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Chapter 1

Introduction

This thesis is concerned with the development of a large scale global optimization algorithm to
solve the protein folding problem. This is a very challenging problem and although research in the
past decades has resulted in a better understanding of the problem, a solution has not been found
vet. As opposed to most research projects in this field, our interest in the protein folding problem
stems from a background in numerical computation: we use it as a test application for our recently
designed large scale global optimization methodology. This approach is not specifically designed
for the protein folding problem, and is applicable to other problems as well. However, in this
thesis we will limit ourselves to the application of the approach to the protein folding problem.

The protein folding problem is to predict the unique three-dimensional folded structure of a
protein from its primary structure, that is the sequence of amino acids by which the protein 1s
defined. It i1s one of the fundamental problems in biophysical sciences, and understanding the
physics of protein conformations will be of great importance for biomedicine: in designing novel
proteins, in decoding the genetic information obtained by the Human Genome Project, in designing
new drugs, and in trying to understand the structures and functions of the thousands of proteins
that are being discovered every day in biotechnology labs [CD93].

Currently, the native state of a protein (i.e., the unique three-dimensional folded structure)
can not be predicted from its primary structure. Although biophysicists are able to build new
proteins, i.e., build a sequence of amino-acids, a newly constructed protein immediately folds into
its native state. For all of the areas mentioned above, this native state is far more important than
the primary, unfolded structure. This is because the properties of the folded protein determine its
behavior, not the properties of the unfolded protein.

Currently, a protein has to be physically built first, after which its folded state and its properties
can be determined using X-ray crystallograhic technology or nuclear magnetic resonance data. This
is a trial and error approach, with high cost and great time investment for each trial. Usually it
takes many trials —and consequently high cost— to develop one single protein with the desired
properties. Clearly, a better and less costly approach is needed.

In this thesis we explore one possible, relatively inexpensive approach to predict the folded
state of a protein. We use a well-known empirical energy function to model the state of a protein,
and then design a new large scale global optimization algorithm to find the global minimum of
this function. The state of the protein corresponding to this global minimum is believed to be
the native state we are looking for [Aba93]. This approach is much cheaper than the laboratory
approaches, since it does not require any expensive technology. Instead, it simulates the folding
process. It is also much faster, so many more trials can be done. So far, the new method has
been tried on a few relatively small proteins and it has produced the correct results. Research is
still going on to determine how well the method performs on larger proteins and what extensions
should be made in order to make it more efficient.

Chapter 2 gives some background for this thesis. We explain how global optimization comes into
play in our solution to the protein folding problem, describe the potential energy function in detail,
and give an exact definition of the problem we are trying to solve. In chapter 3 we highlight some



other approaches to solve the protein folding problem. Chapter 4 presents a detailed description
of our global optimization method, and deals with the parallel implementation of this method. In
chapter b we discuss our computational results obtained so far, and in the last chapter, 6, we set
out directions for future research to enhance the method to be able to solve the protein folding
problem for real-world proteins.



Chapter 2

Background

2.1 Global Optimization

Throughout the years, a lot of research effort has been put into the problem of local optimization.
Given a nonlinear function, f, of n variables, this problem is defined as finding a point T for
which f(Z) < f(z) for all # in an open neighbourhood containing Z. This point is called a local
minimizer. Many algorithms have been developed to solve this problem (see [DS83]).

However, a nonlinear function can have many local minimizers in its domain D. Finding
the lowest minimizer among these local minimizers is the objective of global optimization. This
has proven to be a much harder problem than that of local optimization, and research towards
solutions of this problem has only recently begun. Many approaches have been proposed, but in
general they are only reliable for small-scale problems (i.e., 1-6 variables), whereas the types of
problems we are interested in have from dozens to thousands of variables, depending upon the
protein size and the parameterization.

We do not include a general review of global optimization in this thesis; for recent reviews, see
[KT89] or [PSX94]. However, in chapter 4 we do review the approach that is most relevant to our
research in protein folding.

2.2 Cluster Problems

A class of molecular chemistry problems that has some relation to protein folding, and that has
been considered by a number of global optimization researchers, is the class of cluster problems.
In this class of problems, one is concerned with finding the native state of a cluster of atoms or
molecules. This state is the unique equilibrium state in which the cluster occurs in nature at the
lowest temperature possible (0 K). It is widely believed that in this native state, the potential
energy function of the cluster is globally minimized. The potential energy function describes
the interactions among the atoms or molecules in the cluster. Finding the exact potential energy
function is a very hard problem, therefore empirical potential energy functions are used, which give
a sufficient approximation of the exact potential energy. Given such an empirical potential energy
function, the problem of finding the native state of a cluster is a global optimization problem with
this function as the objective function.

Examples of cluster problems are the Lennard-Jones and the Water problems. The Lennard-
Jones problem is to find the native state of a group of identical atoms, whose potential energy is
given by the sum of pairwise Lennard-Jones potentials. Global optimization approaches to solve
this problem have been explored by many researchers, including [BES92], [Xue94], and [Nor87].
The Water problem is to find the native state of a group of water molecules; whose potential

energy 1is given by a sum of energy terms between pairs of water molecules. A global optimization
approach to this problem has been described in [BDE*93] and [01d93].



Characteristic of both the Lennard-Jones and the Water problem is that their potential energy
functions have lots of local minimizers, many near the global minimum. Therefore, finding the
global minimum, and consequently the native state, is a very hard problem.

2.3 The Protein Folding Problem

A problem that is closely related to the cluster problems mentioned above, is the problem that
will be addressed in this thesis: the protein folding problem [CD93] [Ric91]. The protein folding
problem is defined in [Anf73] as the problem of finding the native state of a protein in its normal
physiological milieu. As in the cluster problems, this is believed to be a unique state. Before we
exactly define the problem in terms of global optimization, we first give a brief introduction in
the chemistry of proteins, followed by the terminology used in this thesis, after which we give a
description of the potential energy function used.

2.3.1 Chemistry

A protein 1s a sequence of amino acids linked together in a chain. In nature twenty different
amino acids exist, which all have the same basic structure: a backbone and a side chain. The
backbone is the same for each amino acid, whereas each of the amino acids has a unique side
chain. The amino acid sequence of a protein is called its primary structure. Remarkably, this
primary structure defines the native or folded state of the protein completely [Ric91]. However,
the rules according to which the protein folds are not discovered yet, and are often referred to as
‘the second half of the genetic code’, which implies that the problem of finding these rules is a very
hard problem. In identifying the folded state of a protein, one usually recognizes an intermediate
state first: the secondary structure. Looking at the final, folded state —or tertiary structure— of
the protein, one can identify regions which have distinct characteristic shapes. Such a region is
said to have secondary structure. Three characteristic shapes exist:

a-helices the backbone atoms of the amino acids in the region of secondary structure form a
helix;

B-sheets the backbone atoms of the amino acids in the region of secondary structure form two
or more adjacent strands running parallel or antiparallel (parallel, but strands go in the
opposite direction);

random coil the backbone atoms of the amino acids in the region of secondary structure do not
assume any regular shape.

The tertiary structure of the protein then can be seen as assembled of individual pieces that
have such secondary structure. This tertiary structure is the final folded state in which the
protein resides. It is believed that a protein first folds some regions into secondary structure, after
which it folds these regions into its final tertiary structure [Bal89]. Research is still going on in
determining whether a protein folds through a single sequential pathway [Cre88], or whether there
is no unique folding pathway [SK90]. It has even been proposed that a protein folds like humans
solve a jigsaw puzzle, with multiple routes to a single solution [HD85]. However, consensus exists
on the hypothesis that there is a single folded state that will occur at the end of the folding
pathway.

2.3.2 Terminology

Besides the notion of primary, secondary, and tertiary structure, it is useful to define some other
terms that will be used frequently throughout this thesis. We start by describing two different, fully
equivalent coordinate systems that are used to describe the conformation of a protein: internal
and external (or cartesian) coordinates. The position of a group of atoms in space can be specified
in either one of these representations. In external coordinates, we explicitly represent the cartesian
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coordinates of each atom (i.e., the z, y, and z coordinate of each atom). An alternative approach
1s to use internal coordinates, which are more closely related to the structure of a protein. In
internal coordinates, we use the bondlength, bondangle, and dihedral angle notions to specify the
coordinates of the atoms. The bondlength is simply defined as being the Fuclidian distance
between two consecutive atoms. The bondangle is the angle between three consecutive atoms,
assuming the atoms are located in a single plane.

Just the bondlength and the bondangle are not sufficient to specify the position of an atom in
a protein chain; its position still has one degree of freedom left. Given a sequence of four atoms,
the first and fourth atom can still rotate around the axis of the middle two. The notion of a
dihedral angle comes into play here. In the sequence of four atoms, it is the angle between the
plane defined by the first three atoms in the sequence and the last three atoms in the sequence
(so the middle two atoms are part of both planes). Given the position of the first three atoms
in the sequence, the bondlength between the last two atoms, the bondangle formed by the last
three, and the dihedral angle formed by all four, the position of the fourth atom is completely
determined. We call this kind of dihedral angle a proper dihedral angle.

Another case occurs when one considers side chains: a sequence of three atoms with a fourth
atom bonded to the second. In this case, we can not use the proper dihedral angle. Instead, we
define the so-called tmproper dihedral angle as being the angle between the plane formed by the
three atoms in sequence and the plane formed by the first and third atom in the sequence, together
with the fourth atom.

These two variants of dihedral angles are sufficient to specify the position of every atom in the
protein, given the position of the first three atoms in the whole sequence of atoms in the complete
protein.

Note that the number of variables in both the internal and external representation are the same;
therefore there is no advantage in using either one from this perspective. However, other reasons
influence the choice of representation. For example, it is easier to keep bondlengths and bondangles
fixed in internal coordinates than in external coordinates. This will reduce the dimensionality of
the problem to 1/10-th of the original dimensionality, without the protein losing its ability to fold
itself into the native state. Furthermore, one of the three dihedral angles in the backbone of an
amino acid is rigid. Therefore, we are able to further reduce the number of free variables per
amino acid to two: the two free dihedral angles in the backbone of the amino acid. This gives
the internal representation —fixing most of the free variables— an advantage in dimensionality of
1/15-th over the external representation.

2.3.3 The Potential Energy Function

As in molecular cluster problems, it is widely believed that in the native state of a protein the
potential energy of the protein is globally minimized. Therefore, we need a potential energy
function to model the energy of a protein. Many potential energy functions have been developed
to model proteins. Among these, perhaps the three most widely used are ECEPP, AMBER, and
CHARMM. ECEPP has been developed and improved by Scheraga and co-workers [MMBS75]
[NPS83]. Tt differs from AMBER and CHARMM in the sense that a lot of the terms that can
vary in these two energy functions, are rigid in ECEPP. AMBER, developed by Weiner et al
[WKNC86], and CHARMM, developed by Brooks et al [BBOT83], are very similar with only
slight differences in the energy terms.

For the research described in this thesis, we have used the CHARMM potential energy function.
The CHARMM potential energy function is based on separable internal coordinate terms and
pairwise nonbonded interaction terms. It consists of a sum of many terms and is given as follows:

E=FEy+Eg+ Ey+ By + Eyaw + E (2.1)

in which the first four terms are the separable internal coordinate terms and the last two the
pairwise nonbond interaction terms. The formula for each of these terms, as well as the relevant
definitions, are given below.



Ey, is the bond potential, which is given by E, = > ky(r — rg)?. ks is a bond force constant
dependent on the type of the atoms involved in the bond. The actual bondlength is 7, while
ro 1s the equilibrium bondlength, i.e., the ideal bondlength for the type of atoms involved in
the bond.

Ejy is the bond angle potential, which is given by Eg = > kg (0 —05)?. kg is an angle force constant
dependent on the type of the atoms that constitute the angle. The actual bondangle is given
by 6, while 8y is the equilibrium bondangle, i.e., the ideal bondangle for the type of atoms
involved in the bondangle.

E, is the proper dihedral angle potential, which is given by E, = " |k, — kocos(ne)|. k, is a
dihedral angle force constant, dependent on the type of the atoms that constitute the proper
dihedral angle. n is a multiplication factor, which can have the value 2, 3, 4, or 6. ¢ 1is the
actual proper dihedral angle.

E,, is the improper dihedral angle potential, which is given by E, = > k,(w — wg)?. k, is an
improper dihedral angle force constant, dependent on the types of the atoms that constitute
the improper dihedral angle. w is the actual improper dihedral angle, while wy is the equili-
brium improper dihedral angle, i.e., the ideal improper dihedral angle for the types of atoms
that constitute the improper dihedral angle.

Eyqw s the Van der Waals potential, which is given by Eyqw = Zi# (1/7“2»1]»2 — 2/7“2»6]»). 7;; 1s the
actual distance between the two atoms for which the Van der Waals potential is calculated.

E.; 18 the electrostatic potential, which is given by F. = Zi# ¢:q;/4megri;. ¢; and g¢; are the
charges of the two atoms for which the electrostatic potential is calculated, r;; is the distance
between those two atoms and ¢g is the di-electric constant.

Ey is summed over all pairs of bonded atoms. Fjy is summed over all bondangles. £, and E,
are summed over all proper dihedral angles, respectively all improper dihedral angles. Finally,
Eyaw and E; are summed over all pairs of atoms. The first four terms force the local structures
(bondlength, bondangle, proper dihedral angle, and improper dihedral angle) into their ideal
values. The last two terms account for the long range attractive and repulsive interaction forces,
that force the local structures out of their ideal values in order to fold the protein in its native
state.

2.3.4 The Problem Definition

Now that we have described the potential energy function, we can define the actual problem. Under
the assumption that in the native state the potential energy of a protein is globally minimized, we
define the problem as follows:

Given the primary structure of a protein, find its tertiary structure using a global optimization
algorithm with the given potential energy function as the objective function.

This global optimization algorithm has to be able to solve problems with many more vari-
ables than 2-6, since even the smallest proteins have a large number of free variables. Apart
from that, the potential energy function is known to have many local minimizers and finding the
global minimizer among those is a challenging problem. For proteins, the speculation is that the
potential energy function has at least 3" local minima, n being the number of {ree variables [L.S87]
[WCMS88]. Therefore, the protein folding problem belongs to the class of NP-hard problems
[CSW94].

The rest of this thesis is concerned with the design and implementation of a global optimization
algorithm that is able to solve the protein folding problem.



Chapter 3

Other Approaches

3.1 Introduction

In this chapter we will look at the various approaches that have been developed to solve the protein
folding problem. We do not limit ourselves to global optimization methods. Instead, we divide
the proposed solutions into three classes: prediction methods, global optimization methods, and
alternative methods. Prediction methods are concerned with predicting the native structure of a
protein, based on its amino-acid sequence. Global optimization methods are applicable to a wide
variety of problems, not just the protein folding problem. The methods in the alternative class
are methods not covered by the first two classes. We discuss some of the most important methods
from each class in the following sections.

3.2 Prediction Methods

Most prediction methods are concerned with predicting the secondary structure of a protein. They
classify each amino acid as part of an a-helix, a 3-sheet, or random coil. The purpose of these
methods is to identify the regions of secondary structure, in order to be able to build —manually—
good initial structures for algorithms that further refine those structures into the native state. In
most of the cases, such a refinement algorithm is simply a local minimization algorithm, which
is applied to many initial structures. Hopefully, one of the structures after local minimization
—specifically, the one with the lowest potential energy— will be the structure of the native state.

Many secondary structure prediction methods have been developed (see [Fas89]). One of the
oldest and best known algorithms is the Chou & Fasman algorithm. Recently, neural networks
have been used to predict the secondary structure of a protein. Both algorithms are concerned
only with the classification of the secondary structure of each amino acid in the protein, and will
be discussed briefly below.

3.2.1 The Chou & Fasman Algorithm

The Chou & Fasman algorithm [PF89] is a statistical algorithm. Using X-ray crystallograhic
technology, Chou and Fasman examined structures of a number of proteins in their native states,
and tabulated the number of occurrences of a given amino acid in an a-helix, a S-sheet, and random
coil. From this, the conformational parameters for each amino acid were calculated by considering
the relative frequency of a given amino acid within all proteins, its occurrence in a given type of
secondary structure, and the fraction of amino acids occurring in that type of structure. These
conformational parameters are essentially measures of a given amino acid’s preference to be found
in a-helix, B-sheet, or random coil.

Based on these parameters, Chou and Fasman formulated a set of empirical rules for predicting
protein structure (page 394, [PF89]). Using these rules, one is able to predict the secondary
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structure of a protein with an accuracy of about 50 percent. The limited accuracy of the predictions
is believed to be due to the relatively small number of proteins from which the conformational
parameters are calculated. Also, secondary structure might be influenced by the tertiary structure,
which is not taken into account at all in this method [HK89].

Despite its limitations, the method is very popular and widely used. Many improvements,
which we will not discuss here, have been proposed and implemented. However, the original
algorithm still seems to be used the most.

3.2.2 Neural Networks

A neural network is a numerical model of many simple elements, that can be trained from training
sets to recognize certain patterns. It consists of a set of computational units, organized in a
layered manner. Normally a network consists of an input layer, a hidden layer, and an output
layer. Each layer 1s fully connected to the next layer. There are no connections within a layer.
Each connection between a pair of units has a weight attached to it. Each unit has an activation
formula, that calculates its output activity from its input activity. The input activity of a unit is
the weighted sum of all the output activities of the units from the previous layer connected to this
layer. The applied weights are the weights of the connections. Because the weights influence the
input activity of a unit —and consequently the activity in the neural network—, we can change
the behavior of a network by simply adjusting its weights.

Assigning the desired weights oneself is a nearly impossible task. However, one can train a
neural network in order to let it find the ideal weights itself. Training is usually done by presenting
the network a number of input cases, together with the desired output for each input case. By
comparing its output with the desired output, the neural network will measure the error it makes
for this particular input. Based on this error it will adjust the weights. Repeating this process
will eventually lead to a network that i1s able to produce the desired behavior. If the training set
1s a representative subset of the total set, the network is expected to behave correctly for cases
that were not included in the training set as well.

Qian and Sejnowski [QS88] were among the first to use a neural network to predict the se-
condary structure of a protein. Their neural network consists of 17 input units, 40 hidden units,
and 3 output units. Each output unit represents one of the possible secondary structures: «a-helix,
(F-sheet, or random coil. During training, they require one of the output units to be ‘on’ and the
others ‘off’. The unit that is ‘on’ indicates in which secondary structure the amino acid resides.
Qian and Sejnowski believe the secondary structure of an amino acid is mostly influenced by the
8 amino acids on each side of this amino acid. Therefore, the input for their neural network
consists of a sequence of 17 amino acids, the middle amino acid being the amino acid for which
the secondary structure has to be determined. To predict the secondary structure for each amino
acid in a protein, one has to ‘slide’ the protein along the neural network.

In order to asses the performance of their neural network, Qian and Sejnowski carefully selected
106 proteins. A subset of these was used to train the network; the rest were used to test the
network. This resulted in a performance of about 64 percent correct predictions. Based on these
experiments, various other neural networks were tried [HK89] [KCL90] [SLX92], but none of them
was able to substantially improve the performance. This seems to be due to the same reasons as
the Chou & Fasman algorithm: the limited size of the training set and the influence of tertiary
structure on secondary structure. Research is still going on in order to account for these limitations.

3.3 Global Optimization Methods

According to Abagyan, global optimization methods have the largest potential to solve the protein
folding problem [Aba93]. Given an empirical energy function, global optimization methods try
to find the global minimum of this function. Under the assumption that the empirical energy
function models the folded state of a protein exactly, the tertiary structure represented by the
global minimum of this function will be the native state of the protein. According to Abagyan



and Argos this can not be assumed [AA92]. Their belief is that the current empirical potential
energy functions do not resemble the actual folded state closely enough. Therefore, global opti-
mization methods should create many minimizers, instead of just one (the global minimum). The
more general belief though, is that empirical energy functions model the folded state of a protein
accurately enough to state that the global minimum of the energy function corresponds to the
native state of a protein. In any case, finding many low energy minimizers is considered useful,
since this will give more insight in the way proteins fold into their native states.

Many global optimization methods have been developed, but many are only reliable for small-
scale problems (i.e., 1-6 variables). However, some methods are applicable to larger problems. The
best known are simulated annealing and the genetic algorithm. We will describe both algorithms
in greater detail below.

3.3.1 Simulated Annealing

Simulated Annealing, first reported by Kirkpatrick et al [KGV83], is based on a connection bet-
ween statistical mechanics and the process of crystallization. If a physical system is melted and
then cooled slowly, the entire arrangement can be made to produce the most stable (crystalline)
arrangement, and not get trapped in a local minimum [WC90]. Given the function to optimize,
and initial values for the free variables, simulated annealing starts at a high —artificial— tempe-
rature. While cooling the temperature slowly, it repeatedly chooses a subset of the free variables
and changes these variables by random numbers. If the objective function has a lower function
value, the new variables are chosen to be the initial variables for the next iteration. If the func-
tion value is higher, the new variables are chosen to be the initial variables for the next iteration
with a certain probability, that depends on the change in value of the objective function and the
temperature. The higher the temperature and the lower the change, the more probable the new
variables are chosen to be the initial variables for the next iteration. Throughout this process,
the temperature becomes lower and lower, until eventually the variables do not change anymore.
Then, the function is presumably at its global minimum.

This approach has been used by Wilson and co-workers to find the native state of several
proteins [WCMS88] [WC90]. Their results are quite encouraging. They are able to find the native
state of most of the smaller proteins (2 to 10 amino acids), using the AMBER potential energy
function. However, due to the random nature of the process, multiple runs of the annealing
process are usually required to achieve this result. In addition, devising the right cooling schedule
is crucial. If the cooling schedule is too fast, the global minimizer of the objective function, and
consequently the native state of the protein under consideration, will not be found.

Wilson et al also experimented with their algorithm on larger proteins with 20 to 80 amino
acids, but were not as successful as on the smaller proteins. Despite huge amounts of CPU time
—sometimes 10 runs of 26 hours each—, their algorithm did not find the global minimizer. Further
research is certainly necessary to determine the applicability of simulated annealing to proteins
this large.

3.3.2 The Genetic Algorithm

The genetic algorithm is an optimization technique derived from the principles of evolutionary
theory. In genetic crossover, the genes of two sources in a population are mixed, thereby creating
new genes. These new genes, the children, will have some characteristics of the genes of both
parents. In the evolution process, some random mutation of the newly created genes may take
place as well. This process of crossover and mutation repeats infinitely in nature. One other
important aspect of evolution in nature is the survival of the fittest principle. Because of this
principle, the genes of the fitter —better— creatures within a population will have more chance
to propagate through children than the genes of unhealthy creatures. This implies that through
time, the quality of the population increases.

Now, if each member of the population is a distinct set of variables, and if we have an objective
function, we can apply this process to the population of variables. We encode the set of variables



of a structure as a gene, with each gene having a corresponding function value (the value of
the potential energy function for the values of the variables in the gene). A global optimization
algorithm would then consist of repeatedly crossing the genes, randomly mutating the newly
obtained genes, and removing some of the genes out of the population that have a bad function
value. If we repeat this process long enough, we eventually hope to have a population with genes
(i.e., sets of variables) that have a low corresponding function value. The best function value then
presumably will be the global minimizer.

Le Grand and Merz applied this technique to the protein folding problem, using the AMBER,
potential energy function [LM92]. The technique produced the correct results for a protein with 9
amino acids. It also produced very low minimizers for a protein with 5 amino acids, however, these
were not obtained consistently. Applied to a protein consisting of 46 amino acids, the algorithm
took a month to complete on an SGI IRIS 4D /220, without finding the native state of the protein.
Le Grand and Merz suspect that the potential energy function used does not account for all the
driving forces of protein folding, explaining why their algorithm did not find the native state of the
protein. However, even if the potential energy function would model the driving forces of protein
folding correctly, the algorithm still appears to take too much time to be a serious candidate for
finding the native state of larger proteins.

3.4 Alternative Methods

Besides the prediction and global optimization methods, research efforts towards solving the pro-
tein folding problem over the past years have resulted in a wide variety of approaches [BHW&7]
[BG85] [PS87] [GLSW92] [HGSA91]. Although some of these methods seem to be promising,
researchers have paid more attention to two other types of methods. The first type combines a
smart initial protein building phase with an energy minimization phase. The second type uses a
lattice based search in order to find the native state of the protein. Both types of methods are
described below.

3.4.1 Build-Minimization Methods

Build-minimization methods are among the most popular to solve the protein folding problem.
Their objective is to first build a large number of initial protein conformations, each having a
different shape. Thereafter, the conformations having the lowest energy value are subject to a
local minimization. The hope is that the initial phase creates at least one conformation that has
a folded state close enough to the native state, so that the local minimization performed on this
conformation will result in the conformation folded in the native state. Of course the success of
these methods depends completely on how well the initial protein conformations cover the complete
conformational space. Which local minimization technique is used does not significantly influence
the results.

Many techniques have been used for building the initial conformations, among which are ran-
dom creation [Lev83], tree searching [L.S88], and dynamic programming [VD90]. However, as soon
as larger proteins are addressed, these methods do not perform as well, due to either the random-
ness of the technique (the first method), or the fact that the search space becomes too large (the
latter two methods).

The best known build-minimization method is the one developed by Vasquez and Scheraga
[VS85]. They build their initial protein conformations using a simple buildup procedure. Starting
with the conformations of individual amino acids, they build dipeptides (a structure consisting
of two amino acids) by combining the best individual conformational states. Then, until the
conformation of the desired size is formed, they repeatedly build larger conformations by combining
the smaller conformations that were formed in the previous iteration. At each iteration, multiple
conformations of a certain size are built, but only the best ones (i.e., the ones with the lowest
energy value) are eligible for the next iteration. This guarantees that the method will be able
to handle larger proteins, since it will not create as many intermediate conformations as other
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build-minimization methods. Vasquez and Scheraga used their method to predict the native state
of Met-enkephalin, a pentapeptide, in which they succeeded. Despite this result, and the ability of
the algorithm to handle larger proteins without requiring huge amounts of CPU time, it is unclear
whether the algorithm will perform as well for larger proteins as it does for the relatively small
protein Met-enkephalin. This is due to the fact that for larger proteins the conformational space
1s not completely covered, because only the best intermediate conformations are used to build the
larger conformations of the next iteration.

Recent work in the build-minimization area has focused on applying a Monte Carlo chain
growth technique [LS87] [BGOV93] [Vel] to build the initial conformations before minimization.
The conformation is built atom by atom or amino acid by amino acid, thereby placing the atom
or amino acid with a certain probability at a certain position. This probability can be assigned
any distribution. Depending on the choice of this distribution, the results of this new method are
quite promising, though more research effort definitely is needed.

3.4.2 Lattice Based Search Methods

Lattice based search methods represent the amino acids of a protein as points on a three-dimensional
lattice. The lattice usually has the shape of a diamond, although other lattices are in use as well.
Each amino acid is encoded to be either H (hydrophobic: lacking affinity for water) or P (hy-
drophilic: having strong affinity for water), since the belief of the researchers in this area is that
these forces completely guide the folding process. The mapping of a protein conformation on the
lattice 1s then a sequence of connected points that are either H or P. Given the lattice, a num-
ber of lattice-specific moves are defined. Each move represents a change in the mapping of the
conformation on the lattice. Finally, an objective function based on the lattice should be available.

The search on the lattice 1s usually a Monte Carlo based search. First, a protein conformation
is projected randomly on the lattice. Then, for a specific number of iterations, a random amino
acid 1s chosen to be moved. Which move is made depends on a certain probability. Then, after the
move has been made, the new energy is calculated. If this energy is lower, the new configuration
is accepted as the initial configuration of the next iteration. If the energy is higher, the new
configuration is accepted with a certain —low— probability. This process is analogous to the
Simulated Annealing process (see 3.3.1).

The lattice based search method was pioneered by Chan and Dill [CD93] and it was refined
by Skolnick and Kolinski [SK90] [SK91]. They report some good results. However, as O Toole
and Panagiotopoulos point out [OP92], the results obtained by Skolnick and Kolinski are obtained
by biasing the objective function to have certain residues take on certain conformations. This
implies that, if the residue happens to be in a different state in the tertiary state of a protein,
Skolnick and Kolinski will never find this tertiary state. Without this bias, the results obtained
by O’Toole and Panagiotopoulos are not as good. This is due to the fact that by encoding the
twenty different amino acids in two key factors (H and P), one loses valuable information that is
used by the protein to guide its folding process. If this information could be added to the lattice, a
lattice based search method might prove to be a good method to use in solving the protein folding
problem.
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Chapter 4

Our New Algorithm

In this chapter we describe our newly developed global optimization algorithm. This is done in
terms of the protein folding problem, which is the test problem that we used for the algorithm.
First we give a brief description of the algorithm designed for the Lennard-Jones, as well as of the
algorithm designed for the Water problem, since our new algorithm is based on these algorithms.
Then we present a general outline of the new algorithm, hereby noting the differences with both
the Lennard-Jones and the Water algorithm. After that, we describe the individual steps of the
new algorithm in detail. We describe the alternatives we had to choose from, which heuristics
were used, and any further important aspects of the algorithm. In the last section we describe
how its parallel implementation influences the algorithm.

4.1 The Lennard-Jones And The Water Algorithms

The basis for our new global optimization algorithm is formed by the algorithms developed for
the Lennard-Jones problem [BES92] and the Water problem [BDE*93] [O01d93]. These algorithms
are reviewed briefly in this section.

The Lennard-Jones and the Water problem are very similar. Both problems have a potential
energy function that is partial separable. Any function that is the sum of functions, each of which
only involves a disjoint subset of the variables, is called partial separable. In the Lennard-Jones
and the Water problem, partial separability implies that if a single atom or molecule in a cluster is
moved, the potential energy can be re-evaluated cheaply at a cost that is only 2/n-th of the cost of
a total function evaluation, where n is the total number of atoms or molecules in the cluster. This
is due to the fact that the potential energy function consists only of sums of pairwise interactions
between atoms or molecules. Since not only work is done in the full dimensional parameter space,
but also in a small subset of this space, the algorithms developed to solve the Lennard-Jones and
the Water problem rely heavily on this property. The subset of the parameter space that is chosen,
is problem dependent. In the Lennard-Jones problem, the subset of variables consists of a single
atom, whereas in the Water problem, this subset is a single water molecule.

Both algorithms consist of two phases. In terms of global optimization, during the first phase
—the sample generation phase— an initial set of minimizers is generated that have a fairly good
energy value. In the second phase —the local minimizer improvement phase— special perturbation
techniques are used to repeatedly improve local minimizers found in either the first or the second
phase.

Since the algorithms to solve the Lennard-Jones and the Water problem are very similar, we
will from now on only describe the algorithm to solve the Water problem, hereby where appropriate
mentioning the differences with the algorithm to solve the Lennard-Jones problem.

During the first phase of the algorithm, a full dimensional random sample is generated by
randomly and independently placing each water molecule. The sample points with the highest po-
tential energies are discarded, and the remaining sample points are improved by using a technique
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that randomly samples on, and moves, a single molecule at a time, until the potential energy of
the cluster falls below a certain threshold level. From the resulting sampled clusters a subset is
selected, and the clusters in this set are used as start points for local minimizations. Some of the
local minimizers found in this phase are passed on to the second phase for improvement.

The second phase of the algorithm is executed for some number of iterations. During each
iteration the algorithm first selects, using a heuristic, a particular cluster. Thereafter this cluster
is expanded relative to the center of mass of the cluster!. The molecule that contributes most (or
second most) to the potential energy of the selected cluster is chosen, and a global optimization
algorithm is applied to the cluster with only this molecule as a variable and the remainder of the
cluster fixed. Next, full dimensional local minimizations are applied to the best clusters resulting
from the single molecule global optimization step. The clusters with the lowest new potential
energies can then be used as start clusters for a following iteration.

Algorithm 4.1 outlines the framework of the global optimization algorithm in terms of the
Water problem. Eventually, the best minimizer in the list of full-dimensional local minimizers
should be the global minimum. This algorithm has been implemented on a parallel machine, and

is exhaustively described in [BDET93] and [01d93].

4.2 Outline Of The New Algorithm

If we take a look at the protein folding problem, it becomes clear that the Water algorithm as it
is can not be applied. The main reason is the chain structure of a protein. Moving an atom in
the backbone of the protein influences the position of the other atoms along the backbone as well.
Therefore, using the internal coordinate system as we do, the potential energy function can not
be expressed as a simple sum of pairwise interactions, each of which involves only a small subset
of the variables. Hence the partial separability that the Water algorithm utilizes has disappeared,
resulting in the need for a new algorithm. ‘One-particle sample improvement’ (step 1b in the Water
algorithm) is not possible anymore. This forces an almost complete new phase 1, because this step
was almost solely responsible for the good initial minimizers produced in this phase. Furthermore,
expansion is completely impossible: the chain structure of the protein, and the internal coordinate
system we use, simply prohibit this step. Finally, the cheap re-evaluation utilized in the ‘One
molecule global optimization’ (step 2c¢ in the Water algorithm) does not exist anymore, implying
a new role for this step in the new algorithm.

Before we give an outline of the new algorithm, we have to address some issues concerning the
way we use the protein folding problem as a test problem. We noted before (section 2.3.2) that
one can choose to represent the protein either in internal coordinates or in cartesian coordinates,
and that the number of free variables in both representations is the same. Since it is easier to fix
values that are ‘natural’ to the protein, like bondlengths and bondangles, we apply our algorithm
to the protein represented in internal coordinates. In order to reduce the dimensionality of the
problem, we fix all internal parameters, except the two proper dihedral angles per amino acid that
give the backbone of the protein its shape. All bondangles, all bondlengths; all improper dihedral
angles, and the third proper dihedral angle in each amino acid, are fixed at their ideal values.
This reduces the dimensionality of the problem to about 1/15-th of the original problem, without
limiting the folded states a protein can attain.

We can now turn our attention to the new global optimization algorithm, developed to solve
the protein folding problem. As in the Water algorithm, the algorithm consists of two phases: a
first phase in which initial conformations of the protein are built, and a second phase in which the
conformations are improved.

Because it is impossible to move a single atom in a protein chain, the way protein conformations
are built in the first phase has changed drastically from the way water clusters are built in the
Water algorithm. Instead of randomly sampling each atom, followed by repeatedly executing an
improvement step, a conformation is built directly. One by one, each dihedral angle (except the

IThis was originally not done for the Lennard-Jones problem; research towards using this technique for the
Lennard-Jones problem has only recently begun.
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Algorithm 4.1

1. First —sample generation— phase: Do the following once:

(a)

(b)

(d)

Sampling in full domain: Randomly generate the coordinates of sample clusters; and
evaluate the potential energy of each sample cluster. Discard all sample clusters whose
potential energies are above a global cutoff level.

One-particle sample improvement: For each remaining sample cluster: while the
potential energy is above a global threshold value, and a maximum number of iterations
per cluster is not reached, repeat:

e Select the molecule that contributes most to the potential energy;
e Randomly sample new locations for the selected molecule;
e Move the molecule in the sample cluster to the newly sampled location that gives

the lowest energy for the cluster.

Start point selection: Select a subset of the best improved sample clusters for local
minimizations.

Full-dimensional local minimizations: Perform a local minimization on the coor-
dinates of each start cluster selected. Collect some number of the best of these local
minimizers for improvement in phase 2.

2. Second —local minimizer improvement— phase: Iterate for some fixed number of
times over the following steps:

(a)
(b)

(c)

Select a cluster: From the list of full-dimensional local minimizers, select a local
minimizer using a heuristic to determine the most promising candidate.

Expansion: Transform the cluster by multiplying the position of each molecule relative
to the center of mass of the cluster by a constant factor (leave the internal structure of
each molecule unchanged).

One molecule global optimization: Select the molecule whose partial energy, before
expansion, has the worst (or second worst) value. Apply a global optimization algorithm
to the expanded cluster with only this molecule as a variable. This global optimization
algorithm not only produces the global minimum, but several additional local minimizers
as well. Therefore, this step results in several new clusters.

Full-dimensional local minimization: Apply a local minimization procedure, using
all molecules as variables, to the lowest clusters that resulted from the one molecule
global optimization.

Merge the new minimizers: Merge the clusters with the lowest new potential ener-
gies into the existing list of local minimizers.
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ones that are fixed) is sampled some number of times, and the sample point that results in the
best partial potential energy (calculated from the beginning up to the last atom whose position is
determined by the dihedral angle currently worked on) will be chosen. Sampling then continues
with the next dihedral angle. Thus, the conformation is built from the beginning to the end
without the need of an explicit improvement step. The improvement is an implicit part of the
sampling. After a certain number of conformations is constructed this way, some of the best are
taken to be subject to a local minimization algorithm. The best resulting conformations —the
ones that have the lowest potential energy— will be used as initial minimizers for the second
phase.

The second phase of the new algorithm is fairly similar to the second phase of the Water
algorithm. As the first step, a local minimizer is chosen to work on. Second, using some heuristic,
a small number of dihedral angles is chosen, to which a small scale global optimization algorithm
is applied with only these dihedral angles as variables. This global optimization algorithm results
in several minimizers, among which the global minimum should be. The best of these minimizers
found are then be subject to a full-dimensional local minimization with all dihedral angles as
variables. The local minimizers found this way are merged into the list of minimizers. These steps
are repeated for some fixed number of iterations. Compared to the Water algorithm, two things
have changed notably:

e No expansion is done in the new algorithm. This is impossible due to the fact that a protein
has a chain structure.

e Instead of a single molecule, some small number of dihedral angles is chosen to be the free
variables in the subsequent small scale global optimization step. This is due to two reasons.
First of all, we believe that during the execution of a small scale global optimization, the
protein needs to have some flexibility to change its shape. A single dihedral angle does not
provide this flexibility. Computational experiments have shown that at least three dihedral
angles are necessary. Second, since no cheap re-evaluation of the potential energy function is
possible, more use should be made of an expensive step like a small scale global optimization.
This is done by letting this part of the algorithm do more work at the same time, i.e., do work
on multiple dihedral angles at the same time. The fact that a small scale global optimization
has to work on more than one variable is —for small numbers of variables— neglectable.

Despite these changes, the main idea of the second phase —improving existing minimizers by
doing some work on a subset of the parameters and some work in the full dimensional parameter
space— 1s still very much there.

Algorithm 4.2 summarizes the above description. As for the Water algorithm, eventually the
lowest full-dimensional minimizer in the list of local minimizers should be the global minimum.
The corresponding values of the variables then represent the native state of the protein under
consideration.

4.3 The New Algorithm In Detail

In this section we will take a closer look at each of the steps of the new algorithm. We will describe
the most important aspects of each step, the alternatives we had to choose from, and, if applicable,
which heuristics are available.

4.3.1 Step la: Create Initial Minimizers

For this step, several methods have been tried, of which the one described as part of algorithm 4.2
gave —as will be shown in chapter 5— the best results. Each of these methods is based on the same
idea: build the conformation of the protein dihedral angle by dihedral angle. The methods merely
differ in decisions as to whether to continue building the conformation or to back up a dihedral
angle in case the partially constructed conformation i1s bad according to some criterion. The
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Algorithm 4.2

1. First —sample generation— phase: Do the following once:

(a)

(b)
(c)

Create initial minimizers: Create initial sample points, by building conformations
of the protein dihedral angle by dihedral angle. Each dihedral angle 1s sampled some
fixed number of times, and the value that gives the conformation under construction
the best partial energy is selected to continue building the conformation.

Start point selection: Select a subset of the best sample points for local minimizati-
ons.

Full-dimensional local minimizations: Perform a local minimization on each start
point selected. Collect some of the best of these local minimizers for improvement in
phase 2.

2. Second —local minimizer improvement— phase: Iterate for some fixed number of

times over the following steps:

(a)

(b)

Select a conformation: From the list of full-dimensional local minimizers, select a
local minimizer —that was not used before—, using some heuristic to determine the
most promising candidate.

Select a set of free variables: Using a heuristic, select some small number of dihedral
angles of the protein conformation selected in step 2a to be the free variables in the next
step.

Small scale global optimization: Apply a global optimization algorithm to the
protein conformation with only the in the previous step selected dihedral angles as
variables. The global optimization algorithm not only produces the global minimum,
but additional low local minimizers as well. Therefore, this step results in several new
protein conformations.

Full-dimensional local minimization: Apply a local minimization procedure, using
all dihedral angles as variables, to the protein conformations with the lowest potential
energy that resulted from the small scale global optimization.

Merge the new minimizers: Merge the new protein conformations with the lowest
potential energy into the existing list of local minimizers.
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methods use the notion of partial energy, which is the potential energy of a protein conformation
that is built up to a certain dihedral angle. The following methods, each of which will be discussed
in full in subsequent paragraphs, have been tried:

1. Sample each subsequent dihedral angle once, until the whole conformation is built, or the
partial energy of the part of the conformation built hitherto is above a certain constant
threshold. If the partial energy is above the threshold, resample the dihedral angle until
the partial energy is below the threshold. If a dihedral angle is resampled some maximum
number of times, quit the resampling of this dihedral angle and back up to the previous
dihedral angle. Continue the resampling process with that dihedral angle.

2. Sample according to method 1. However, the threshold is not a certain constant threshold,
but a threshold that is a combination of a constant threshold, and a value that is based on
an initial conformation of the protein. This results in a threshold that follows the pattern
of partial energies more closely than a constant threshold.

3. Sample each dihedral angle some number of times, and use the dihedral angle with the lowest
partial energy to continue building the protein conformation.

4. Sample each subsequent dihedral angle once, until the whole conformation is built, or the
partial energy is above a certain constant threshold. If the partial energy i1s above the
threshold, use the dihedral angle that resulted in the lowest partial energy to continue
building the protein. This is in principle method 1, but as soon as the need for resampling
arises, we continue sampling as in method 3.

In cases 1 and 2 —where we back up a dihedral angle in case we have sampled a particular dihedral
angle the maximum number of times— we start building a new protein if we back up from the
first dihedral angle. In each method, we can vary the maximum number of times a dihedral angle
can be sampled. Results with varying numbers will be presented in chapter 5.

Construction Method 1

This method was the original method that was to be part of the algorithm. Its idea is simple: if
a good value is sampled for a dihedral angle, there is no need for extra work, and we can continue
with the next dihedral angle. If a bad value is sampled for a dihedral angle, we simply resample
the dihedral angle. If after some maximum number of samples still no good value for the dihedral
angle can be sampled, probably one of the dihedral angles earlier in the sample process is the
cause, and we back up one dihedral angle to —hopefully— bypass this problem.

For small proteins this strategy works reasonable well. However, for larger proteins, the strategy
turns out to be really expensive. It can easily be seen that in the worst case the algorithmis O(m"),
m being the maximum number of samples for each dihedral angle, and n being the number of
dihedral angles to be sampled. If the maximum number of samples is 10, and the process has to
back up 5 dihedral angles, the number of useless function evaluations is already 100, 000. Backing
up b steps is certainly not impossible, especially if proteins consisting of for example 40 amino
acids, with 80 dihedral angles to be sampled, are built.

Construction Method 2

The second method was ment to be an improvement over the first. Choosing a threshold level
in the first method was hard, since during the course of sampling, the further we get with the
construction of the protein conformation, the lower the partial energy is?. A constant threshold
will then be tight at the beginning, but very loose at the end. Using an initial protein conformation,

2This is due to the increasing number of long range interactions. These consist of the Van der Waals potential
and the electrostatic potential. Both of these usually have negative energy terms, which account for the lower
partial energy if the protein is longer.
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and offsetting its partial energy at each stage with a constant threshold, should be a better way
of thresholding.

However, this method suffers even more from the back up flaw mentioned for method 1. Since
the threshold is more tight at the end of the building of the protein, more back up steps will be
done, resulting in an even more expensive method.

Construction Method 3

The third method takes a more radical approach. Since the former two methods obviously are
not suited for larger proteins, because of their expensive worst case behavior, we needed a cheaper
method. Method 3 is such a method, its cost is O(mn), m and n defined as above. A dihedral
angle is sampled m times, and the dihedral angle resulting in the lowest partial energy is chosen.
Sampling then continues with the next dihedral angle.

This method, as we will see in chapter 5, performs really well, and turns out to be the cheapest
method as well. Therefore, it has been made part of algorithm 4.2.

Construction Method 4

Method 4 was an attempt to obtain an even cheaper method than method 3. It is a combination
of method 1 and method 3. Method 1 is applied as long as no back up step 1s necessary, i.e., as
long as a good value for a dihedral angle is sampled before the maximum number of samples is
reached. If the maximum number of samples is reached, method 4 deviates from method 1. No
back up step is done; instead we continue as in method 3.

This method is clearly cheaper than method 3: no extra samples are done in the early stages.
However, it turns out that it performs by far not as good as the other methods. Whereas the other
methods try to do some improvement in case a bad situation occurs, this method continues with
a bad, partially built up conformation. Initial tests led to far inferior sample points; therefore this
method was not pursued at all.

4.3.2 Step 1b: Start Point Selection

This step 1s a rather simple one. All the resulting sample points from the previous step are
gathered, and ordered on function value. The k —k can be varied— sample points with the lowest
function value will be chosen to be used in the next step.

4.3.3 Step 1c: Full-Dimensional Local Minimizations

In this step, all sample points selected in the previous step are subject to a full-dimensional local
minimization. All dihedral angles (except the ones that are fixed) are variables during the local
minimization. The resulting minimizers are then collected. Minimizers that are found more than
once will be part of the resulting set only once.

4.3.4 Step 2a: Select A Conformation

Before the second phase starts, the minimizers that were collected in step lc are given a unique
label. Thereafter, the minimizers are used to construct the initial list of minimizers. If a minimizer
1s selected from the list, the new minimizers that stem from it are labeled with the same label as
that minimizer and put into the list. However, if a new minimizer is the same as another minimizer
on the list, 1t is discarded. Note, that a minimizer can be selected only once to prevent doing
double work.

During the execution of the second phase, for some number of iterations conformations are
selected from the list with minimizers according to a balanced selection criterion —the balancing
phase—, which is followed by some number of iterations during which conformations are selected
according to an unbalanced selection criterion —the non-balancing phase—.
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During the balancing phase, care 1s taken to select the same number of minimizers for each
label. This ensures that at least some work is done on each of the minimizers (and its descendants)
that were produced during the first phase of the algorithm. During the non-balancing phase,
minimizers are selected no matter what the label is. This has the effect that the best minimizers
found after the balancing phase are explored in depth.

In the Water algorithm, a fairly complicated selection criterion, based on both the full potential
energy and the partial energy of the molecule to be selected in the next step®, was used. For the
protein folding problem we have chosen for a simpler criterion: we simply select the protein
conformation that has the lowest potential energy. For the balancing phase this means selecting
the conformation with the lowest potential energy among the minimizers with a particular label,
for the non-balancing phase this means selecting the conformation with the lowest potential energy
among all minimizers.

4.3.5 Step 2b: Select A Set Of Free Variables

This step is one of the most important steps of the whole algorithm. Selecting a good set of
free variables to be worked on in the next step, turns out to be crucial to the success of the
algorithm. No less than eight different selection methods, each selecting some number m —that
can be varied— of dihedral angles, have been tried:

1. Randomly select m dihedral angles;

2. Randomly select a consecutive stretch of m dihedral angles;

3. Randomly select m/2 pairs of adjacent dihedral angles (m is restricted to be an even number);
4. Select the m dihedral angles with the worst normalized interaction energy;

5. Select the m dihedral angles using recursive splitting of the search area;

6. Select the consecutive stretch of m dihedral angles that combined have the worst normalized
interaction energy;

7. Select the m/2 pairs of adjacent dihedral angles that have the worst normalized interaction
energies (m is restricted to be an even number);

8. Select the m dihedral angles with the worst interaction energy, using a different normalization
strategy.

In the following paragraphs, each of the selection strategies will be briefly explained and its strong
and/or weak points will be mentioned.

Selection Method 1: Randomly Select Dihedral Angles

This method was implemented to be a benchmark for the performance of the other methods. It
selects the dihedral angles at random, taking no information at all into account. Of course this
method 1s not the best method; however in practice it performs reasonably well. Due to the fact
that most of the dihedral angles are not at their optimal value in the early stage of the improvement
process, the method performs well in this stage. At a later stage however, this selection method
drops in performance drastically. This is due to the fact that in the later stage specific dihedral
angles need to be worked on. The chance to select only those bad dihedral angles becomes lower
and lower.

3This is possible due to an implementation ‘trick’, that will not be further discussed here.
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Selection Method 2: Randomly Select A Consecutive Stretch Of Dihedral Angles

Randomly selecting a consecutive stretch of dihedral angles was ment to be an improvement over
method 1. The restriction of selecting a stretch should give a conformation more possibilities to
fold itself in the next small scale global optimization step. However, this method suffers from the
randomness of the selection as much as method 1, and turns out to produce comparable results.

Selection Method 3: Randomly Select Pairs Of Adjacent Dihedral Angles

Randomly selecting pairs of adjacent dihedral angles was ment to be an improvement over method 1
as well. Selecting dihedral angles of pairs should —again— give a conformation more possibilities
to fold itself in the next small scale global optimization step. However, like methods 1 and 2,
this method suffers from the randomness of the selection, and does not give any improvement in
overall results of the algorithm compared to selection method 1.

Selection Method 4: Select The Dihedral Angles With The Worst Normalized Inter-
action Energy

This method requires some more explanation than the former three. The basis of this method 1s
formed by the notion of interaction energy. Given a dihedral angle, this is the energy between the
atoms on the left of the dihedral angle and the atoms on the right of the dihedral angle. If we
normalize the interaction energy of each dihedral angle by the product of the number of atoms
on the left and the number of atoms on the right, we are able to make a fair comparison between
the normalized interaction energies. This is exactly what is done in method 4: the dihedral angles
that have the highest normalized interaction energy are selected.

Selecting the dihedral angles this way turns out to be very effective: this method consistently
produces better results than the other seven methods. It seems to be able to select the right
dihedral angles at the right moment, thereby allowing the next small scale global optimization
step to improve the folded state of a conformation considerably. Characteristic 1s that the method
has a tendency to select dihedral angles in small groups. This seems to be what is needed to let
a conformation fold itself properly during the course of the algorithm.

Selection Method 5: Select The Dihedral Angles Using Recursive Splitting Of The
Search Area

Despite the fact that it seems that grouping of dihedral angles seems to work very well, we wanted
to make an experiment in which we can guarantee that the dihedral angles that are selected will
be distributed over the whole conformation. Method 5 provides a way of doing this by using
a recursive splitting technique. Given the normalized interaction energy of each dihedral angle,
the dihedral angle with the worst normalized interaction energy is selected. Then, half of the
remaining number of dihedrals to be selected, will have to be selected on the left of this dihedral
angle, and the rest on the right of this dihedral angle. The selection of the remaining dihedral
angles in a particular region is done the same way: the dihedral angle with the worst normalized
interaction energy is selected, and the remaining number of dihedral angles to be selected in that
region is distributed evenly over the two new regions. This process is repeated until eventually no
dihedral angles are left to be selected.

The results obtained using this method are better than the results obtained using method 1.
However, they are not as good as those obtained by method 4. This seems to be due to the fact
that some of the dihedral angles selected are indeed ‘bad’ dihedral angles; in a sense that they
need to be selected in order to change the folded state of a conformation significantly. However,
some of the dihedral angles selected will not contribute to this process. This is due to the fact
that they are selected in a region where no ‘bad’ dihedral angles are. It seems that distributing
the dihedral angles over a conformation is not as good as the grouping observed in method 4.
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Selection Method 6: Select The Consecutive Stretch In Which The Dihedral Angles
Combined Have The Worst Normalized Interaction Energy

Selecting a consecutive stretch in which the dihedral angles combined have the worst normalized
interaction energy is —in respect to method 4— exactly the opposite of method 5. In this method
the observed subgrouping of method 4 is taken into extreme. The normalized interaction energies
of each consecutive group of some number of dihedral angles is summed up, and the dihedral
angles from the group with the highest normalized interaction energy are selected. Note that the
various groups overlap each other.

Tests with this method produced results comparable to method 5. Due to the same reason
—some ‘bad’ and some ‘good’ dihedral angles are selected—, the results are not as good as those
obtained by applying method 4.

Selection Method 7: Select Pairs Of Adjacent Dihedral Angles That Combined Have
The Worst Normalized Interaction Energy

The worst pairs of adjacent dihedral angles are selected in this method. Based on the same
argument as used for method 3, this method resembles the grouping observed in method 4 very
close. For each pair of adjacent dihedral angles the combined normalized interaction energy of the
two dihedral angles is calculated. Thereafter, some number of the worst pairs are selected to be
worked on in the next small scale global optimization step.

Again, this method does not produce results as good as method 4 does. Although it results
in lower minimizers than methods 5 and 6, the values found are still higher than the ones found
with method 4. The same argument as for methods 5 and 6 can be applied. However, since pairs
are selected, less already ‘good’ —for which no improvement is needed— dihedral angles will be
chosen. Hence the improvement over method 5 and method 6.

Selection Method 8: Select The Dihedral Angles That Have The Worst Normalized
Interaction Energy, Using A Different Normalization Strategy

Method 8 resembles method 4 very closely. The only difference is the normalization strategy. The
interaction energy is not normalized by the product of the number of atoms on the left and the
number of atoms on the right of the dihedral angle. Instead, it is normalized by the maximum of
those two numbers. This strategy is designed to examine the behavior of a different normalization.

Using this method all by itself does not produce very good results. Since most of the selected
dihedral angles are at the ends of a protein conformation, the middle part never gets optimized,
resulting in conformations that are by far not completely folded in their native state.

However, this method is suited for finally polishing both ends of a conformation. Selection
method 4 has a slight bias towards selecting in the middle of a conformation, therefore method 8
is perfect to polish the minimizers that were optimized using method 4.

4.3.6 Step 2c: Small Scale Global Optimization

The protein conformation selected is subject to a small-scale global optimization with the selected
variables as variables. Since the number of variables selected in step 2b is generally small, the
global optimization technique used is reliable and bound to find the global minimum for this
problem. In addition, the global optimization technique yields also several additional low local
minimizers. This global optimization technique is described exhaustively in the work of Smith et
al. [SES89] [SS92]. Many parameters can be set for this algorithm, but since it is only a small*
part of our algorithm, we will not discuss these here. It suffices to say that we use the static,
asynchronous version, and that the parameter setting used is reliable in a sense that presumably
the global minimizer is among the several minimizers that result from executing the algorithm.

4Though important!
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4.3.7 Step 2d: Full Dimensional Local Minimization

Since a global minimum in the small parameter space in general does not correspond to a local
minimizer in the full parameter space, the best small-scale minimizers resulting from the previous
step are subjected to a local minimization. As in step lc, all dihedral angles are variables in
this step, giving the protein a change to further polish itself in response to the new values of the
dihedral angles that were optimized in the previous step. The same local minimization algorithm
1s used as in step lc, so no further discussion is needed here.

4.3.8 Step 2e: Merge The New Minimizers

In this final step of phase 2, the full-dimensional local minimizers resulting from step 2d are merged
into the list of minimizers found so far.

4.4 The New Algorithm In Parallel

Algorithm 4.2 as stated is a sequential algorithm; however, it has been implemented as a paral-
lel program. This has several effects on the algorithm: in general the parallel version behaves
differently than the sequential version, and will generate different results. Of course the global
minimum should be among the minimizers produced, but the path of intermediate minimizers
through which it 1s reached can be different. In this section we address these issues. First we
describe the parallelism in the first phase of the algorithm, after which we describe the parallelism
in the second phase. We do not describe parallelism in general; the reader is referred to the wealth
of literature that is available on this topic (see for example [GL88] [LER92] [AG94]). In the next
sections we discuss differences between the sequential execution and the parallel execution. It
should be noted that since the algorithm is based on random sampling, two different runs can
produce different results. Therefore, if we talk about differences between algorithms, we abstract
from this fact. We will treat the sequential and parallel versions of the algorithm as producing
the same, deterministic results.

4.4.1 Parallelizing The First Phase

Parallelizing the first phase is a rather simple task. We have created a two-layer structure. The
first layer consists of a single central scheduler. The second layer is a collection of worker processes.
Suppose we have n worker processes, m sample points to create (m > n), and k of those sample
points have to be used as start points for a local minimization (n < k < m). Each worker creates
m/n sample points. Thereafter, each worker selects k/n of the sample points it generated, and
sends them to the central scheduler. The central scheduler collects the sample points, and as
soon as a worker is idle, 1t hands this process a sample point to do a local minimization on.
After a worker finishes a local minimization, it sends the resulting local minimizer to the central
scheduler. The central scheduler keeps on collecting local minimizers and handing out sample
points to idle workers, until eventually no more tasks (i.e., no more sample points to perform a
local minimization on) are to be done. The list of the collected minimizers is then stored in such
a way that the second phase can use the results from the first phase.

The parallel version of the algorithm will produce different results than its sequential coun-
terpart, simply because the algorithm is slightly different. In the sequential algorithm, all sample
points are first collected, and then the k& best sample points are selected for a further local mi-
nimization. The parallel algorithm instead selects the k/n best sample points at each worker. Tt
should be clear that the sample points selected can very well be different. For example, if the third
best minimizer at worker 1 is better than the best minimizer at worker 2, this happens. Therefore,
the parallel version of the algorithm is not guaranteed to select the k& best minimizers.

Except for this issue, there is the issue of the algorithm being synchronous or asynchronous.
If the algorithm would have been synchronous, we could have easily sent all sample points to the
central scheduler, who would then pick the & best. This is the same as the sequential algorithm.
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However, we have implemented our algorithm as an asynchronous algorithm. The advantage of this
scheme 1s that —except for when there 1s no task to be done— no process will be idle during the
execution of the algorithm. It is possible for a certain worker to eventually do local minimizations
on sample points generated by another worker. Especially if the process of generating sample
points is not deterministic (as in the case of for example construction method 1, as described in
section 4.3.1). A possible scenario is that all workers but one are done, and that this worker is
still generating sample points. Once this worker is done, its k/n sample points that are subject
to a local minimization will be handed out to as many workers as needed. This guarantees a
faster termination of the whole algorithm, than if the generating worker would have done all local
minimizations himself.

4.4.2 Parallelizing The Second Phase

The parallel version of the second phase is rather complicated, because of its three-layer structure.
The first level is the central scheduler, that takes care of phase 2, parts a, b, and e (selecting
a conformation, selecting a set of free variables®, and merging the new minimizers). Once a
conformation and a set of free variables are selected, it hands this conformation and the set of free
variables over to a second level process —hereafter to be called a foreman—, takes care of phase
2, parts ¢ and d. Each second level process works in cooperation with some number of processes
at the third level, the so-called worker processes. Each group, consisting of one foreman and some
workers, first does the small scale global optimization process in cooperation. We will not go into
the details of this process. For an excellent description the reader is referred to [SES89] and [SS92].
After the small scale global optimization, each process in the group, including the foreman, keeps
on doing full-dimensional local minimizations until no more small scale global minimizers need to
be polished. Each worker then sends the results of the full-dimensional local minimization to the
foreman. The foreman merges the received local minimizers with the minimizers he found himself,
and sends all the minimizers back to the central scheduler.

In this manner, many subgroups consisting of a foreman and some workers are improving
different minimizers at the same time. Within each group, the execution of the task at hand
is synchronous. Only after the whole group is done with all its local minimizations, the local
minimizers are sent back to the central scheduler; and the group will get a new minimizer to
improve. Avoiding the idle time that is created this way is a very difficult task, and would result
in a completely different algorithm.

At the higher level the algorithm is asynchronous again: the central scheduler does not wait
until every group has completed its task before handing out new tasks. Instead, as soon as a group
is done, the group will get a new task to work on.

Two closely related issues arise. First of all, many minimizers are worked on at the same time.
Second, the algorithm 1s asynchronous. Already the fact that many minimizers are worked on
at the same time accounts for a different execution of the algorithm than the sequential version.
Instead of working on the one best minimizer, the parallel version works on many good minimizers
at the same time. It should be clear, that if one of the groups produces a better minimizer than a
minimizer that was handed to another group to work on, the parallel version behaves different. In
the sequential case, the minimizer that was originally handed to the other group would not have
been selected at this particular point in the computation, in favor of the new, better minimizer.

The fact that the algorithm is asynchronous adds to this effect. It is now very much possible
that at one point in time a minimizer is handed out to some group, and that right after that new
minimizers arrive at the central scheduler that have far better values. Clearly this is a disadvantage,
and 1t votes for a synchronous version of the algorithm. There, at each synchronization point, the
best minimizers would be selected. However, in the synchronous case of the algorithm, a lot of
processing time would be wasted. Each subgroup, working on a different minimizer, probably needs
a different execution time. Therefore, we have opted for the implementation of an asynchronous
second phase of the algorithm.

5This can be done in a lower level process as well. However, the implementation as it is right now has this step
as a task for the central scheduler, due to some other experiments that are not discussed here.
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Chapter 5

Computational Results

5.1 Implementation

Our new algorithm has been implemented on a KSR (Kendall Square Research) parallel super-
computer [Cor92] [Cor91], that has 64 processors. The individual processors are organized in two
—connected— rings of 32 processors each. Each processor has 32 megabytes of local memory.
However, the memory in the KSR is treated as being global: every processor has access to all
memory. The distribution of data among the memory is taken care of by the machine, the user
has no influence on this.

Our algorithm has not been designed with this specific parallel machine in mind. Instead,
we have tried not to be bound to a particular machine at all. Therefore, we have chosen to let
processes communicate through the P4 communications library (version 1.3 [P4]). This is a library
that is portable across many different parallel (super)computers. Our implementation of the new
algorithm should therefore be easy to adapt to new computers.

Some parts of the algorithm are implemented in the programming language FORTRAN. Ho-
wever, the main part of the algorithm is written in the programming language C. The code to
evaluate the potential energy of a protein was supplied to us by Teresa Head-Gordon, and 1s the
potential energy evaluation routine of the CHARMM package [BBOT83]. To evaluate the poten-
tial energy of a protein, this package requires an input file with all the necessary parameters —that
can be modified according to ones personal taste— for the CHARMM potential energy function®.

5.2 Results Of The First Phase

In this section we present the results obtained by executing the first phase of our algorithm. We
first compare the results of two of the heuristics discussed in section 4.3.1. Thereafter we present
results obtained for various size proteins. Those results will be used in the subsequent second
phase of the algorithm.

5.2.1 Comparison Of The Heuristics In The First Phase

In this section we compare the results of the following two heuristics (each described in sec-
tion 4.3.1):

1. Sample each subsequent dihedral angle once, until the whole conformation is built, or the
partial energy of the part of the conformation built hitherto is above a certain constant
threshold. If the partial energy is above the threshold, resample the dihedral angle until
the partial energy is below the threshold. If a dihedral angle is resampled some maximum

IThe input files we used for the various size proteins can be obtained by contacting the author.
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threshold max sample value minimizer value

value resamples min | mar | avg min | mar | avg
5 -111.05 | -18.43 | -51.74 || -360.38 | -210.74 | -291.26
25.0 10 -85.97 -9.74 | -48.00 || -373.47 | -214.94 | -296.42
20 -104.02 | -17.47 | -40.94 || -358.07 | -240.88 | -304.52
5 -25.11 | 55.65 | 20.18 || -336.49 | -194.46 | -280.17
100.0 10 -3.96 | 55.74 | 26.43 || -339.04 | -184.01 | -281.87
20 -46.02 | 69.00 | 21.51 || -352.37 | -198.75 | -275.22
5 141.06 | 874.99 | 449.91 || -343.47 33.76 | -185.59
1000.0 10 25.71 | 709.09 | 449.04 || -352.56 | -40.79 | -191.11
20 -27.28 | 690.65 | 425.22 || -344.77 89.68 | -208.61

Table 5.1: Results of sampling including the back up step. Listed are the minimum, maximum,
and average values of the sample points and of the local minimizers resulting from a subset of
these sampled points.

number of times, quit the resampling of this dihedral angle and back up to the previous
dihedral angle. Continue the resampling process with that dihedral angle;

2. Sample each dihedral angle some number of times, and use the dihedral angle with the lowest
partial energy to continue building the protein conformation.

Preliminary testing of the other two heuristics mentioned in section 4.3.1 indicated that their
results were inferior to the two heuristics listed above. We explained the reasons for this inferior
behavior in section 4.3.1, and do not discuss the two alternative heuristics any further here.

To compare the results of both heuristics, we applied the first phase of the algorithm to
poly(20-Ala), a protein consisting of 20 amino-acids of the type Alanine. This protein is known
to have an a-helical tertiary structure, and its size should be small enough for the first phase of
the algorithm to find this tertiary structure. We used 20 worker processes for each run. Each
worker sampled 10 conformations, and sent the best 2 conformations to the central scheduler. The
40 conformations were then used as start points in the subsequent local minimizations.

Both heuristics have been tested with various parameter settings. Heuristic 1, that includes
the back up step, has been tried with various thresholds and various numbers for the maximum
number of resamples. Heuristic 2 has been tried with various numbers for the number of times a
dihedral angle is sampled. We will present the results of each heuristic, after which we will make
a comparison between the results obtained from each heuristic.

Results Sampling Each Dihedral Angle Including A Back Up Step

Heuristic 1, sampling each dihedral angle including a back up step, has been tested with the follo-
wing three constant thresholds: 25.0, 100.0, and 1000.02. Furthermore, three maximum numbers
for the number of resamples have been applied: 5, 10, and 20. In table 5.1 we list the results
obtained with the various settings of these parameters. For each combination of the threshold
level and the maximum number of resamples, we list some key values for the sample points that
were created (a total of 200), and some key values for the local minimizers that resulted from
applying a local minimization algorithm to the best sample points (a total of 40). The key values
we list are the minimum —best— value found, the maximum —worst— value found, and the
average value found.

Looking at table 5.1 we note some interesting results. First of all, it is definitely worthwhile
from the prospective of the average minimizer values found to use a low threshold value, i.e., a
threshold value of 25.0. It is clear that the average minimizer values produced by working with a
higher threshold are not as good as the ones found with a threshold value of 25.0. A threshold value
of 100.0, combined with a maximum number of resamples of 20, produces an average minimizer

2 All energy values we present in this chapter are in kcal /mole.
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no of sample value minimizer value
samples min | max | avg min | max | avg
3 -257.83 99.78 | -132.93 || -381.16 | -225.16 | -327.59
5 -288.63 | -108.26 | -237.20 || -391.27 | -317.57 | -349.80
10 -341.55 | -255.36 | -297.68 || -405.11 | -338.11 | -363.56
20 -431.99 | -319.77 | -366.68 || -476.09 | -348.94 | -418.53

Table 5.2: Results of sampling each dihedral angle some number of times. Listed are the minimum,
maximum, and average values of the sample points and of the local minimizers resulting from a
subset of these sampled points.

value that is 29.30 (—275.22 — —304.52) higher than the average minimizer found with a threshold
value of 25.0 with the same maximum number of resamples.

Furthermore, increasing the maximum number of resamples does not seem to influence the
sampled values found by this heuristic all that much. If we look at the average sampled value with
a threshold of 25.0, we see that the average sampled value goes up as the maximum number of
samples i1s increased. However, with a threshold of 1000.0 the average sampled value goes down
as the maximum number of samples is increased. Also, if we look at the average value of the
minimizers found, we see that in the case of a threshold of 25.0 the average value goes down,
and in the case of a threshold of 100.0 the average value has a random behavior. It seems the
differences in these values —sample values and minimizers—, are due to the randomness of the
sampling. The maximum number of resamples —at the values chosen here— does not seem to
influence these values.

If we set the maximum number of resamples to 0, the chance of sampling a conformation
becomes lower and lower as the protein becomes larger and larger. Therefore, the number of
maximum resamples should be at least higher than 0. However, as we saw above, above a certain
—unknown®— level, the number of resamples does not matter. This can be explained as follows:
while building a protein, it is nearly impossible to continue building the conformation if a bad value
for a dihedral angle is sampled. Every sampled value for the next dihedral angle will probably
result in a partial energy that is higher than the threshold level. Increasing the maximum number
of resamples does not influence this. However, the maximum number of resamples still should be
above 0, to give the algorithm a chance to sample a reasonable value for each dihedral angle.

Results Sampling Each Dihedral Angle Some Number Of Times

Heuristic 2, sampling each dihedral angle some number of times and selecting the best one, has
been tested with the following number of times a dihedral angle should be sampled: 3, 5, 10, and
20. In table 5.2 we list the results obtained with the various settings of this parameter. For each
number of samples we list some key values for the sample points that were created (a total of 200),
and some key values for the local minimizers that resulted from applying a local minimization
algorithm to the best sample points (a total of 40). The key values we list are the minimum
—best— value found, the maximum —worst— value found, and the average value found.

The results presented in table 5.2 are predictable. Increasing the sample density for each dihe-
dral angle from 3 to 20 results in an improvement in the values sampled. In fact, the improvement
is considerable. If we look at the best sample value found with 20 samples per dihedral angle
(—431.99), we see that the value is very close to the best value found by the local minimizations
(—476.09). Tt turns out, as we shall see in the section that presents the results of phase two of
the algorithm (in section 5.3.2), that the value —476.09 is the global minimum for this particular
problem. Sampling using the second heuristic therefore proves to be a very effective method.

3We were not interested in determining this barrier.
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heuristic || elapsed time (sec) no of func evals
min | max | avg || min | max | avg
1 16 | 2410 | 266 143 | 18708 | 2245
2 78 134 80 || 721 721 721

Table 5.3: The cost of the sampling in phase 1 of the algorithm for each heuristic.

heuristic || elapsed time (sec) no of func evals
min | max | avg min | max | avg
1 784 | 3582 | 1691 || 2546 | 11594 | 5447
2 500 | 2093 | 1040 || 1641 | 6868 | 3409

Table 5.4: The cost of the local minimizations in phase 1 of the algorithm on the results of sampling
with each heuristic.

Comparison Of The Results Of Both Sample Heuristics

If we compare the results of the two heuristics, it is clear that the results of the second heuristic
—sampling each dihedral angle some number of times and selecting the best value to continue
building the protein— are superior to the first heuristic. However, this does not necessarily imply
that the second heuristic should be included in the algorithm. To be included, the second algorithm
should also have at least a cost comparable to the first heuristic. Table 5.3 presents various
measurements that were done to identify the cost of sampling using each heuristic. Table 5.4
presents various measurements of the local minimization step, that was executed on the sample
points that resulted from using each heuristic. In both tables we compare the 20 resample, 25.0
threshold version of heuristic 1 with the 20 sample version of heuristic 2.

If we look at table 5.3 and 5.4, we can see that, for both the sampling part and the local
minimization part of phase 1, the average cost of the second heuristic is lower than the cost
of the first heuristic. Furthermore, we also note that the cost of the second heuristic is more
balanced than the average cost of the first heuristic. This is due to the fact that the number of
functions evaluations in the second heuristic is the same for every sample point generated. For
the first heuristic, this is not true: backing up within this sample process makes that the number
of function evaluations can vary at great length.

The local minimization statistics are more similar, although the local minimizations on the
sample points generated by the second heuristic are almost twice as cheap (i.e., slightly more than
half the number of function evaluations). This seems to be due to the fact that the resulting
sample points from the second heuristic are better than the resulting sample points of the first
heuristic. Once more, this indicates that the second heuristic is better than the first.

5.2.2 Results Of The First Phase For Various Size Proteins

We have applied the first phase of our algorithm to several proteins of the type poly(L-Ala),
each having a different size. Table 5.5 lists the results obtained for each size protein. Again
we differentiate between the sampled values and the values resulting from the subsequent local
minimizations. We list the minimum, maximum, and average value found for both types of
values. For the sizes 3 till 20, the number of sample points was 200, and the number of local
minimizations 40. For the sizes 30 till 58, the number of sample points was 250, and the number
of local minimizations 50. In both cases, 1 central scheduler was active. In the first case, the
number of worker processes was 20, in the latter we used 25 worker processes.

From table 5.5 it is clear that the larger the protein, the more effect the local minimization
has on the sampled values. For example, for the protein of size 58, the average value after local
minimization is 301.99 better than the average value after sampling. Compared to a difference of
only 1.58 in the case of a protein of size 3, this is a big difference. Relatively speaking, the average
value for proteins of size 58 decreases with approximately 33 percent, while for the proteins of
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protein sample value minimizer value average

size min | max | avg min | max | avg improvement
3 -28.10 | -24.43 | -26.57 -28.19 -26.75 -28.15 1.58
5 -69.79 | -58.08 | -63.91 -76.17 -63.24 -70.80 6.89
10 -186.67 | -145.52 | -162.67 -195.09 | -157.77 | -180.40 17.73
20 -412.51 | -325.47 | -365.82 -476.09 | -338.11 | -418.53 51.78
30 -669.03 | -466.74 | -551.53 -748.70 | -557.53 | -646.33 94.80
40 -879.93 | -396.56 | -T17.69 -998.13 | -736.95 | -863.85 146.16
58 -1233.77 | -253.46 | -982.46 || -1412.23 | -1121.13 | -1284.45 301.99

Table 5.5: Results of the first phase of our algorithm for various size proteins of type poly(L-Ala).

protein sampling local minimaization

size avg no of func evals | avg time (sec) || avg no of func evals | avg time (sec)
3 41 0 19 0

5 121 0 31 1

10 321 6 66 8

20 721 53 126 54

30 1121 190 164 150

40 1521 458 235 383

58 2241 1422 374 1286

Table 5.6: Cost the first phase of our algorithm for various size proteins of type poly(L-Ala).

size 3 the average value decreases about 5 percent. This is due to the fact that for small proteins
the sampled conformations are much better than for large proteins: for larger proteins it is much
harder to sample a good value for each dihedral angle, while for a small protein this is more likely
due to the low number of dihedral angles. Therefore, the local minimization can improve on the
larger proteins relatively more than on the smaller proteins.

In table 5.6 we list the cost of both the sampling part and of the local minimization part of
phase 1. For each part we list the average number of function evaluations and the average time (in
seconds). It is clear from the first two columns, that the function evaluation is of O(n?). However,
if we look at the latter two columns, the average time needed for a local minimization increases
more than the average time needed for sampling. This is due to the fact that the local minimization
needs to perform some linear algebra calculations at each iteration of the local minimization, that
are of O(n?) as well. This effects the average time per local minimization considerably.

5.3 Results Of The Second Phase

In this section we present the results obtained by executing the second phase of our algorithm.
We first compare some of the heuristics to select a set of free variables that were presented in
section 4.3.5. Thereafter, we present the results of applying the second phase of the algorithm to
the minimizers found in the first phase of the algorithm.

5.3.1 Comparison Of The Heuristics In The Second Phase

In this section we compare some of the heuristics that were presented in section 4.3.5. To this
extend we designed an experiment in which we let the first phase of our algorithm produce real high
minimizers. We only sampled each dihedral angle once, and performed a single local minimization
on each of the sample points. The local minimizers that resulted were used as a test case for the
various heuristics to select some number of dihedral angles in the second phase of the algorithm.

We used poly(20-Ala) as a test case, and let our second phase run on 61 processes: 1 central
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| heuristic || best minimizer |

1 -415.17
2 -458.03
3 -425.65
4 -418.09
5 -454.18

Table 5.7: Results of the second phase for various heuristics to select dihedral angles.

scheduler, 15 foremen with each 3 workers. A total of 250 iterations, 125 balanced and 125
non-balanced, were executed. The following heuristics (see section 4.3.5 were compared:

1. Randomly select m dihedral angles;
2. Select the m dihedral angles with the worst normalized interaction energy;
3. Select the m dihedral angles using recursive splitting of the search area;

4. Select the consecutive stretch of dihedral angles that combined have the worst normalized
interaction energy;

5. Select the m/2 pairs of adjacent dihedral angles that have the worst normalized interaction
energies.

The other three heuristics mentioned in section 4.3.5 were not examined. The two random heu-
ristics because initial tests proved that they produced similar results as the random heuristic
mentioned here; the heuristic with the alternative normalization strategy because initial tests
proved that the heuristic produced worse results than the random heuristic mentioned here.

In comparing the heuristics, our criterion is the best minimizer produced by the various heu-
ristics. In table 5.7 we list the best minimizers found during a typical run of phase 2 with each
heuristic. We have run phase 2 several times with each heuristic. The values presented here are
taken from one run, and represent the results of the other runs accurately.

The results prove what has been stated in section 4.3.5. Selecting a consecutive stretch of
dihedral angles (heuristic 4), or dihedral angles that are spread out too much (heuristic 3), is
not favorable. Though favorable over the random selection (heuristic 1), it is not as good as the
selection of worst pairs of adjacent dihedral angles (heuristic 5), or the selection of individual
worst dihedral angles (heuristic 2). Selecting pairs of adjacent dihedral angles that have the worst
normalized interaction energy is not as good as selecting individual dihedral angles that have the
worst interaction energy. If we analyze the dihedral angles chosen by the latter one, it turns out
that it chooses dihedral angles in small groups. Selecting consecutive pairs mimics that behavior,
but lacks the flexibility to select for example a group of 3 dihedral angles. Hence the results for
this heuristic are slightly worse.

5.3.2 Results Of The Second Phase For Various Size Proteins

We have applied the second phase of our algorithm to the minimizers found in the first phase.
We used the selection method that selects the dihedral angles that have the worst normalized
interaction energy to select 5 dihedral angles at each iteration. A total of 250 iterations, 125
balanced and 125 non-balanced, were executed by 61 processes: 1 central scheduler, and 15 foremen
that each had 3 workers.

Table 5.8 presents the best minimizer found in the first phase, and the best minimizer found
in the second phase after 250 iterations executed as described above. Table 5.10 presents the cost

of executing phase 2 for the various size proteins®.

4Unfortunately, the data for the cost of poly(30-Ala) were lost.
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protein || best minimizer || best minimizer
size phase 1 phase 2
3 -28.19 -28.19
5 -76.17 -76.17
10 -195.09 -195.09
20 -476.09 -476.09
30 -748.70 -748.70
40 -998.13 -1045.41
58 -1412.23 -1500.93

Table 5.8: The best minimizers found in the first phase of the algorithm, and after 250 iterations
of the second phase of the algorithm.

First we note from the results listed in table 5.8, that up to a protein size of 30, the second
phase does not improve over the first phase. For the proteins of size 3, 5, 10, and 20, this is
because the first phase already finds the global minimizer for this problem. The values of the free
dihedral angles of the proteins of size 3 and 5 are equal to the ones listed in [HGSA91]. The best
minimizer we found for the protein of size 10 is in a perfect a-helical shape, which is in accordance
with the results presented in [WC90] and the predictions made in [Vel] and [BGOV93]. For the
protein of size 20, our results are in agreement with [WC90] and [BGOV93].

Despite the fact that the second phase does not improve over the first phase, the protein of
size 30 is not in its global minimum yet. If we examine the structure found, it turns out that the
ends of the conformation are not in their most favorable position. This is due to the fact that
the selection strategy used has a small bias towards selecting dihedral angles in the middle of the
protein instead of at the ends. If we apply one or two more iterations of the second phase with
a different selection strategy —the one that selects the dihedral angles with the worst interaction
energy based on a different normalization—, we easily find the global minimum for this problem.
The energy in the global minimum is then —760.49. The conformation is in a perfect a-helical
shape.

In the case of the protein of size 40 the second phase of our algorithm shows, for the first time,
an improvement over the first phase. The resulting minimizer is a perfect a-helix. The ends of the
conformation are in a correct shape as well, no extra work needs to be done there. [WC90] reports
that they found most of their best conformation to be in a-helical shape, which is a clear indication
that the whole protein in the native state should be in this shape. Their algorithm was not able to
find the native state; however, our algorithm shows that the native state of poly(40-Ala) is purely
a-helical.

Poly(58-Ala) is the most interesting case. Weili and Cui [WC90], using their simulated anne-
aling algorithm, find a-helical structures for poly(L-Ala) up to 80 amino-acids. However, Head-
Gordon and Stillinger [HGS92] show that for poly(58-Ala) a lower minimizer exists: two parallel
a-helices, connected by a S-bend. The best minimizer we have found, after 250 iterations of the
second phase of our algorithm, has this particular shape. However, it is by far not the global
minimizer, since the a-helices are not completely formed yet. A continuing experiment, with 125
extra non-balanced iterations on the best minimizers found after 250 iterations, resulted in a best
minimizer that had a function value of —1523.24 and that was shaped like a single, straight, not
completely formed, a-helix.

Not satisfied with this result, we did another experiment, in which we started again with the
best minimizers after 250 iterations of the second phase. We ran again 125 extra non-balancing
iterations. The resulting best minimizer from this experiment was different than the one resul-
ting from the previous, exactly the same, experiment. The best minimizer resulting from this
experiment had a function value of —1523.09. The protein corresponding to this function value,
has again two parallel a-helices that are connected by a S-bend. However, this minimizer is not
completely formed yet either, since the a-helices at the end are not in a-helical shape yet.

Clearly, the global minimizer for poly(58-Ala) has not been found yet by our algorithm. Ho-
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protein best global

size minimizer || minimizer
3 -28.19 yes

5 -76.17 yes

10 -195.09 yes

20 -476.09 yes

30 -760.49 yes

40 -1045.41 yes

58 -1523.24 no

Table 5.9: The best minimizers found by our algorithm. We also list whether we believe the best
minimizer found so far is also the global minimizer.

protein no of no of avg time per
size fune evals || iterations || iteration (sec)
3 48448 4 74
5 326878 38 134
10 541526 54 575
20 2695783 250 1169
30 - - -
40 2769537 250 3900
58 2937872 250 9263

Table 5.10: Cost of the second phase of our algorithm for various size proteins of type poly(L-Ala).

wever, we think the basic shape of the global minimizer has been found, and we expect that
continuing experiments® will find the global minimizer for this protein.

A summary of the best minimizers found so far for the various size proteins is given in table 5.9.
We also list whether we believe whether the best minimizer listed is also the global minimizer.
For the poly(L-Ala) proteins of size 3 to 40 we think that we found the global minimizer. For
poly(58-Ala) we stated before that we need do to more work.

If we look at table 5.10, we first note that for the proteins of size 3 to 10, less iterations than
250 are executed. This is because the algorithm can not find any new minimizers, that weren’t
already in the list. Eventually, no minimizer, that has been worked on before, can be selected.
The algorithm then stops executing. Therefore, the number of iterations is less than 250.

Furthermore, we note from table 5.10 that the cost of the second phase is considerable. For
example, for the protein of size 20, one iteration of the second phase takes about 20 minutes. For
poly(58-Ala), one iteration already consumes 2.5 hours of CPU-time. For 250 iterations, working
on 61 processors, this accounts for about 2 days® of computation. As we can see from table 5.10, the
number of function evaluations is roughly the same for poly(20-Ala) and poly(58-Ala). Therefore,
the number of function evaluations is not the cause for the increase in the cost of the second phase.

If we examine the algorithm closely, it becomes clear that the main reason for an iteration to
become more expensive as the protein increases, is the cost of a function evaluation. A function
evaluation is O(n?), n being the number of atoms in the protein. Poly(20-Ala) has approximately
200 atoms, while poly(58-Ala) has almost 600 atoms, accounting for most of the more than eight-
fold increase in cost per iteration for the second phase. The rest of the increase in cost can be
accounted to the local minimization step. This step requires some linear algebra, which is of order
O(n?) as well. Therefore, it effects the cost per iteration as well, although its contribution is less
than the contribution from the more expensive function evaluation.

5 As this thesis is written, experiments run.

6The 250 iterations, each costing 2.5 hours of CPU-time, are executed by 15 groups of processes. Each group
consists of a foreman and 3 workers, and roughly executes one iteration of the second phase. Therefore, the total
cost can be approximated by the following estimate: (250* 2.5)/15 & 42 hours, which is about 2 days.
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Chapter 6

Conclusions And Future Work

This thesis has been concerned with the development of a global optimization approach to solve
the protein folding problem. We have taken the approach used to solve the Lennard-Jones and the
Water problem, and adapted it to solve the protein folding problem. We needed to take account
of the loss of partial separability of the potential energy function, as well as of the loss of the
expansion step that was present in the original Water algorithm. Among other things, an almost
completely new phase 1 of the algorithm needed to be designed. Furthermore, heuristics to select
a subset of the free dihedral angles of a configuration needed to be designed and tested.

We have applied the new algorithm to various proteins of the type poly(L-Ala). Up to a
protein consisting of 40 amino acids (76 free variables), our algorithm seems to be able to find the
global minimum —and therefore the native state— of the protein. For the protein consisting of
58 amino acids (112 free variables), the intermediate results presented in chapter 5 show that the
conformation that our algorithm found resembles the native state already closely.

Proteins consisting of 40 or 58 amino acids have not been worked on by that many researchers
vet. Especially in the context of global optimization, the ability to solve proteins of these sizes is
considered to be quite an achievement. Despite our success in this area, our algorithm is not ready
yvet to find the native state of real-world proteins. Much more research needs to be done, since
real-world proteins consist of 1,000 to 10,000 amino acids, which is many more than the proteins
we used consist of. Several promising approaches —each an extension of the current algorithm—
have been proposed, and some are already in the initial stages of research. If we analyze the cost of
the algorithm closely, it turns out that its most expensive part —for the protein folding problem—
is the potential energy function evaluation, which is O(n?) (n being the number of atoms in the
protein). For example, a protein consisting of 58 amino acids consists of almost 600 atoms, which
accounts for a very expensive function evaluation, and therefore a slow execution of the algorithm.
Thus, the proposed new approaches are all based on the idea to have a cheaper potential energy
function evaluation incorporated in the algorithm.

A first approach is to use a cheap evaluation strategy in the small scale global optimization
step of the algorithm. If the dihedral angles are selected in a consecutive way, a local potential
energy function can be defined as being the potential energy within the stretch of atoms covered
by these dihedral angles. We can either include interactions between the stretch of atoms and the
other atoms of the protein, or choose to discard these interactions. In either case, the evaluation
of the local potential energy function is considerably cheaper than the full function evaluation.
This is because the interactions among the atoms not in the stretch are not included, and those
interactions account for most of the cost of a full function evaluation. We have done preliminary
tests using this approach and the results encourage us to continue pursuing this approach.

A second approach is to use smoothing [CSW91] [CSW94]. The original potential energy
function contains many local minima. Smoothing tries to limit the search space by defining a
sequence of functions, each function more ‘smooth’ than the previous one. The last defined function
should have very few local minima, therefore it should be easy to find the global minimum of this
function. Now, the process is reversed. Using the minimizers of a smoother function as starting
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points, a less smooth function is globally minimized. Hopefully the minimizers of the smoother
function are in the same regions as the good minimizers of the less smooth function, leading
to a relatively simple global minimization problem for the less smooth function. Continuing this
process, eventually the original function will be minimized. If the sequence of smooth functions was
designed correctly, this should again be a relatively simple global optimization problem, and the
global minimum of the original energy function should be found. This approach sounds appealing.
However, finding a good sequence of smooth functions turns out to be a non-trivial problem, and
research in this area is very much going on. Currently we are working on applying smoothing to
the Lennard-Jones problem. Learning experiences from this research should help us to use this
approach on the protein folding problem.

A third approach is to group the atoms in between the dihedral angles that were selected in
step 2b of the algorithm. If somehow a representation for the energy in that group can be found,
then the evaluation of the potential energy can be approached by defining a potential energy
function based on the groups. This allows for a very cheap small scale global optimization step,
in fact, the small scale global optimization step will not be dependent on the number of atoms,
but of the number of dihedral angles selected. This feature is very important, since it allows
for a small scale global optimization that is constant in time for all size proteins, as long as the
number of dihedral angles selected is the same. Therefore, we should be able to execute many
more iterations of the second phase, which would allow us to use our algorithm on larger proteins.
However, finding such a functional representation for a group of atoms is not easy. The most
important fact that must be covered by such a function is the interaction energy between the
groups that are formed. Since this force guides the folding process, a function that models the
interaction energy between the groups accurately is a necessity. Research pursuing this approach
has not started yet, but seems to be unavoidable in the future if we want to solve the protein
folding problem for real-world proteins.

As a concluding remark we should note that the approaches sketched in the above paragraphs
are not necessarily mutually exclusive. It is very well possible to combine, for example, the last
two approaches. In the future it might even be unavoidable to pursue such an approach if we want
to solve real-world problems.
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