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Abstract
Protein structure prediction is one of the great challenges in structural biology. The ability to accurately predict the three-dimensional structure of proteins would bring about significant scientific advances and would facilitate finding cures and treatments for many diseases. We propose a novel computational framework for protein structure prediction. The novelty of the framework lies in its approach
to conformation space search. Conformation space search is considered to be the primary bottleneck
towards consistent, high-resolution prediction. The proposed approach to conformation space search
represents a major conceptual shift in protein structure prediction, made possible by combining insights
and algorithms from robotics and machine learning with techniques from molecular biology in an innovative manner. The key innovation comes from the insight that target-specific information can effectively
guide conformation space search towards biologically relevant regions. We propose a framework for
protein structure prediction that achieves biological accuracy and computational efficiency by guiding
conformation space search using target-specific information. The proposed framework exploits information about the characteristics of the target’s energy landscape acquired continuously during search. As
search progresses, the continuous integration of these sources of information will tailor conformation
space search to the particular characteristics of the target. This tailored conformation space exploration
can overcome the current bottleneck, yielding highly accurate and efficient structure prediction.

1 Introduction
Consistent high-resolution protein structure prediction remains one of the most important challenges in
molecular biology. A solution to this problem would allow the development of an understanding of cellular
processes, thereby facilitating the development of cures and treatments for many diseases. The difficulty
of protein structure prediction can be attributed to the vastness of the protein’s conformation space. It
is therefore not surprising that conformation space search is believed to represent the primary bottleneck
towards consistent high-resolution protein structure prediction [8, 50]. We propose a novel approach to
protein structure prediction that specifically targets this bottleneck. Compared with existing approaches,
it represents a significant conceptual shift in how conformational space search is viewed and thus in how
protein structure prediction is achieved.
Computational protein structure prediction can be understood as the search for an energy minimum in
the conformation space of the protein. Exhaustive exploration of conformation space is computationally intractable. Existing approaches avoid exhaustive search by using biological information to restrict exploration
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to specific regions of conformation space. Within these regions, however, these approaches most commonly
perform random exploration, based on the Metropolis Monte Carlo method or one of its derivatives. We propose to replace this uninformed, random exploration with an intelligent search procedure that continuously
acquires information about the search space and then uses this information to guide the search towards biologically relevant regions. This search procedure interprets samples in conformation space as observations
that reveal information about the specific prediction target. This information is used to guide the search. As
search progresses, exploration is continuously adapted based on highly relevant, target-specific information.
In Section 4, we show that target-specific information obtained during search is highly effective in
guiding conformation space exploration towards biologically relevant regions. The effectiveness of conformation space search can be further improved by including additional target-specific information, such as
experimental measurements of the target obtained from nuclear magnetic resonance (NMR) spectroscopy.
These measurements represent spatial constraints on the target’s structure. Knowledge of these constraints
can be used to complement other sources of information in order to guide conformation space search towards
regions that are relevant for the prediction of the target’s native structure.
In this report, we develop a principled and general computational framework for protein structure prediction, capable of integrating information obtained during search and from experimental measurements.
Protein structure prediction proceeds by identifying characteristics of the energy landscape and exploiting
the obtained information as well as experimental data to guide conformation space search towards region
of biological relevance. This process tailors the search for each structure prediction based on relevant information pertaining to the specific target. To achieve this goal, the proposed approach exploits insights
from robotics, machine learning, data mining, and molecular biology. We believe that the combination of
techniques from these disciplines will lead to a computational framework for protein structure prediction
that surpasses existing approaches in their biological accuracy and generality, as well as in their computational efficiency. To accomplish these objectives, we present in this report an algorithmic framework for
protein structure prediction that achieves computational efficiency and prediction accuracy by guiding conformation space search towards biologically relevant regions based on information obtained during the
search itself. We present preliminary experimental evidence that this novel framework holds the potential to
outperform existing de novo protein structure prediction approaches.

2 Background and Significance
To obtain an accurate understanding of protein folding is one of the most important challenges in molecular
biology [9]. A solution to this problem would enable the efficient functional annotation of the genomes
determined by the Human Genome Project and other genome initiatives. It furthermore would facilitate
rational drug design and thereby accelerate the finding of cures or treatments for many diseases. Despite
its importance, however, the mechanisms of protein folding are still relatively poorly understood and no
efficient, general, and accurate procedure to produce the structure of a protein has been established. As a
consequence, the number of sequenced genes exceeds the number of known protein structures by almost
two orders of magnitude. This gap is widening quickly and it seems impossible to determine the structure
of all existing proteins experimentally [23].
Acknowledging the importance and difficulty of protein structure determination, the Protein Structure
Initiative (PSI) [54] has been created, complementing to the Human Genome Project [77], to advance the
state of the art in structural genomics [23, 74, 84]. The ambitious goal of this initiative is to obtain structural
models of the proteins represented by all sequenced genes. The technical approach taken in this initiative is
based on the observation that proteins with sequence similarity also exhibit structural similarity. By experimentally determining the structure of a set of carefully chosen proteins using high-throughput experimental
techniques, the goal is to obtain complete coverage of protein sequence space [32, 77]. This would bring
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every existing protein within “comparative modeling distance” of one of the sequences with experimentally
determined structure. The task of general protein structure prediction can then be addressed by comparative
modeling techniques [33, 55, 75].
Structural genomics and the PSI hold great promise to advance our understanding of protein structure.
However, several fundamental difficulties pertaining to protein structure prediction cannot be overcome by
an exclusive application of experimental structure determination and comparative modeling methods.
Recent studies estimate the number of protein families to be in the high tens of thousands [32, 61].
This would necessitate the experimental structure determination of at least that many proteins within
the Protein Structure Initiative. Since its initiation five years ago, the structural genomics centers
associated with the PSI have determined the structures of about one thousand proteins [56]. While
certainly an important milestone, these results make previous predictions about the availability of tens
of thousands of structures within the next few years [74] appear overly optimistic [23].
Most of the one thousand newly predicted structures come from target sequences that can easily be
predicted [6] and do not represent genuinely novel homologous families [41]. This suggests that the
high-throughput technology used by structural genomics groups is optimized to determine the structures of proteins that exhibit significant sequence similarity to known structures [23]. It is therefore
difficult to assess how much progress towards complete coverage of protein sequence space has been
made over the last five years [32, 77].
An increasing number of genome sequences belong to single-member protein families, i.e., they exhibit no sequence similarity with known sequences. These sequences are called orphan open reading
frames (ORFans). They make up about 25-30% of each newly sequenced genome and in some cases
up to 60% [65]. If it is assumed that some of these ORFans have novel unique folds, the challenge
associated with achieving coverage of protein space would increase dramatically [23].
There are several categories of proteins that cannot be addressed within the framework of structural
genomics [41]. This includes the important category of membrane proteins, as their structure can
generally not be determined using experimental techniques [80, 81], and disordered or unstructured
proteins [20, 48, 78, 79]. For the latter category, no well-defined native structure exists. Instead, the
function of these proteins is facilitated by the partial lack of precise three-dimensional structure.
Due to these challenges, structural genomics researchers predict that the eventual success of structural
genomics will require a synergetic integration of experimental techniques and computational approaches,
including de novo protein structure prediction methods [23].
Computational structure prediction is a well-studied problem and a large number of approaches have
been presented in the extensive literature [18, 26, 31, 38]. All of these approaches face a common, critical
difficulty, namely that of the tremendous size of conformation space [45]. Because structure prediction
requires an adequate sampling of this space, most approaches are only practical for relatively small proteins,
yield inaccurate results for larger proteins, and require substantial computational resources. We propose to
overcome these limitations by developing methods for protein structure prediction based on the following
hypothesis:
The exploration of conformation space yields information about the characteristics of the protein’s energy landscape. By using this information to direct further exploration of conformation
space towards biologically relevant regions, only a small fraction of the overall conformation
space has to be explored. This renders protein structure prediction more accurate, more generally applicable, and more computationally efficient.
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To demonstrate the novelty of this approach, we examine the sources of information used in computational approaches to protein structure prediction. In each case, information is exploited to avoid the computationally intractable exhaustive search of conformation space.
Comparative or homology modeling relies on information about experimentally determined structures [38, 55, 75, 62, 73] to almost entirely avoid search in conformation space. These approaches
achieve high prediction accuracy, because they rely on highly accurate information. On the other
hand, the information is very specific and does not permit generalization to structures without sequence similarities.
Threading or fold recognition, similarly to comparative modeling, only considers structural elements
that have been experimentally observed. In contrast to comparative modeling, however, a prediction
is determined by assembling small structural components. The assembly is guided by an energy
function [26, 33, 36, 42, 87, 83]. By considering small structural components, threading is able to
predict previously unknown structures. This advantage comes at the cost of having to perform search
during the assembly process.
Ab initio or de novo methods rely on information about atomic physiochemical interactions [1, 31, 68,
86] captured in energy functions (force fields). Exhaustive search of conformation space is replaced
by Monte Carlo methods [27, 49] or simulated annealing [37]. These methods exploit the gradient of
the energy potential as a source of information to guide the search towards the native state.
Search in conformation space can be simplified further by considering an additional source of information. The fragment assembly approach [5, 59, 66] yields significant improvements in prediction
accuracy and computational efficiency by restricting conformation space search to parameters given
by short protein fragments retrieved from the protein data bank (PDB) [57].
Molecular dynamics [30, 35, 69] relies on information about atomic physiochemical interactions, in
conjunction with a simulation of the equations of motion of the entire physical system [34, 46, 47,
76]. The folding trajectories obtained by molecular dynamics simulations are generally in agreement
with experimental evidence. The simulation is so computationally expensive, however, that for most
proteins only a small fraction (on the order of hundreds of nanoseconds [71]) of the folding trajectory
can be computed.
Threading and de novo structure prediction use biological information to reduce the search space, but
still depend on efficient conformation space search to make accurate predictions. The most commonly used
search method is the Monte Carlo method [49]. Many improvements to the Monte Carlo method have been
proposed; they include the replica Monte Carlo method [70], the multiplexed-replica exchange method [58],
the multi-canonical ensemble method [4], parallel tempering [29], jump walking [22], multi-canonical jump
walking [82], smart walking [89], entropic sampling [43], methods based on weighted histograms [39], local
energy flattening [85], importance sampling [72], and sampling-importance resampling [67].
All of the aforementioned search methods make only limited use of the information obtained during
the exploration of the solution space. This becomes obvious when one considers the small amount of state
information they maintain (conformation, temperature, etc.). Noteworthy exceptions are conformational
space annealing [44] and tabu search [25]. These methods maintain more significant state information
during the search. Conformational space annealing maintains information about multiple concurrent Monte
Carlo runs to ensure coverage of the solution space. Tabu search labels regions of the search space as tabu if
they do not contain the desired solution. Neither of these methods, however, uses information to explicitly
guide search towards the correct solution.
Given this discussion of the state of the art in protein structure prediction and associated conformation
space search methods, where are opportunities for improvement?
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A recent paper by Bradley, Misura, and Baker states that “the primary bottleneck to consistent highresolution prediction appears to be conformational sampling” [8] (see additional statements by Prof. Baker in
enclosed letter of support). This statement is also supported in a recent paper by John Moult [50], evaluating
a decade of CASP (Critical Assessment of Techniques for Protein Structure Prediction) competitions. One
of the bottlenecks for template-free modeling discussed in this paper pertains to the difficulty of selecting
the most accurate structure from a large set of candidates [50]. The structural variability among those
many candidates has been attributed to energy potentials that are not funneled all the way to the native-like
structures, but instead are shaped like a caldera around the native state [31]. Our results show that this
caldera might be much narrower than assumed, or may not even exist (see Figure 12). Instead, the perceived
caldera is due to inadequate conformation space search.
Another bottleneck for this category of structure prediction approaches are scoring functions that consider atomic interactions at adequate levels of detail [50]. Increasing this level of detail to complete all-atom
models, however, will result in more complex and jagged energy landscapes, further increasing the need for
improved conformation space search techniques.
The effectiveness of conformation space sampling can be increased through the use of biological information. This has been demonstrated by the introduction of the fragment assembly approach [51, 52, 53, 59],
which uses the biological information contained in structural fragments retrieved from the PDB. Since its
introduction during CASP3 in 1998, the fragment assembly approach has dominated the field of de novo
protein structure prediction [50]. Recent results seem to show that this approach is capable of predicting any
biologically plausible, novel fold, despite the fact that the structural fragments are limited to those contained
in the PDB [88].
If the effectiveness of the search can be improved through the use of information, then the degree of
improvement will depend on the relevance of the information to the particular prediction problem. Given
this obvious statement, it is surprising that de novo structure prediction approaches have made very limited
use of the information obtained during the prediction process itself. Instead, they rely almost exclusively
on information that was available a priori. But the search in conformation space continuously reveals new
information about the protein in question. This information could be used to direct the search towards
regions of the search space that are biologically relevant for the specific protein.
We believe that critical improvements in protein structure prediction will result from exploiting the information obtained during search to guide future explorations of conformation space. This claim is supported
by preliminary experimental evidence presented in Section 4.
Apart from designing better search algorithms, as proposed here, one might expect improvements in
conformation space search to come from increasing processing speeds of computers, or from exploiting
massive computational parallelism, as in the Folding@Home project [40, 64]. While both of these factors
yield incremental improvements, they will not be able to overcome the fundamental bottlenecks of conformation space search. This can be seen by examining the size of conformation space. Even if one considers
biologically relevant proteins to have a maximum length and therefore the maximum relevant conformation
space to be of finite size, this space is too large to be searched exhaustively with any conceivable computational means. This is illustrated very well by the Levinthal paradox [45]. A successful attempt to overcome
existing bottlenecks therefore has to focus on novel algorithmic approaches instead of more powerful computers.
In conclusion, we believe that consistent high-resolution protein structure prediction can only be achieved
by improving conformation space search. This will require the exploitation of protein-specific information
during the search. This information can be obtained during the search itself.
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3 Protein Structure Prediction Framework Based on Guided Search
3.1 Algorithmic Framework
In this section we discuss the algorithmic principles that underly the proposed framework. In Section 3.2
we then show how these principles can be translated into a specific implementation of the protein structure
prediction framework.

Efficiency

Relation to existing approaches: We develop a general and efficient algorithmic framework for protein
structure prediction. We define generality as the ability to make template-free predictions [50], i.e., predictions of folds that have not been previously observed, for proteins of any biologically plausible length.
Efficiency refers to the computation time required to make predictions with maximum accuracy for a given
prediction method. We begin by classifying existing approaches according to these characteristics.
Figure 1 graphs the generality and efficiency of the most common structure predicHomology modelling
Objective for
tion methods. Homology modeling is com- high
Proposed approach
putationally efficient, because it predicts the
structure of a target by finding homologous
ter
proteins with known structure. Since a preb et
diction requires the existence of homologous
folds, however, this approach is not general.
Search-based
Molecular dynamics covers the opposite end of
methods
the spectrum. It folds proteins from first prinMolecular dynamics
ciples and therefore is very general. But due
low
to the computational cost of simulating folding
high
low
trajectories from first principles, its efficiency
Generality
is poor.
A third group of structure prediction ap- Figure 1: Generality and efficiency of prediction methods.
proaches, including threading and the fragment
assembly method, strikes a balance between
molecular dynamics and homology modeling: they use less specific information than homology modeling to achieve generality and use less general knowledge than molecular dynamics to achieve efficiency.
Instead, these search-based methods generally rely on information about short segments of the protein. This
new type of information does not allow to predict the structure directly, making it necessary to search the
solution space for the most accurate prediction. The size of this solution space increases dramatically with
the size of the protein, requiring increasingly efficient search methods for structure prediction of large proteins. This implies that the efficiency of the search method does not only impact the computational resources
necessary for structure prediction, but also determines the generality of the prediction method.
We propose the development of a protein structure prediction framework based on a novel and highly efficient search procedure. The arguments above imply that such a framework would achieve better efficiency
and more generality than existing search-based methods.
To understand how a more efficient search procedure can be devised, we examine the relationship between available information and the size of the resulting search space (see Figure 2). Homology modeling
uses information that effectively indicates the structure of the target and therefore requires very minimal
search. Molecular dynamics uses very detailed information about the dynamic evolution of the folding process to limit the search space to local minima along the folding pathway. Existing search-based methods use
very general information to reduce the size of the search space, but only achieve good prediction results for
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get. This information can be used to further guide the search. The information is Figure 2: Quality of used information and size of search space for
highly relevant, because it is target spe- prediction methods.
cific, and it does not incur a significant
computational cost, since it exploits information that is obtained anyway. Existing approaches predominantly rely on random exploration and discard the information obtained during search.
Overview: Protein structure prediction can be viewed as the search for the global minimum of the protein’s
energy function. Due to the complexity of the energy landscape, search-based methods determine minima
in this landscape by sampling. Each sample placed during search contains a small amount of information
about characteristics of the underlying energy function. Monte Carlo-based methods do not exploit this
information—they only remember information about the current location of the search. If it were possible to
efficiently extract and maintain the information obtained throughout the entire search, this information could
be used to direct the ongoing search towards important regions of the search space. As search progresses, the
information would become more and more accurate and search would be directed in increasingly effective
and accurate ways, yielding a highly efficient search procedure. This is the principle underlying the proposed
framework for protein structure prediction.
Figure 3 depicts the general idea behind the
proposed structure prediction framework. Samples
provid
es
ides
Search
taken during search can be seen as observations in
gu
the energy landscape. By aggregating observations
over conformation space and time (as search proBias
Observations
gresses), the proposed framework can extract information about characteristics of the energy landscape.
ad
ain
These characteristics indicate regions of the energy
just
Information
cont
s
landscape that are more likely to contain good local
minima. The proposed framework capture these characteristics as a probabilistic bias defined over the en- Figure 3: Guiding search by information obtained
tire search space. By performing search guided by during search.
this bias, the effectiveness and accuracy of structure
prediction are optimized.
The general concept of exploiting feedback from past actions to guide future actions has been used
extensively—and very successfully—in adaptive feedback control in robotics [3, 17, 21] and in incremental
learning [19, 24] in the context of machine learning. An incremental learner updates its belief about the
learning task after each training example it sees. A particular type of incremental learning is active learning [15, 16, 19]. An active learner does not only learn incrementally, but is also able to chose its training
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data based on information obtained in the past. This situation corresponds exactly to the proposed approach
depicted in Figure 3: the search algorithm uses its past experience to ask for a sample (training data), which
in turn is used to update its hypotheses about the energy landscape. Therefore, active learning provides a
firm theoretical foundation for the proposed approach to structure prediction. This theoretical foundation
indicates that—under certain circumstances—active learning acquires models of functions exponentially
faster than random sampling [60]. In other research, we have applied these principles with great success to
robot motion planning in high-dimensional configuration spaces [11].
In the remainder of this section, we provide details about the components of the diagram in Figure 3.
Guiding search by biasing sampling: In the context of this proposal we consider search to be performed
by sampling from conformation space. Guiding such a search amounts to varying the sampling density in
different regions of conformation space.
Before we describe how the proposed framework biases sampling, we consider biasing in the context of
a Metropolis Monte Carlo search. A particular Monte Carlo run starts at a random location in conformation
space. We refer to locations in conformation space as decoys. The initial decoy is modified incrementally
and randomly to generate subsequent samples. Effectively, search explores the local region around the initial
decoy. It proceeds by finding a starting point randomly and subsequently performing a random structural
modification to a randomly chosen locale on the decoy. The resulting search is only guided by the Metropolis criterion [49], producing a bias towards low-energy regions of the conformation space relative to the
randomly chosen starting decoy. Since the energy landscape contains a large number of spurious minima,
search expends substantial computational resources in biologically irrelevant regions.
The proposed structure prediction framework also relies on Monte Carlo-like search, i.e., search that
progresses by taking small steps in the search space starting at previously sampled locations. However, in
contrast to Monte Carlo, which performs these steps randomly, the proposed framework uses a bias to direct
the choice of the initial decoy (conformation space region), modification locale on the decoy, and the type of
modification performed to the decoy (structure). This bias is computed based on the information contained
in previously taken samples. Mathematically speaking, the framework computes a joint conditional prob    

over conformation space regions , candidate structures , and locales
ability distribution
!
, given the observations
. Candidate structures represent all possible search steps by
providing a set of structural fragments that can replace a particular region of the decoy. Locale refers to different positions on the decoy; for each locale a different set of candidate structures is used. These candidate
"!#
structures are obtained from homologous segments in the PDB [57]. The distribution
is updated to
$&%'!#
(&%'
when a new observation
is made.
Figure 4 illustrates these biases graphically. We give a high-level overview here, and describe the biases

in more detail in Section 3.2. The bias for conformation space regions is represented by a non-parametric
model [2, 63], consisting of a set of decoys indicated as horizontal lines in the figure. A non-parametric
model does not attempt to estimate a parametric distribution for the observed data, but instead stores the
observed data itself. In our non-parametric model, the distribution of decoys in a conformation space region
) indicates the probability of picking a starting point for search from ) . The non-parametric model can be
maintained by only keeping the most “promising” decoys. As a consequence, the distribution of decoys will
change, causing the region bias to change over time.
For each decoy in the non-parametric model of conformation space, we maintain a bias for where to
perform a modification on the decoy (locale) and for how to modify the decoy (structure). A structural
bias represents a distribution over a set of considered structural changes, capturing the belief that certain
structures are more likely than others to result in favorable modifications. Similarly, the locale bias indicates
positions on the decoy in which sampling is more likely to result in a favorable replacement. For example,
one conceivable bias could reduce the frequency of changes in regions with well-formed secondary structure.
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Similarly to the region bias, the locale and structure bias
are updated over time to reflect new information acquired
during search. In contrast to the region bias, however, we
only consider a finite set of locales and structures, allowing
us to represent the bias explicitly as a discrete probability
distribution.
*   !
over conformation space reThe bias

gions , locales on the decoy, and structural replacements
for locales on the decoy captures the information about
promising conformation space regions and search directions
obtained from previously obtained samples. The bias can
thus be used to guide search towards regions of conformation space that have been identified as biologically relevant
for the specific prediction target.

Figure 4: Biasing search by conformation
Observations: We would like to incrementally adjust the space region, decoy structure, and decoy lo$   +
,-
bias
based on available observations
cale, as a function of time.
!
. An observation is obtained by performing a
small step in search space, starting from a previously sampled location. Each location corresponds to a particular structure of the protein and is referred to as a decoy.
An observation provides us with specific information about the decoy, including its structure, its energy, and
whether or not the new decoy has lower energy than the original one. To guide search effectively, we have
to interpret observations about decoys to allow appropriate adjustments to the bias.
Obtaining information from observations: Each individual observation only provides limited information about the energy landscape. As a consequence, search methods that rely exclusively on information
obtained from individual observations cannot effectively guide the exploration of conformation space. This
is particularly evident for Monte Carlo-based approaches, which search conformation space by attempting random search steps. But when multiple observations are viewed together, they may reveal important
characteristics of the energy landscape that indicate how search should proceed.
The extraction of information from multiple observations determines accuracy and generality of the
proposed protein structure prediction framework. More relevant, accurate, specific, and useful information
can guide the search more effectively, leading to more accurate predictions for a wider range of proteins.
Information can be obtained by either aggregating multiple observations or by analyzing a specific decoy.
Multiple observations can be aggregated in different ways, with each type of aggregation providing different
kinds of information. If multiple observations are aggregated for all decoys currently under consideration
(see Figure 4), we obtain information about the current state of the search. This information can be used to
adjust search between a broad sampling of the conformation space in early stages and a fine-grained search
of specific local minima. In the former case, one would expect large steps in search space to be successful;
in later stages of the search, smaller steps are more likely to succeed. Similarly, it is possible to aggregate
information for a particular decoy, obtaining information about a particular region of the conformation space,
or for locales on the decoy, providing information about specific dimensions of the conformation space.
In Section 3.2 we will describe how a subset of these sources of information were exploited successfully
for protein structure prediction, obtaining the preliminary results presented in Section 4.
Adjusting the bias: The information obtained from observations is used to adjust the bias. This bias
influences which search steps are performed next. If the information we extracted from the observations is
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accurate, the bias will focus search on biologically relevant regions. The adjustment of the bias closes the
loop in Figure 3, and the process iterates, incrementally improving and updating the bias.

3.2 An Implementation of the Proposed Framework
We now describe a specific implementation of the algorithmic framework described in the previous section.
In this implementation, we have made specific choices about how to represent the bias, how to extract information from observations, and how to adjust the bias based on this observation. The present, preliminary
implementation serves as a proof-of-concept to illustrate that the proposed framework for protein structure
prediction is able to improve the accuracy and generality of existing approaches.
Integration with Rosetta: Rosetta [5, 7, 8, 59] is the most successful de novo protein prediction package [50]. Rosetta predicts protein structures using the fragment assembly approach. In this approach,
structural fragments (9-mers and 3-mers) matching the amino acid sequence of the prediction target are retrieved from the PDB [57]. A list of such candidate structures is retrieved for each position (locale) of the
target sequence. Rosetta predicts a structure for the target by searching the space of all possible fragment
assemblies that match the amino acid sequence of the target. This search is performed using a large number
of Monte Carlo runs, each starting from an extended initial decoy. The lowest-energy decoys found by the
Monte Carlo runs are clustered; the center of the largest, low-energy cluster is most commonly considered
to be the predicted structure.
Our proposed structure prediction framework specifically addresses the problem of conformation space
search. To validate this framework, we have integrated a preliminary implementation with the C++ version
of the Rosetta software package. Our implementation was forked from the Rosetta source tree in January of
2005. By virtue of source code integration, this implementation uses Rosetta’s fragment assembly approach.
Therefore, the search space of Rosetta as well as our proposed method consists of all possible fragment assemblies, rather than the full space of possible bond angles. In our implementation, we rely on Robetta [14]
to retrieve appropriate fragments from the PDB. Furthermore, we rely on Rosetta’s energy function to determine the energy of decoys. We also utilize Rosetta’s incremental search approach: search progresses in
stages, each of which uses an increasingly accurate energy function. However, the remaining aspects of
structure prediction, namely those relating to conformation space search, have been replaced by an implementation of the algorithmic framework described in Section 3.1. Given that all conformation space search
by Rosetta and by the proposed methods is performed in an identical search space, searching an identical
energy function, the experimental evaluation in Section 4 truly measures the ability to search conformation
space.
Region bias: We begin by describing a specific approach to conformation space search based on the
region bias, called model-based search (MBS) [10], without considering structure bias and locale bias (see
Figure 4). The objective of the region bias is to direct search towards low-energy regions of the search
space. To compute a region bias, we represent a very rough approximation of the energy landscape by a
set of decoys; this method of representing an approximation to a function is referred to as a non-parametric
model [2, 63]. By examining the relationship of nearby decoys in our model, we identify low-energy regions
and subsequently focus search on these regions.
The following description of our implementation of the region bias by model-based search (MBS) refers
to Figure 5, illustrating the search for a global minimum of an unknown, jagged energy landscape.
1. Initially, the model (shown as a dashed line in the figure) contains no decoys and hence no information
about the energy landscape. Our region bias is uniform, favoring no specific region.
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Figure 5: Region bias implemented with model-based search (MBS): iterative refinement of an approximate,
non-parametric model of the energy landscape to find its global minimum.
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2. Based on a uniform region bias, the energy landscape is sampled uniformly at random to obtain a
set of initial decoys. Short Monte Carlo runs are used to find decoys in nearby local minima. This
improves the quality of the information contained in the decoys.
3. The resulting decoys contain information about the energy landscape that we want to use to direct
future search towards promising regions of conformation space. To determine where these promising regions lie, we compute distances between all decoys. The chosen distance metric is of critical
importance for the accuracy of the resulting information. An adequate metric has to capture the true
distances in the physical energy landscape; in our preliminary implementation we use RMSD between
decoys. Based on the relative distances between decoys and their energy, we can find decoys that are
of lower energy than their nearest neighbors. Effectively, we are determining a rough, non-parametric
model of local minima in the energy landscape: the decoy of locally lowest energy represents an estimate of the bottom of the well and its neighbors provide an estimate of the width of the well. In
the figure, this estimate is indicated by a dashed line. We can interpret this approximate model of the
energy landscape as a region bias. Subsequent search is directed towards local minima regions in the
model.
4. Search now proceeds according to the region bias. Starting from the local minima represented in
the model, we generate new decoys by performing short Monte Carlo runs. The number of decoys
generated per local minimum is determined by its energy level and its width. Lower-energy minima
generate more decoys, as they represent more promising regions. Wide minima also generate a larger
number of decoys, because larger regions require more detailed exploration. Effectively, the region
bias indicates in which regions search should proceed as well as how much additional exploration per
region should be performed.
5. The approximate, non-parametric model is updated with the newly generated decoys. This is accomplished by simply adding the decoys to the set of decoys present in the model. Based on this new set
of decoys, the location, depth, and width of local minima are estimated. Decoys that do not play a
role in this estimation can be discarded, keeping the size of the model small.
6. Based on the improved region bias, new decoys are generated.
7. The approximate, non-parametric model is updated with the newly generated decoys. We only maintain the most promising local minima, discarding other parts of the model. By discarding some of the
local minima, the region bias is further refined and the size of the model is reduced.
8. The “global” minimum has been identified. While it is impossible to verify that the found minimum
is the global minimum, experimental evidence presented in Section 4 shows that conformation space
search based on the region bias alone finds significantly lower minima than other methods.
Effectively, model-based search controls the starting points of a large number of dependent, short Monte
Carlo runs. Monte Carlo runs in high-energy regions of the landscape are aborted in favor of additional runs
in low-energy regions. The effectiveness of search based on the region bias significantly exceeds that of
search based on pure Monte Carlo (see Section 4). This confirms the hypothesis underlying the proposed
research, namely that search can be guided intelligently based on information acquired during search.
Note that search based on the region bias, as implemented by model-based search, still generates search
steps randomly using the Monte Carlo method. By adding a structure and a local bias, search steps will be
guided by additional information, further increasing the efficiency of conformation space search.
Structure bias: The region bias described above determines where in conformation space the search is
performed. We now describe a bias that influences how the search proceeds. More specifically, the structure
bias imposes a bias on the choice of search steps to perform conformation space exploration.
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The space of all possible search steps is given by all vectors in x dimensions, where x is the dimensionality of the search space. Each vector specifies a
direction for the search and a length, indicating the size of the search step. The
fragment assembly approach discretizes the space of all vectors by only conDecoy
sidering vectors that correspond to a fragment replacement in the decoy (see
Figure 6). The search vectors allowed by the fragment assembly approach are
distributed non-uniformly if several similar fragments result in similar search
step vectors. This non-uniformity can bias search towards conformation space
Conformation Space
regions that are not relevant to the prediction target.
We have implemented a structure bias that overcomes the unwanted bias Figure 6: Starting from
present in the fragments. The goal of this bias is to explore all biologically a specific decoy, fragrelevant search vectors uniformly. A search vector is biologically relevant if ment replacements repreit corresponds to a fragment replacement (this is the assumption underlying sent search steps in conthe fragment assembly approach). However, the number of similar fragments formation space.
should not determine the sampling weight given to the search vector. Instead,
we determine the set of distinct vectors represented by the fragments and sample uniformly from them,
rather then from the fragments themselves.
To extract biologically relevant directions for search from the fragments, we perform greedy agglomerative clustering [28]. These clusters represent biologically relevant and distinct directions. The clusters are
illustrated by the regions formed by the concentric circles in Figure 6. Each region corresponds to a cluster,
aggregating one or multiple search vectors obtained from the fragments. By sampling uniformly from the
clusters we establish a structure bias that guides search uniformly according to information contained in the
fragment clusters. Combining this structure bias with the region bias of model-based search, the effectiveness of conformation space search is further improved, as evidenced by the results presented in Figures 9
and 10 in Section 4. This illustrates that additional sources of information afford further improvements in
conformation space search, confirming the premise of the proposed protein structure prediction framework.
The success of the structure bias is highly dependent upon the distance metric used for clustering. Our
distance metric combines information about the secondary structure of the fragments’ residues as well as
their spatial structure. The secondary structure distance between two fragments is given by the number
of positions in which the secondary structure labels in the PDB differ. Structural distance between two
fragments is determined by the RMS distance matrix error (dme) [12], which evaluates the distances of
corresponding C y atoms. The distance metric used for clustering weighs secondary structure more heavily
than the distance based on spatial structure so that clusters with identical secondary structure distance are
further differentiated based on the RMS distance matrix error.
Locale-dependent structure bias: The structure bias described above enables uniform exploration of
the search space, providing improvements over the unwanted bias introduced in the fragment assembly
approach. The structure bias is identical for every locale on every decoy, enforcing uniform exploration
everywhere. This stands in contrast with some of our experimental observations, indicating that the most
promising search vectors vary by conformation space region and by locale on the decoy. To exploit this
insight, we devise a decoy- and locale-dependent structure bias (see Figure 4).
Our goal is to find the search vectors that are more likely to lead to successful search steps, i.e., to
a reduction in energy. The graph in Figure 7 shows the average secondary structure distance for search
steps aggregated per stage of the search. (Recall that Rosetta performs structure prediction in stages.) A
distance of zero corresponds to a perfect secondary structure match between the fragment in the decoy and
its replacement; a distance of one corresponds to a perfect mismatch. The graph shows that successful search
steps are more likely to occur when the secondary structure of the replacement fragment closely resembles
13

Avg distance of search step
(secondary structure)

the secondary structure of the fragment it replaces. This holds true for all but the first stage of the search,
in which it is more important to explore the conformation space broadly. The spike in stage 14 is caused by
the fact that search changes from replacing 9-mers in the decoy to replacing 3-mers.
This insight immediately suggests search should be biased towards fragments of similar secondary structure, start1.0
Accepted Steps
ing at stage two. Such a bias varies with the fragment curAll Steps
.8
rently present at each locale of each decoy. An appropriate
bias is illustrated in Figure 8, giving more sampling weight
.6
to search vectors in the vicinity of the original decoy. The
.4
height of the cone indicates the strength of the bias.
We have implemented an adaptive, locale-based struc.2
ture bias. For every locale on each decoy we keep track
0.0
of the average secondary structure distance for all search
0
2
4
6
8 10 12 14 16 18
steps and for all successful search steps. Based on these agStage
gregated observations, we adjust the bias such that the expected distance for future search steps selected with the bias
is equal to the distance observed in successful search steps. Figure 7: Average length of search steps
This can be done by increasing the sampling weight of clus- for successful and unsuccessful fragment inters with high secondary structure similarity to the current sertions per stage for antitermination factor
decoy. Our current implementation determines the height of NusB chain A (1EYVA, 139aa).
the cone in Figure 8 only once. An obvious improvement is
to adjust this bias as search progresses.
When the current, simplistic locale-based structure bias is
combined with the region bias provided by model-based search,
we observe significant performance gains compared to the pure
Bias
structure bias described above. This is confirmed by the experimental results shown in Figures 9 and 10 in Section 4. This additional increase in search efficiency underlines that the information
extracted from observations during search can successfully guide
future search.
Summary: Our preliminary implementation of the proposed
framework for protein structure prediction illustrates three important points:

Conformation Space

We are able to extract meaningful information from obser- Figure 8: The locale-dependent strucvations obtained during search.
ture bias causes small search steps to
This information can guide search towards biologically rel- be sampled more frequently.
evant regions, substantially improving the effectiveness of
conformation space search.
The effectiveness of search continues to improve when multiple biases are combined and when increasingly meaningful information is obtained to determine the appropriate settings for these biases.
These findings validate the hypotheses that form the foundation of the proposed prediction framework.

14

4 Experimental Results

Difference in Energy Compared
to Rosetta(MC)

The main contribution of the our approach lies in effective conformation space search for an energetic
minimum in a protein energy landscape. Consequently, we regard the energy level of the lowest-energy
decoys found by a search method to be the main criterion for evaluation.
In our preliminary studies we compare the proposed protein structure prediction framework with the
Rosetta package from the Baker laboratory [5, 8, 59]. Rosetta is regarded as the most successful de novo
protein prediction package [50]. The source code for Rosetta is freely available and we have integrated a
preliminary implementation of the proposed conformation space search method with the Rosetta package.
In all experiments, the parameters are identical. We only vary the conformation space search method. This
means that the same energy function is searched and the same fragment assembly approach with identical
sets of fragments is used. Each experiment uses approximately the same amount of computational resources.
Furthermore, experiments are fully automated.
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Figure 9: Difference in energy for decoys obtained by the preliminary implementation of the region bias,
region/structure bias, and region/locale-dependent structure bias, relative to the energy of decoys found by
Rosetta; small proteins test set (49–81aa). The rightmost column indicates average over all proteins.
To perform biologically accurate structure prediction using Rosetta, the package is generally run on
high-performance compute clusters with many dozens of compute nodes. Our laboratory currently has
only personal computers at its disposal. (We will install a 10 node high-performance compute cluster in
November 2005.) Consequently, the objective for these preliminary studies cannot be to compete with the
biological accuracy of massively parallel computations, but instead to demonstrate the improved efficiency
of conformation space search based on the proposed methods. To perform experiments suited to our computing environment, we significantly reduce the number of decoys from 20,000–30,000 [8] to 350–500. In
addition, we do not use the all-atom energy function of Rosetta, since its evaluation requires substantial
computation time. These steps are necessary to allow us to perform experiments, given the computational
resources available to us. But these steps will also affect the biological accuracy of predictions. Nevertheless, the presented experiments permit an accurate comparison of conformation space search methods. The
gains we obtain in these comparisons will only increase for experiments with large number of decoys, due to
the intrinsic properties of the compared methods: whereas Monte Carlo-based search methods, such as the
one used in Rosetta, simply run additional, independent Monte Carlo runs, the proposed methods will ben15

efit from the acquisition of additional information by adding decoys, and consequently guide conformation
space search even more effectively.

Difference in Energy Compared
to Rosetta(MC)
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Figure 10: Difference in energy for decoys obtained by with the preliminary implementation of the region bias and the region/locale-dependent structure bias, relative to the energy of decoys found by Rosetta;
CAFASP proteins test set (70–435aa); proteins are shown by increasing length.
We present experiments with thirty-four proteins, ranging in length from 49 to 435 amino acids. The first
set consists of thirteen small proteins, taken from a recent paper by the Baker group [8]. These proteins range
in length between 49 and 81 amino acids. From the 16 proteins discussed in the paper, we chose thirteen
for which we were able to infer the cropped primary structure. The second group of targets were chosen
from the Critical Assessment of Fully Automated Structure Prediction (CAFASP) 4 competition [13]. We
chose ten targets from the New Fold category [50] with lengths between 94 and 435 amino acids (targets
201, 2092, 216, 238, 2411, 2412, 241, 242, 248, 273) and eleven targets from the difficult Fold Recognition
category [50] with lengths between 70 and 410 amino acids (targets 198, 199, 209-1, 212, 215, 230, 235-1,
239, 272, 280, 281). These two categories represent protein fragments with very little sequence similarity
to known structures and therefore are well-suited for the evaluation of a de novo prediction method.

(a) Native

(b) Rosetta

(c) Region bias

(d) Structure bias

Figure 11: Native structure and predictions of a binding protein from the Immunoglobulin L Chain.
The proposed research is based on the hypothesis that it is possible to guide conformation space search
with information obtained during the search. We present experimental results for a preliminary implementation of the proposed conformation space search method. This implementation exploits three types
16

Distance to native

of information: 1) information about the relevance of certain conformation space regions (region bias),
2) information about the direction in which search progresses (the type of fragment inserted into the decoy, structure bias), and 3) information that allows us to vary the search direction for different locales on
the decoy (locale-dependent structure bias). Based on these sources of information we present results for
three different implementations, each including an additional source. Referring to Figures 9 and 10, region bias is an implementation based on the first source of information (previously, we called this method
model-based search (MBS) [10]). Structure bias includes the region bias and in addition the structure bias;
locale-dependent structure bias includes all three sources of information.
Figures 9 and 10 show the reduction in energy obtained with these
three preliminary implementations, relative to the decoys generated by
40
Rosetta
Rosetta. The energies were averaged over the lowest 5% of the generRegion Bias (MBS)
35
ated decoys for each method. The experiments clearly indicate that the
Structure Bias
30
inclusion of information obtained during search is able to guide conformation space search towards relevant regions, resulting in lower-energy
25
decoys. In all of our experiments, our novel techniques outperform the
20
conformation space search implemented in Rosetta. The results show
−300 −200 −100
0
100
that the inclusion of additional sources of information yields additional
Energy
improvements in performance. It is particularly noteworthy that the performance improvements become more pronounced as the size of the pro- Figure 12: The decoys generteins increase (see Figure 10). For some of the experiments, however, the ated, plotted by their energy and
inclusion of additional sources of information did not result in a perfor- distance to the native structure
mance increase. This can be attributed to the fact that—due to the pre- for Glycerate Kinase (1O0U,
liminary nature of our implementation—the available information is not 410aa).
fully leveraged. For example, in the current implementation, the localedependent structure bias is only adjusted once during the entire search. This means that this type of information is only used a single time during each search. We are currently extending this implementation to
adjust the bias in an ongoing fashion as search progresses. Nevertheless, viewed over the entire test set of
proteins, it is obvious that the inclusion of additional information results in improved conformation space
search.
For a highly accurate energy function, lower-energy decoys would correspond to more accurate predictions of the native state. However, we did not use the more accurate all-atom energy function of Rosetta, but
the simpler energy function that is used during the first sixteen stages of the Rosetta search. Based on this
simpler energy function we were able to achieve some accurate predictions for short proteins, such as the
one shown in Figure 11. For longer proteins, however, even though we achieved a significant reduction in
energy of the decoys, this reduction in energy did not necessarily correspond to a more accurate prediction.
This is illustrated by Figure 12, where 500 decoys obtained by Rosetta, the region bias, and the structure
bias are shown. In our future work, we will incorporate more accurate energy functions into our framework.

5 Conclusion
This report describes a novel approach to conformation space search in the context of protein structure
prediction. Protein structure prediction is viewed as the search for the global minimum in the in the protein’s energy landscape. The efficiency and accuracy of structure prediction is currently believed to depend
primarily on the effectiveness of conformation space search. Our approach to this problem differs from existing methods in that it obtains information about the energy landscape during conformation space search.
This information is subsequently used to guide the search towards biologically relevant regions of the landscape. In contrast, existing conformation space search method—predominantly based on the Monte Carlo
17

method—perform this search in an uninformed, random fashion, ignoring information obtained during the
search. We demonstrate in preliminary experiments that the use of information to guide search significantly
improves the effectiveness of conformation space search. This raises hopes that our method is able to overcome the most critical difficulty of existing protein structure prediction approaches, permitting significant
improvements in the accuracy and efficiency of protein structure prediction.
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