COSMO-solvent
model (water). The results of these calculations are shown in Table 5.15. Comparing the
relative force field and relative DFT energies, it can be seen, that those minima predicted as
very stable in the force field also appear as stable in DFT. However, the energetic order of
the minima has changed. A very interesting change in the relative energies can be seen by
the inclusion of the COSMO model. Here, the in-in and out-in conformations are stabilized
significantly.
To compare the structures to the experimental results, the infra red and resonance-raman
spectra of these systems were calculated. The out-out conformation showed the best agree-
ment with the experiment. Therefore, only the spectra of this conformation is shown for illus-
tration of the performance of solvated structures obtained by Tabu-Search (Figure 5.21). The
best agreements of the calculated spectra with the experiment are marked in green. A com-
parison of the calculated and the experimental spectra (done by Stefan Niebling) revealed no
clear trend in the improvement of the spectra by adding more water molecules. However,
it seems that the description of the spectra gets better with the first few water molecules, as
most best agreements (green areas) appear for structures with a mediate amount of water
molecules. Investigating the structures more carefully reveals, that as long as the first solva-
tion shells is treated explicitly the description is improved. However, as soon as the second
solvation shell is started the description gets worse. This is also in accordance to investi-
gations of Ghomi et al. [372] They claimed, that the number of water molecules should be a
minimal but sufficient number. Furthermore, they emphasized that the optimal number of
water molecules can be the number of hydrogen-bond donors and acceptors. In case of the
CBS-amide, 10 donors and acceptors are present. Therefore, a maximal number of 10 water
molecules should be sufficient which correlates with the results obtained by our study. These
water molecules can be placed accurately by the global optimization with Tabu-Search. As
the first solvation shell seems to be most important, after global optimization of the com-
plete water shell only the first solvation shell should be included for the calculation of the
vibrational spectra (i.e. deletion of the remaining water molecules).

CBS-KKF The complete receptor (11) was also investigated and solvated. Table 5.16
shows the results of the solvation procedure. A comparison of the different solvation
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Table 5.14: Solvation of CBS-amide with different number of water molecules. The global optimiza-
tions were started from the four possible conformations shown in Figure 5.7-a. The conformation
of the central CBS unit and the adjacent amide systems was fixed during the optimization to avoid
conversion into different configurations. Energies are given in kJ/mol and relative to the lowest found

result with the same number of water molecules.

#(water molecules) in-in out-in in-out out-out

0 82 13 38 0
2 59 8 17 0
4 67 0 25 13
8 13 0 4 4
16 17 4 4 0
32 17 0 33 33

Table 5.15: Relative energies (kJ/mol) of the re-optimized structures (RI-PBE0-D3/def-TZVP). The
calculations are performed by Stefan Niebling, University of Osnabrück, and are included in his PhD-
thesis. All but the first calculation (gaseous phase) were performed with the COSMO-solvent model

(water).

#(water molecules) in-in out-in in-out out-out

0 (gaseous phase) 344 304 12 0
0 (COSMO) 26 13 11 0
2 (COSMO) 6 13 0 0
4 (COSMO) 10 2 0 3
8 (COSMO) 14 0 5 17
16 (COSMO) 17 19 0 17
32 (COSMO) 16 0 16 44

schemes, direct solvation and step-wise solvation, shows that the step-wise solvation delivers
structures with a slightly lower energy which is in accordance to the study of the solvation of
chignolin (subsection 5.4.1). The search always started from an out-in conformation at the
CBS-unity. With 10 and 20 water molecules, the conformation switched to an out-out con-
formation in both solvation procedures. In the direct solvation (where all water molecules
are added at once), the conformation did not switch with 30 and 40 water molecules. This
implies, that the out-in conformation might be more stable in solution than the out-out con-
formation. The preserving of the out-out conformation in the step-wise solvation seems
reasonable as the first 20 water molecules are already optimized for this situation. The fol-
lowing water molecules arrange around the new system. As rearrangements of the water
molecules represent the more modest movements in comparison to a conversion of out-out
to out-in, the Tabu-Search tends to optimize the solvent shell instead of optimizing the inner
solute. This is also in accordance to the results from subsection 5.4.1.
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(a) Infra red spectra of CBS-amide in out-out con-
formation.

(b) Resonance Raman spectra of CBS-amide in
out-out conformation.

Figure 5.21: Vibrational spectra of CBS-amide in out-out conformation. The experimental spectra
is shown on top. The calculated spectra with different amount of water molecules are shown below.
The calculations have been performed with RI-PBE0-D3/def2-TZVP. Solvent effects (all calculations
except gas phase calculation) have been included by the COSMO solvent model for water. Regions
with the best agreement to the experiment are shown in green. All experiments and calculations of
spectral data have been performed by Stefan Niebling, University of Osnabrück, who also provided

the figures.

Table 5.16: Solvation of CBS-KKF with different number of water molecules. Energies are given
in kcal/mol. aAll water molecules are added at once and the system is optimized with Tabu-Search.
bThe step-wise approach described in section 4.3 was applied. The result of the previous solvation

step was taken as start point for the next solvation.

#(water molecules) direct solvationa conformation step-wiseb conformation

10 -314 out-out -
20 -432 out-out -434 out-out
30 -549 out-in -552 out-out
40 -672 out-in -679 out-out

5.5 Molecular Modeling and X-Ray refinement

The investigation and proper description of the orientation of a ligand in the active site of
an enzyme is of utmost importance for the optimization of drug molecules and the explo-
ration of reaction mechanisms. Furthermore, important information about experimental data
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can be obtained. One first application example of the methodology described in subsection
4.1.8 is the optimization of the ligand orientation within the active site of the SARS-CoV
Mpro (Severe Acute Respiratory Syndrome-corona virus main protease) to provide a better
description of the x-ray structure. Further applications deal with the optimization of non-
covalent ligand-enzyme complexes of Rhodesain done in the bachelor thesis of Charlotte
Brückner. [375]

5.5.1 Global optimization of TS174 in the active site of SARS-CoV Mpro

Motivation The inhibitor TS174 (12) (see Figure 5.22-a) was crystallized with the SARS-
CoV Mpro (done by Uwe Dietzel, University of Wuerzburg). While the resolution of the
enzyme is very good, the resolution of the ligand is much worse. An excerpt of the elec-
tron density can be found in Figure 5.22-b. From experimental results, it is proven that the
ligand is binding to the enzyme. However, the exact orientation in the active site is unclear.
During crystallization, the ligand was used as a racemate (see stereo center marked with an
asterisks in Figure 5.22-a). Therefore, it is further not known which of the stereo isomers
is bound. To obtain insights into this problematic and to explain the blurry electron density
of the ligand, global optimizations based on Tabu-Search were performed. The results were
also compared with MD-simulations of the concerning systems. The experimental data was
provided by Uwe Dietzel (Kisker group, University of Wuerzburg) and the MD-simulations
were performed by Alexander Paasche (Engels group, University of Wuerzburg).

N
H

O

NHO

N


(a) Inhibitor TS174, (12). (b) Electron density of the active site of
SARS-CoV Mpro with the inhibitor (12).

Figure 5.22: Inhibitor TS174 and its electron density in the active site of SARS-CoV Mpro.

Results and discussion The diffuse electron density leads to several structures with a rea-
sonable refinement. Furthermore, the refined electron density looks very different depending
on the orientation of the ligand. Therefore, it is very hard to impossible to determine the
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exact orientation of the ligand without further support by theoretical calculations. All in all,
12 structures with S-configuration and 5 with R-configuration have been proposed.
The Tabu-Search algorithm is able to create new and reasonable orientations within the active
site. Therefore, all proposed structures were globally optimized using the Charmm27 force
field leading to new orientations. The dynamic stability of an orientation can be investigated
by MD-simulations. A smaller deviation from the starting structure during the simulations
indicates a more stable structure.
Details about the MD-simulations can be taken from the work of Alexander Paasche. The
set up of the MD simulation applied to each structure was:

• Conversion of (x-ray) structure data to Charmm forcefield compatible pdb structure.

• Addition of hydrogen atoms and definition of titratable groups, like histidines by pKa
prediction (PropKa [376–379]).

• Solvation of the protein-inhibitor complex in a water sphere of 110 Å diameter.

• Energy minimization of the water shell and the protein-inhibitor complex.

• Slow heating of the system in a MD simulation to a temperature of 310 K with subse-
quent gradual release of constraints put on the protein structure.

• Equilibration of the system for a time of 1 ns.

• Productive simulation run for 5 ns.

• Analysis of acquired data.

For global optimizations with Tabu-Search, the procedure described in 4.1.8 was used. An
10 Å radius around the ligand was cut out from the complete system. Water molecules were
neglected during the global optimization based on previous results obtained by L. Pason [316]

and S. Brickel. [315] These results have shown that consideration of the explicit solvent shell
mainly leads to a global optimization of the water molecules instead of global optimization
of the ligand orientation.
Table 5.17 shows the final energy results from the global optimizations. The values are given
relative to the lowest result (S-7). The five best structures were taken and analyzed by a 5 ns
MD-simulation like done for all other starting structures. The best results (gray in Table 5.17)
were chosen by energy and diversity (i.e. too similar structure were not included twice).
Table A.6 shows the RMSD values from the MD-simulations of the starting structures, while
Table 5.18 gives the RMSD values of the five best solutions from global optimization.
Table 5.19 shows the summarized results from the Tabu-Search calculations, the MD-
simulations, and the experimental results. Here, the first column gives the relative energies of
the Tabu-Search structures and the second column gives the RMSD values of the ligand dur-
ing a 5 ns MD simulations. The third column gives a rough rating of the quality of the refined
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Table 5.17: Final energy results of the Tabu-Search simulation starting from the given structure. Grey
structure are further analyzed by MD-simulations. aEnergies are in kcal/mol and relative to the lowest

found result. bRMSD values of the ligand with respect to the lowest found conformation.

Structure Energya RMSDb

S-1 3.7 7.56
S-2 1.6 7.74
S-3 2.0 7.25
S-4 0.1 4.55
S-5 1.6 7.76
S-6 2.0 7.24
S-7 0.0 0.00
S-8 0.1 4.52
S-9 11.5 7.18
S-10 0.2 3.84
S-11 8.5 8.14
S-12 7.6 7.03
R-1 6.6 7.11
R-2 3.3 3.01
R-3 1.5 2.72
R-4 5.1 7.44
R-5 12.9 8.51
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(a) ts-S-3. (b) ts-S-4.

(c) ts-S-5. (d) ts-S-7.

(e) ts-R-3.

Figure 5.23: Structures obtained by Tabu-Search optimization.
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electron density. It becomes obvious, that a low RMSD value in the MD-simulations corre-
lates with a good refinement. The structures proposed by Tabu-Search seem to be reasonable
as 3 out of five have a good refinement, which means relatively few difference density occurs.
Furthermore, new structural arrangements can be created by Tabu-Search. The five structures
lie in the active site very diversely. They can be seen in Figure 5.23. The energy difference
between the found structures are very small (only about 2.0 kcal/mol). Having in mind, that
all calculations have been performed within a force field with certain inaccuracies, all of
them are in principle equally probable. Therefore, it is most likely that the diffuse electron
density resulted from a superposition of several conformations and stereo isomers. Unfortu-
nately, it is therefore not possible to determine an exact solution of the x-ray structure. Only
suggestions of possible structures can be provided.

Table 5.18: Summary of RMSD values for SARS-CoV Mpro and inhibitor (12) with respect to first
simulation frame or Tabu-Search (TS) structure. Averaged RMSD values* for MD simulations of all
inhibitor poses. * Protein RMSD values take backbone atoms into account, inhibitor RMSD values
all heavy atoms. (1st) = RMSD relative to first frame structure after 1ns equilibration. (TS) = RMSD

value relative to minimized starting structure from Tabu-Search.

Structure protein(1st) protein(TS) (12) (1st) (12) (TS)

ts-S-3 1.57±0.19 1.50±0.16 1.26±0.31 1.57±0.27
ts-S-4 1.19±0.14 1.24±0.14 2.61±0.90 2.57±0.88
ts-S-5 1.41±0.22 1.40±0.19 5.63±1.54 5.59±1.57
ts-S-7 1.49±0.23 1.48±0.20 4.85±1.25 4.86±1.25
ts-R-3 1.25±0.14 1.26±0.13 1.08±0.26 1.38±0.25

Table 5.19: Summary of the results of Tabu-Search, MD-simulations, and experiment. a RMSD value
from a 5 ns MD-simulation relative to the first snapshot (i Å). b Rating of the quality of the structure

refinement with the experimental electron density.

Structure ∆(E) Tabu-Search [kcal/mol] RMSD of the liganda Quality of refinement b

ts-S-3 2.0 1.26±0.31 very good
ts-S-4 0.1 2.61±0.90 good
ts-S-5 1.6 5.63±1.54 very bad
ts-S-7 0.0 4.85±1.25 bad
ts-R-3 1.5 1.08±0.26 middle

Despite the very good results one should keep in mind, that during the global optimizations
no explicit solvent molecules or ions have been taken into account. These may have a strong
influence on the orientation of the ligand. Future applications should also include such effects
and it has to be checked for each case whether such effects are important or not.
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5.6 Reaction pathways for argon clusters

As already described in subsection 5.1, Lennard-Jones (LJ) clusters represent ideal bench-
mark systems. Subsection 5.1 investigated the performance of Tabu-Search for global opti-
mization of different LJ-clusters. In contrast, the following section discusses reaction path-
ways of selected clusters. The pathways are generated with different approaches to investi-
gate their performance. In the following, the transitions of the Lennard-Jones clusters Ar12

and Ar13 (employing the OPLS-AA parameters of argon) are investigated. In the beginning,
the conversion of the global minimum of Ar12 into another higher lying minimum was ex-
amined using the NEB method described in section 3.4.3 and 4.1.7. However, such systems
are often very flexible and a lot of different pathways may exist. The NEB method can
only locate the closest pathway. Therefore, the same system is later on used to benchmark
the newly developed PathOpt algorithm (subsection 4.4). In addition, Ar13 is taken as one
further example application.

5.6.1 Pathways obtained by the NEB method

Procedure The NEB search was initialized by an end and a start point using 30 images
in total. After the NEB was relaxed, each point was locally optimized and clustered to the
start point, the end point or new minima. The new minima were used for further NEB runs
employing the same conditions. This procedure is therefore an iterative approach which tries
to find the missing links between start and end points. The Ar12 system was taken as a test
candidate.

Ar12 Using the procedure described above, the Ar12 cluster was investigated. The start
point was set to the global minimum with an energy of -8.88 kcal/mol (within the OPLS-AA
force field). The end point was the slightly higher lying minimum with an energy of -8.48
kcal/mol. Application to proper aligned structures yielded the path shown in Figure 5.24.
Two argon atoms are moving simultaneously with one intermediate minimum.

-8.88

-8.30

-8.47

-8.31

-8.48

Minimum Transition state

Figure 5.24: Transition path for Ar12 obtained by the NEB method.
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5.6.2 Pathways obtained by the PathOpt algorithm

The performance of PathOpt algorithm described in subsection 4.4 was tested at hand of
the Ar12 and the Ar13 clusters. PathOpt is based on a global optimization in a hyperplane
standing perpendicular to the reaction coordinate. Minima of this reduced hyperplane repre-
sent traces to transition states between reactant and product state. Therefore, the procedure
includes an optimization of a given point to the closest transition state which was employed
by application of the Dimer-method. The initial dimer is created by either a random vector
or a calculated vibrational mode. In case of the Ar12, two different approaches have been
tested: taking the largest imaginary frequency and taking the smallest imaginary frequency
of the starting point for creating the dimer. However, the results have shown that the PathOpt
algorithm usually delivers only one imaginary frequency which is significantly different to
zero. All other imaginary frequencies (if existing) are close to zero and belong to either rota-
tional or translational movements. Therefore, in the following always the largest imaginary
frequency is used. Taking random modes for initializing the dimer also delivers first order
saddle points, however, the lowest one is not always found.

Computational details All calculations (except frequency analysis) were performed with
the CAST program. Local optimizations are performed with an L-BFGS algorithm using
a gradient norm of 0.00001 kcal mol−1 Å−1. For the Dimer-method, a gradient norm of
0.001 kcal mol−1 Å−1 was used. Force field calculations were performed taking the argon
parameter of OPLS-AA. [233,336,337] Vibrational analysis was performed with the vibrate

module of Tinker 5.1. [380] Structure alignments were done using the VMD program. [324] In
both test cases, using the Ar12 and the Ar13 systems, a conversion of the global minimum to a
slightly higher lying minimum was investigated. For each BH simulation, 200 optimization
steps at 200 K have been performed.

Ar12 The Ar12 cluster was taken as a first benchmark system. One pathway already had
been located with the NEB approach described in the previous subsection. The initial state
was again set to the global minimum of Ar12 possessing an energy of -8.88 kcal mol−1

within the OPLS-AA force field. The final state was set to the minimum with an energy of
-8.48 kcal mol−1. For the first test, the search was restricted to one perpendicular plane in
the middle of the initial path and only one PathOpt iteration. Optimization of the results of
PathOpt delivered several transition states. The results with a classification of the transition
are summarized in Table 5.20. After sampling the perpendicular hyperplane, optimization
of all resulting points to the closest transition state, determination of the connected minima,
and connecting the end points (Min1 and Min2 in Table 5.20) to the initial and final state
(i.e. all in all one PathOpt iteration), three complete paths have been found which are shown
in Figure 5.25 to 5.27.
The first path from Figure 5.25 only contained one intermediate minimum. The two argon
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Table 5.20: Results of the PathOpt run for Ar12. a Accepted point from global optimization in
perpendicular hyperplane. b Connected minima from optimization along the imaginary frequency
of the TS. c Transition state resulting from the point obtained by PathOpt. d Classification: "no
connection": neither the initial nor the final state is connected; "rearrangement": same symmetry but
different atom numbering; "fragment": fragment either connected to initial or final state, but second

iteration would be needed; "TS too high": cluster destroyed in TS.

PathOpt pointa Min1b TSc Min2b classificationd

1 -8.37 -8.34 -8.47 delivered Path 2 (Figure 5.26), similar to NEB
2 -8.18 -7.96 -8.88 no connection
3 -8.88 -8.51 -8.88 rearrangement
4 -8.88 -8.63 -8.88 rearrangement
5 -8.88 -8.39 -8.88 rearrangement
6 -8.49 -8.17 -8.88 fragment
7 -8.88 -8.63 -8.88 rearrangement
8 -8.88 -8.63 -8.88 rearrangement
9 -8.88 -7.96 -8.19 delivered Path 1 (Figure 5.25)
10 -8.20 -8.19 -8.88 no connection
11 -8.37 -8.00 -8.24 fragment
12 -8.46 -8.16 -8.46 fragment
13 -8.88 -8.63 -8.88 rearrangement
14 -8.47 -8.31 -8.46 delivered Path 3 (Figure 5.27)
15 -8.48 -8.31 -8.47 no connection
16 -8.47 -8.31 -8.46 same as point 14
17 -8.47 -8.30 -8.46 fragment,
18 -8.47 -7.67 -8.47 TS too high
19 -8.48 -8.32 -8.48 no connection
20 -8.46 -8.30 -8.47 fragment
21 -8.47 -7.67 -8.47 TS too high
22 -8.88 -7.67 -8.47 TS too high
23 -8.46 -8.04 -8.48 fragment
24 -8.03 -7.88 -7.96 no connection
25 -8.47 -7.67 -8.47 TS too high
26 -8.47 -7.67 -8.47 TS too high

atoms with the largest displacement during the rearrangement (colored in silver and cyan)
were moving separately. First, one argon atom takes its position as in the final state leading
to the one intermediate minimum. The other argon atom followed via the next transition
state. In comparison to the other paths as well as to the path obtained by the NEB approach,
this path has a higher activation energy.
The second path from Figure 5.26 is very similar to the path found by the NEB approach.
The final transition (minimum with -8.47 kcal/mol with its transition state at -8.31 kcal/mol)
is identical with the transition in the NEB path. However, the minimum at -8.47 kcal/mol is
reached via another transition with one intermediate minimum. The minima and transition
states (minimum: -8.37 kcal/mol, transition states: -8.36 and -8.34 kcal/mol) were slightly
lower in energy than the transition state from the NEB path (-8.30 kcal/mol).
The last path (Figure 5.27) comprises simultaneous movements of the argon atoms. The first
step and the final step are identical to the ones in the second path. However, the transition
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-8.88

-7.96

-8.19
-8.13

-8.48

Minimum Transition state

Figure 5.25: First path obtained for Ar12 using the PathOpt algorithm. Argon atoms are colored due
to their atomic indices. The largest displacements are indicated by arrows.

-8.88

-8.36 -8.37 -8.34

-8.47

-8.31

-8.48

Minimum Transition state

Figure 5.26: Second path obtained for Ar12 using the PathOpt algorithm. Argon atoms are colored
due to their atomic indices. The largest displacements are indicated by arrows.

from the minimum with -8.37 kcal/mol to the minimum with -8.47 kcal/mol occurred via
another intermediate minimum.
The solutions 3, 4, 5, 7, 8, and 13 (from Table 5.20) consisted of a rearrangement where Min1
and Min2 had the same symmetry but a different atom numbering. Solutions classified as

-8.88

-8.36 -8.37 -8.35
-8.46

-8.31

-8.47

-8.31

-8.48

Minimum Transition state

Figure 5.27: Third path obtained for Ar12 using the PathOpt algorithm. Argon atoms are colored due
to their atomic indices. The largest displacements are indicated by arrows.
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5 METHOD APPLICATION

"no connection" delivered a fragment which was not connected to the initial or the final state
whereas the solutions classified as "fragment" yielded a path already connected to either the
initial or the final state. These points require further PathOpt iterations. During the global
optimization, some points were obtained where the TS is too high in energy (i.e. the argon
cluster is destroyed). These points could be excluded in future simulations.
A summary of the different paths found for Ar12 is given in Table 5.21.

Table 5.21: Results for the pathway investigations for Ar12 with the NEB approach and the PathOpt
algorithm.

Path intermediate minima transition states

NEB Path (Figure 5.24) 1 2
Path 1 (Figure 5.25) 1 2
Path 2 (Figure 5.26) 2 3
Path 3 (Figure 5.27) 3 4

Ar13 The Ar13 seems to be a little bit more complicated than the Ar12 system. The results
are summarized in Table 5.22. In contrast to Ar12, the PathOpt search for Ar13 delivered
mostly rotational transitions. To obtain a third path (Figure 5.28), a second iteration of
PathOpt was necessary, between one already found fragment and the final state. However,
two paths were already found by one iteration of PathOpt (Figure 5.29 and 5.30). One path
was obtained by the procedure described in subsection 4.4 (Figure 5.29). The other path
(Figure 5.30) was obtained by subsequently connecting minima, which were found after
relaxation of a transition state found by PathOpt. The path shown in Figure 5.29 included a
rearrangement of a cluster which already had the right symmetry of the final state, however,
the atom numbering was in the wrong order. The third path (Figure 5.30) included two such
rearrangements. First, a rearrangement of the global minimum in the same minimum with
different atom numbering occurred. After a transition to the final state with the right structure
but a wrong atom numbering, one atoms moves around to deliver the final state with the right
ordering.

-133-



5.6 Reaction pathways for argon clusters

Table 5.22: Results of the PathOpt run for Ar13. All energies in kcal mol−1. a Accepted point from
global optimization in perpendicular hyperplane. b Connected minima from optimization along the
imaginary frequency of the TS. c Transition state resulting from the point obtained by PathOpt. d

Classification: "delivered path": the point of PathOpt delivered on complete path; "rotation": rota-
tional translation with an imaginary frequency close to zero.

PathOpt pointa Min1b TSc Min2b classificationd

1 -10.37 -9.46 -9.70 delivered Path 2 (Figure 5.29)
2 -9.19 -9.19 -9.19 rotation
3 -10.37 -10.37 -10.37 rotation, GM
4 -9.70 -9.49 -9.70 Min1=Min2
5 -9.70 -9.70 -9.70 rotation
6 -10.37 -10.37 -10.37 rotation, GM with different connectivity; deliv-

ered Path 3 (Figure 5.30) after connection to initial
and final state. Found 14 times

20 -10.37 -10.37 -10.37 rotation, GM with different connectivity; found 7
times

27 -9.68 -9.68 -9.68 rotation
28 -9.27 -9.27 -9.27 rotation
29 -9.51 -9.51 -9.51 rotation
30 -9.50 -9.50 -9.50 rotation
31 -10.37 -10.37 -10.37 rotation
32 -9.38 -9.38 -9.38 rotation
33 -9.44 -9.44 -9.44 rotation
34 -10.37 -10.37 -10.37 rotation
35 -10.37 -10.37 -10.37 rotation, found 3 times
38 -10.37 -10.37 -10.37 rotation, found 9 times

-10.37

-9.45

-9.68

-9.31

-9.70

Minimum Transition state

Figure 5.28: First path obtained for Ar13 using the PathOpt algorithm. Argon atoms are colored due
to their atomic indices. The largest displacements are indicated by arrows.
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-10.37

-9.46

-9.70

-9.53

-9.70

Minimum Transition state

Figure 5.29: Second path obtained for Ar13 using the PathOpt algorithm. Argon atoms are colored
due to their atomic indices. The largest displacements are indicated by arrows.

-10.37

-9.29

-10.37

-9.41

-9.70

-9.53

-9.70

Minimum Transition state

Figure 5.30: Third path obtained for Ar13 using the PathOpt algorithm. Argon atoms are colored due
to their atomic indices. The largest displacements are indicated by arrows.
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5.6 Reaction pathways for argon clusters

Conclusions and Outlook The results obtained for Ar12 using the PathOpt algorithm show
the strengths of the new approach. With very few global optimization steps and only one per-
pendicular hyperplane, already three different pathways have been located. The Ar13 seems
to be a little bit more complicated. Here, one single application of PathOpt delivered only
one complete pathway. However, by further analysis of the obtained fragments further paths
have been found. The applied methodology (taking two minima and connecting them via a
linear fit and subsequent optimization to the closest transition state) is very similar to the dis-
crete path sampling (DPS) approach proposed by Wales. [210] In the DPS approach, an initial
data base consisting of all low lying minima is created. In contrast, the PathOpt algorithm
directly samples the most interesting phase space (i.e. the space lying between reactant and
product state). Therefore, the data base might be created more efficiently, which can also
improve the DPS approach. PathOpt should be further improved by the utilization of sev-
eral perpendicular hyperplanes. Thus, the phase space will be searched more accurately. As
several structures are found which are quite similar, a clustering of minima before further
analysis would be advantageous. This is also a key step in the DPS approach. The inves-
tigations also revealed that the output of PathOpt contains several transition points which
belong to rotational or translational movements. However, these points can be recognized
very easily and rejected during the global optimization. This further accelerates the method
as less transition states have to be refined. Finally, the results of the previous chapters re-
vealed that the Tabu-Search based algorithms developed in the present work posses a better
performance than e.g. Basin Hopping alone. Therefore, the implementation of Tabu-Search
into the PathOpt algorithm also might improve the method.
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6 Summary

The visualization of energy functions is based on the possibility of separating differ-
ent degrees of freedom. The most important approximation is the Born-Oppenheimer-
approximation, which separates nucleus and electron movements. This allows the illustration
of the potential energy as a function of the nuclei coordinates. In principle, the resulting mul-
tidimensional hypersurface represents the molecular formula of an arbitrary system. Minima
of the surface correspond to stable points like isomers or conformers. They are important
for predicting the stability of a state or thermodynamical properties. Stationary points of
first order correspond to transition points. They describe, for example, phase transitions,
chemical reaction, or conformational changes. Furthermore, the partition function connects
the potential hypersurface to the free energy of the system. The aim of the present work is
the development and application of new approaches for the efficient exploration of multidi-
mensional hypersurfaces. Initially, the Conformational Analysis and Search Tool (CAST)
- program was developed to create a basis for the new methods and algorithms. The devel-
opment of CAST in object oriented C++ included, among other things, the implementation
of a force field, different interfaces to external programs, analysis tools, and optimization
libraries.
Descriptions of an energy landscape require knowledge about the most stable minima. The
Gradient Only Tabu Search (GOTS) has been shown to be very efficient in the optimization
of mathematical test functions. Therefore, GOTS was taken as a starting point. Tabu-Search
is based on the steepest descent - modest ascent strategy. The steepest descent is used for
finding local minima, while the modest ascent is taken for leaving a minimum quickly. Fur-
thermore, Tabu-Search is combined with an adaptive memory design to avoid cycling or
returning. The highly accurate exploration of the phase space by Tabu-Search is often too
expensive for complex optimization problems. Therefore, an algorithm for diversification of
the search is required. After exploration of the proximity of the search space, the algorithm
would guide the search to new and hopefully promising parts of the phase space. First appli-
cation of GOTS to conformational search revealed weaknesses in the diversification search
and the modest ascent part. On the one hand, the original methodology for diversification
is insufficiently diverse. The algorithm is considerably improved by combining the more
local GOTS with the wider searching Basin Hopping (BH) approach improved not only the
efficiency, but also the number of necessary steps until finding the global minimum. The
second weak point is a too inaccurate and inefficient modest ascent strategy. Analysis of
common transition state search algorithms lead to the adaption of the Dimer-method to the
Tabu-Search approach. The Dimer-method only requires the first derivatives for locating the
closest saddle point of first order. For conformational search, dihedral angles are usually the
most flexible degrees of freedom. Therefore, only those are used in the Dimer-method for
leaving a local minimum. Furthermore, the exact localization of the reaction pathway and
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the transition state is not necessary as the local minimum position should only be departed
as fast as possible. This allows for larger step sizes during the Dimer-search. In the follow-
ing optimization step, all coordinates are relaxed to remove possible strains in the system.
The new Tabu-Search method with Dimer-search delivers more and improved minima. Fur-
thermore, the approach is faster for larger systems. For a system with approximately 1200
atoms, an acceleration of 40 was measured. The new approach was compared to Molecular
Dynamics with optimization (MD), Simulated Annealing (SA), and BH with the help of con-
formational search problems of bio-organic systems. In all cases, a better performance was
found. A comparison to the Monte Carlo Multiple Minima / Low Mode Sampling (MCM-
M/LM) method proved the outstanding performance of the new Tabu-Search approach. The
solvation of the chignolin protein further revealed the possibility of uncovering discrepan-
cies between the employed theoretical model and the experimental starting structure. Ligand
optimization for improvement of x-ray structures was one further new application field.
Besides the global optimization, the search for transition states and reaction pathways is also
of paramount importance. These points describe different transitions of stable states. The
Dimer- and the Nudged Elastic Band method have been implemented into the CAST pro-
gram. However, they are only able to locate the closest transition state or reaction pathway,
respectively. In complex systems, often several different transition pathways with many in-
termediate minima exist. Therefore, a new approach for the exploration of such cases was
developed. The new approach is based on a global minimization of a hyperplane being per-
pendicular to the reaction coordinate. Minima of this reduced phase space belong to traces of
transition states between reactant and product states on the unchanged hypersurface. Opti-
mization to the closest transition state using the Dimer-method delivers paths lying between
the initial and the final state. An iterative approach finally yields complex reaction pathways
with many intermediate local minima. The new PathOpt algorithm was tested by means of
rearrangement reactions of argon clusters showing very promising results.
The described implementation of PathOpt employed the Basin Hopping approach for global
optimization. In the following step, the performance of the Tabu-Search algorithm in com-
bination with PathOpt can be investigated. Furthermore, an outlook for the future is to
investigate the influence of several perpendicular search planes on the performance of the
algorithm.
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7 Zusammenfassung

Die visuelle Darstellung von Energiefunktionen basiert auf der Möglichkeit, verschiede-
ne Freiheitsgrade voneinander zu separieren. Die wichtigste Näherung ist dabei die Born-
Oppenheimer-Näherung, welche die Kernbewegung von der Elektronenbewegung separiert.
Sie erlaubt damit die Darstellung der potentiellen Energie als Funktion der Kernkoordina-
ten. Die daraus entstehende mehrdimensionale Hyperfläche entspricht im Prinzip der Sum-
menformel eines beliebigen Systems. Minima der Fläche entsprechen stabilen Punkten wie
Isomeren oder Konformeren. Diese sind wichtig für Aussagen über die Stabilität eines Zu-
standes oder die Thermodynamik. Stationäre Punkte erster Ordnung entsprechen Übergangs-
strukturen und beschreiben zum Beispiel Phasenübergänge, chemische Reaktionen, aber
auch Konformationsänderungen. Über die Zustandssumme ist die Hyperfläche zudem mit
der freien Energie verknüpft. Das Ziel dieser Arbeit ist die Entwicklung und Anwendung
neuer Methoden zur effizienten Untersuchung mehrdimensionaler Hyperflächen. Dabei wur-
de zunächst das Conformational Analysis and Search Tool (CAST) - Programm entwickelt,
um eine Basis für die neuen Methoden und Algorithmen zu bilden. Die Entwicklung des
CAST-Programms in objektorientiertem C++ beinhaltete unter anderem die Implementie-
rung eines Kraftfeldes, verschiedene Schnittstellen zu externen Programmen, Analysealgo-
rithmen und verschiedene Optimierungsmodule.
Um Aussagen über eine Energielandschaft treffen zu können, müssen zuerst die stabilsten
Minima gefunden werden. Der Gradient Only Tabu Search (GOTS) hat sich als sehr effizient
in der Optimierung von mathematischen Testfunktionen erwiesen. Daher wurde GOTS als
Startpunkt für diese Arbeit verwendet. Tabu-Search basiert auf dem steepest descent - modest

ascent Prinzip. Zum Finden neuer Minima wird der steilste Abstieg (steepest descent) ver-
wendet, wohingegen ein Minimum auf dem Weg mit dem geringsten Anstieg (modest ascent)
wieder Verlassen wird. Tabu-Search ist zudem mit einem lernfähigen Speicherdesign kombi-
niert, wodurch ein Zurück- und im Kreis laufen vermieden wird. Der Phasenraum wird von
Tabu-Search sehr genau untersucht, was für komplexere Optimierungsprobleme aber zu auf-
wendig wird. Daher bedarf es eines Diversifizierungsschritts, welcher nach Absuchen eines
Bereichs des Phasenraums, die Suche in neue, hoffentlich vielversprechende Bereiche bringt.
Erste Anwendungen auf Konformationssuchen zeigten, dass GOTS Schwächen im Diver-
sifizierungsschritt und der modest ascent Strategie besitzt. Zum einen ist die ursprünglich
verwendete Methodik für die Diversifizierungssuche zu wenig divers. Eine Kombination des
mehr lokalen GOTS mit der deutlich weiträumiger suchenden Basin Hopping (BH) Methode
brachte eine erhebliche Verbesserung sowohl in der Effizienz als auch der Anzahl an nötigen
Iterationen bis zum Finden des globalen Minimums. Der zweite Schwachpunkt besteht aus
einer zu ungenauen und ineffizienten modest ascent Methode. Eine Analyse von gängigen
Übergangszustand-Suchalgorithmen führte dazu, die Dimer-Methode für den Tabu-Search
zu adaptieren. Diese benötigt lediglich die erste Ableitung, um damit zum Übergangszustand
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erster Ordnung zu konvergieren. Da Diederwinkel zu den am leichtesten veränderbaren Va-
riablen innerhalb der Konformationssuche gehören, werden nur diese in der Dimer-Methode
zum Verlassen eines Minimums verwendet. Zudem muss der Reaktionspfad und der Über-
gangszustand nicht exakt getroffen werden, da das Minimum nur möglichst schnell verlassen
werden soll. Dies erlaubt größere Schrittweiten in der Dimer-Suche. Im nachfolgenden Op-
timierungsschritt werden alle Koordinaten relaxiert und dadurch eventuell auftretende Span-
nungen gelöst. Die neue Tabu-Search-Methode mit Dimer-Suche liefert mehr und deutlich
verbesserte Minima. Zudem ist sie für größere Systeme deutlich schneller. Für ein System
mit circa 1200 Atomen wurde eine Beschleunigung um den Faktor 40 erzielt. Die neue Me-
thode wurde am Beispiel der Konformationssuche von bio-organischen Systemen mit Mo-
lekular Dynamik Simulationen mit Optimierung (MD), Simulated Annealing (SA) und BH
verglichen, wobei sich in allen Fällen eine bessere Effizienz zeigte. Ein Vergleich zur Mon-
te Carlo Multiple Minima / Low Mode Sampling (MCMM/LMOD) Methode anhand der
Optimierung von peptidischen Ligand-Rezeptor-Komplexen belegte ebenfalls die hervorra-
gende Effizienz des neuen Tabu-Search-Ansatzes. Die Solvatisierung des Chignolin-Proteins
mit Tabu-Search deckte zudem die Möglichkeit auf, Differenzen zwischen der verwendeten
theoretischen Methode und der experimentellen Startstruktur aufzudecken. Als weiterer neu-
er Anwendungsbereich wurde die Optimierung der Ligandorientierung zur Verbesserung von
Röntgenstrukturen untersucht.
Neben der globalen Optimierung ist auch die Suche nach Übergangszuständen und Reak-
tionspfaden von größter Wichtigkeit. Diese beschreiben verschiedene Übergänge zwischen
stabilen Zuständen. Die ebenfalls in das CAST-Programm implementierten Algorithmen, die
Dimer- und die Nudged Elastic Band-Methode, können nur den nächstgelegenen Übergangs-
zustand beziehungsweise Reaktionspfad finden. Bei komplexeren Systemen liegen aber oft-
mals mehrere Pfade mit vielen intermediären Minima vor. Um diese Systeme genauer un-
tersuchen zu können, wurde ein neuer Ansatz entwickelt. Dieser basiert auf einer globalen
Minimierung einer Hyperfläche, welche senkrecht zum Reaktionspfad steht. Die Minima
dieses reduzierten Phasenraums sind auf der Gesamthyperfläche Spuren zu Übergangszu-
ständen zwischen dem Edukt und dem Produkt-Zustand. Durch Optimierung dieser Punkte
mittels der Dimer-Methode werden also Pfade gefunden, die zwischen Anfangs- und End-
punkt liegen. Ein iteratives Vorgehen liefert letztendlich komplexe Reaktionspfade, die über
mehrere lokale Minima verlaufen. Der neue PathOpt-Algorithmus wurde anhand von Umla-
gerungsreaktionen von Argon-Clustern evaluiert, welche sehr vielversprechende Ergebnisse
lieferten.
In der vorgestellten Implementierung von PathOpt wurde der Basin Hopping Ansatz für die
globale Optimierung verwendet. Im nächsten Schritt kann untersucht werden, ob die Effizi-
enz von PathOpt durch Verwendung von Tabu-Search weiter verbessert wird. Weiterhin wäre
von Interesse, inwieweit die Verwendung mehrerer senkrechter Suchebenen Auswirkungen
auf die Leistung des neuen Algorithmus zeigt.
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A Appendix

Table A.1: Results for ring-opened (2) containing 38 atoms. aRelative energy of the energetically
lowest minim found in the given simulation with respect to the lowest minimum found in all simula-
tions (E = -2.8 kcal mol−1). Energies are given in kcal mol−1. bPercentage of simulations runs which
found the minimum depicted in column one. cAverage number of steps (MCM and GOTS) or snap
shot (MD and SA) needed to find the minimum in column one the first time. The averaging is only

done for runs where the minimum was found. dCorresponding averaged CPU time in minutes.

Optimization method Ea
min #globalb (%) #stepsc CPU timed

MD 0.5 90 23 0.7
SA 0.5 63 38 1.1
BH 0.0 100 420 0.8
GOTS 0.0 33 319 0.7
GOTS/BH 0.0 67 224 0.9
MD-StartOpt 0.5 92 20 0.6
SA-StartOpt 0.4 31 53 1.6
BH-StartOpt 0.0 100 1858 3.7
GOTS-StartOpt 0.4 15 131 0.3
GOTS-StartOpt/Mult 0.0 11 201 0.4
GOTS/BH-StartOpt/Mult 0.0 99 192 0.7

Table A.2: Results for ring-opened (3) containing 50 atoms. aRelative energy of the energetically
lowest minim found in the given simulation with respect to the lowest minimum found in all simu-
lations (E = -68.8 kcal mol−1). Energies are given in kcal mol−1. bPercentage of simulations runs
which found the minimum depicted in column one. cAverage number of steps (MCM and GOTS) or
snap shot (MD and SA) needed to find the minimum in column one the first time. The averaging is
only done for runs where the minimum was found. dCorresponding averaged CPU time in minutes.

Optimization method Ea
min #globalb (%) #stepsc CPU timed

MD 2.1 63 32 1.6
SA 0.0 27 47 2.4
BH 0.0 87 830 1.2
GOTS 0.0 13 276 0.5
GOTS/BH 0.0 93 113 0.7
MD-StartOpt 0.0 - 45 2.3
SA-StartOpt 0.0 25 56 2.8
BH-StartOpt 0.0 92 915 1.3
GOTS-StartOpt 0.4 - 365 0.7
GOTS-StartOpt/Mult 0.0 10 392 0.7
GOTS/BH-StartOpt/Mult 0.0 98 125 0.7
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A APPENDIX

Table A.3: Results for peptide (4) containing 75 atoms. aRelative energy of the energetically lowest
minim found in the given simulation with respect to the lowest minimum found in all simulations (E
= -263.5 kcal mol−1). Energies are given in kcal mol−1. bPercentage of simulations runs which found
the minimum depicted in column one. cAverage number of steps (MCM and GOTS) or snap shot
(MD and SA) needed to find the minimum in column one the first time. The averaging is only done

for runs where the minimum was found. dCorresponding averaged CPU time in minutes.

Optimization method Ea
min #globalb (%) #stepsc CPU timed

MD 7.2 67 36 4.0
SA 1.5 20 59 6.5
BH 0.0 57 2610 19.3
GOTS 0.0 - 159 1.2
GOTS/BH 0.0 87 397 4.5
MD-StartOpt 2.0 15 49 3.9
SA-StartOpt 2.0 46 48 5.4
BH-StartOpt 0.0 42 2417 17.9
GOTS-StartOpt 0.4 - 35 0.3
GOTS-StartOpt/Mult 0.0 4 172 1.3
GOTS/BH-StartOpt/Mult 0.0 76 464 4.8
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A APPENDIX

(a) RMSD of complete system, backbone, and protein

(b) RMSD of backbone and protein

Figure A.1: RMSD values (relative to the NMR structure) of the MD-free simulations; Red: absolute
energy in kcal/mol, Blue: RMSD value of backbone, Green: RMSD value of the protein, Violet:

RMSD value of the complete system.
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(a) RMSD of complete system, backbone, and protein

(b) RMSD of backbone and protein

Figure A.2: RMSD values (relative to the NMR structure) of the TS-fixed simulations; Red: absolute
energy in kcal/mol, Blue: RMSD value of backbone, Green: RMSD value of the protein, Violet:

RMSD value of the complete system.
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(a) RMSD of complete system, backbone, and protein

(b) RMSD of backbone and protein

Figure A.3: RMSD values (relative to the NMR structure) of the TS-free simulations; Red: absolute
energy in kcal/mol, Blue: RMSD value of backbone, Green: RMSD value of the protein, Violet:

RMSD value of the complete system.

-163-



Table A.5: Atom-based RMSD values in Å of the aromatic systems of the Tyr-2 and Trp-9 residues
relative to the NMR structure. Atom numbering is done according to Figure 5.14

Residue Atom number MD-free TS-fixed TS-free

Tyr-2

17 0.75 0.25 1.64
18 1.08 0.36 1.40
19 0.84 0.24 2.91
20 1.22 0.48 2.43
21 1.15 0.32 3.84
22 1.23 0.46 3.58
23 1.59 0.60 4.59
26 1.39 0.38 0.92
27 0.96 0.22 3.30
28 1.50 0.60 2.50
29 1.47 0.30 4.85
30 1.78 0.57 3.99

Trp-9
114 0.98 0.12 1.45
115 1.74 0.29 2.40
116 0.84 0.19 1.14
117 2.16 0.43 2.56
118 1.62 0.29 1.54
119 0.53 0.44 1.69
120 1.81 0.45 1.27
121 0.41 0.54 1.83
122 1.07 0.49 1.02
125 2.05 0.49 3.11
126 2.91 0.88 3.50
127 1.01 0.63 2.41
128 2.52 0.67 1.89
129 0.64 0.73 2.75
130 1.20 0.63 1.08
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Table A.6: Summary of RMSD values for SARS-CoV Mpro and inhibitor (12) with respect to first
simulation frame or x-ray structure. Averaged RMSD values* for MD simulations of all inhibitor
poses. * Protein RMSD values take backbone atoms into account, inhibitor RMSD values all heavy
atoms. (1st) = RMSD relative to first frame structure after 1ns equilibration. (xray) = RMSD value

relative to minimized starting structure from XRay.

Structure protein(1st) protein(xray) (12) (1st) (12) (xray)

S-1 1.45±0.21 1.43±0.19 2.45±0.49 2.48±0.50
S-2 1.33±0.15 1.40±0.14 3.97±1.07 3.86±1.16
S-3 1.62±0.29 1.61±0.27 2.23±0.59 2.52±0.61
S-4 1.28±0.23 1.30±0.21 2.24±0.57 2.62±0.38
S-5 1.34±0.14 1.30±0.12 2.30±0.34 2.38±0.30
S-6 1.21±0.13 1.22±0.11 2.16±0.26 2.67±0.24

S-7 1.56±0.23 1.53±0.24 2.25±0.42 2.99±0.34
S-8 1.45±0.26 1.52±0.26 4.18±0.83 4.34±0.65
S-9 1.42±0.20 1.43±0.18 4.81±0.51 4.16±0.51
S-10 1.39±0.22 1.43±0.20 5.23±0.59 5.37±0.58
S-11 1.84±0.34 1.83±0.34 3.02±0.51 3.21±0.56
S-12 1.34±0.13 1.34±0.12 2.75±0.69 2.81±0.60

R-1 1.36±0.20 1.36±0.19 1.71±0.59 1.99±0.48
R-2 1.36±0.16 1.40±0.15 1.62±0.40 2.26±0.30
R-3 1.30±0.15 1.26±0.14 2.82±0.62 3.40±0.67
R-4 1.37±0.27 1.39±0.26 2.10±0.52 1.88±0.47
R-5 1.31±0.18 1.35±0.15 2.57±0.80 2.88±0.85
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