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Abstract
Many computational protein modeling applications
using numerical methods such as Molecular Dynamics
(MD), Monte Carlo (MC), or Genetic Algorithms (GA)
require a large number of energy estimations of the
protein molecular system. A typical energy function
describing the protein energy is a combination of a
number of terms characterizing various interactions
within the protein molecule as well as the proteinsolvent interactions. Evaluating the energy function of
a relatively large protein molecule is rather
computationally costly and usually occupies the major
computation time in the protein simulation process.
In this paper, we present a resource-efficient
computing paradigm based on “consolidation” to
reduce the computational time of evaluating the energy
function of large protein molecule. The fundamental
idea of consolidation is to increase computational
density to a computer in order to increase the CPU
utilizations. Consolidation will be particularly efficient
when
the
consolidated
computations
have
heterogeneous resource demands. In computational
protein modeling applications with costly energy
function evaluation, we advocate the use of “thread
consolidation,” which is to spawn concurrent threads
to carry out parallel energy function terms
computations. Our computational results show that
7%~11% speedup in a protein loop structure
prediction program on various hardware architectures
where memory-intensive and computation-intensive
terms coexist in the energy function. For an MD
protein simulation program where computationintensive energy function evaluations are divided and
carried out by concurrent threads, we also find slight
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performance improvement when
consolidation technique is applied.
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thread

1. Introduction
Molecular Dynamics (MD) [5, 6, 8], Monte Carlo
(MC) [16, 27, 28], and Genetic Algorithm (GA) [29]
are popular simulation approaches to computationally
model protein or protein complex structures. These
approaches share a similar form of minimizing the
energy function of protein or protein complex to obtain
a stable conformation. During the simulation process,
thousands to millions of time steps or iterations need to
be carried out before convergence or system
equilibrium is reached. At every time step or iteration
step, one or more new conformations are generated and
their energies must be computed. Protein energy
functions are crucial elements in many protein
modeling applications and evaluation of a protein
energy function usually demands large amount of
computation time. For a fine-grain energy function
where each atom in the protein structure is treated
explicitly, the computational demands of estimating the
protein energy grow as the square of the number of
atoms, e.g., tens of thousands of atom-atom
interactions need to be calculated for evaluating the
energy of a small protein with only 50 residues. Even
when simplified representation of the atomic structure
of the protein is applied, the energy function evaluation
can still pose significant computational cost. In many
the protein or protein complex structure modeling
applications, the energy function evaluation of protein
molecule occupies the majority of the computation
time.
The typical computational time for the protein
structure modeling applications ranges from several
hours to several days or even longer. In practice, the
protein modeling applications may be required to be

carried out on many protein targets. For example, in
system biology study, the structure models and
interactions on thousands of bacterial proteins are
needed to understand the function of a biological
system. Assuming that the average protein modeling
computation time is around 2 hours, systematic study
of a biological system with ~5,000 proteins can easily
reach 10,000 hours of computation time. Such heavy
computations are usually carried out on a large-scale
computation platform such as a terascale highperformance supercomputer cluster or a computational
grid with large number of distributed computational
resources [1]. The computation time reduction of a
protein modeling program, even only a small fraction,
can free up considerable large amount of
computational resources.
The most common approach to reduce the
computation time of the protein modeling applications
is to take advantage of the power of parallel
computing. By scattering the computation of different
components in an energy function to parallel
processors, the energy function evaluation time can be
reduced and so does the overall application
computation time. However, this approach demands
significantly more computational resources, which is
not suitable in system biology computation when
modeling a lot of proteins or protein complexes are
required. For large number of protein simulations, the
popular approach is to execute the protein modeling
application in an embarrassingly parallel mode on
large-scale computational platforms, such as
folding@home
[2],
rosetta@home
[3],
and
predictor@home [4].
Our analysis of the protein energy functions shows
that many energy functions involve terms demanding
heterogeneous computational resources. Computation
of such an energy function in a naïve serial mode is not
very resource-efficient with relatively low CPU
utilization rate. In this paper, we apply the
consolidation technique to increase the computational
resource utilization rate so as to reduce the energy
function computation time and thus speed up the
protein modeling program. Our “thread consolidation”
approach is to spawn concurrent threads to carry out
parallel energy function term evaluations to increase
the computation density assigned to a processor. We
verify the thread consolidation approach by applying it
to a protein loop backbone structure prediction
program based on GA with energy function including
memory-intensive
and
computation-intensive
components as well as an MD program with
computation-intensive system energy computation.
Our computational results show that applying thread
consolidation to protein energy function evaluation can

lead to certain performance improvement in these
applications.
The remainder of the paper is organized as follows.
Section 2 analyzes different categories of the protein
energy
functions
and
their
computational
characteristics. Section 3 illustrates the consolidation
technology in protein energy function evaluation. The
computational results of consolidation in a GA
program for protein loop structure prediction and an
MD program for protein-solvent interactions are shown
in Section 4, respectively. Finally, Section 5
summarizes our conclusions and future research
directions.

2. Energy Functions in Protein Modeling
Applications
In protein structure modeling, energy functions are
used to evaluate the feasibility of a particular structure
of a protein molecule. Protein modeling energy
functions can be categorized into three major
categories – physics-based energy functions,
knowledge-based energy (scoring) functions, and
hybrid energy functions.

2.1. Physics-based Energy Functions
The physics-based energy functions are developed
from general knowledge of the laws of physics, which
have the following generic form:
E ( R ) = ∑ B ( R ) + ∑ A( R ) + ∑ T ( R ) + ∑ N ( R ) ,
bonds

bond angles

torsions

non − bonds

where R is the conformation vector of the protein
molecule. B(R) is the bond energy term corresponding
to the stretching and compression of the bond length.
A(R) is the bond angle energy term corresponding to
changes in the angle between bonds. T(R) is the
torsional energy term with respect to torsion angles in
series of three bonds. The non-bonds term N(R)
usually includes Van der Waals interactions, steric
clash, and electrostatic interaction. In addition, terms
such as hydrogen bonding, hydrophobic, salvation and
cross, are often used in various energy functions. The
physics-based energy function examples include
CHARMM [5], AMBER [6], OPLS [7], GROMOS
[8], etc.
The physics-based energy functions yield a rugged,
funnel-like energy landscape, which is difficult to
search in the protein modeling. From computation
point of view, the physics-based energy functions are
mainly computation-intensive where a lot of floatingpoint operations are involved. Very often, to avoid
heavy run-time computation, some terms in the
physics-based energy function are pre-calculated and

stored into a table – as a result, the physics-based
energy function evaluation may also involve
significant memory access and may be memoryintensive.

density, and van der Waal repulsion. Due to the
physics- and knowledge-based terms involved, the
hybrid energy function computations can be both
computation- and memory-intensive.

2.2 Knowledge-based Energy Functions

2.4 Analysis of Protein Energy Function
Evaluation

Knowledge-based
approaches
evaluate
the
increasing number of experimentally determined
conformations by statistical approaches to extract rules
on preferred configurations and combinations. These
rules are converted into “pseudo-potential” energy
(scoring) functions for protein modeling. There exist
numerous knowledge-based energy functions based on
various aspects or data sets. For example, distancebased energy function [9] provides the expect value of
pair-wise distance of atoms in neighboring residues;
residue triplet scoring function [10] involves the radii
of curvatures formed among triplets of residues;
DrugScore [11] describes the binding geometry of
ligands in proteins; contact energy function
characterizes the atom-atom and atom-solvent contact
surfaces [12]; shape complementary scoring function
measures the protein-protein binding interface [13];
and many others.
Compared to the physics-based energy functions,
the knowledge-based energy functions yield much
smoother energy landscape. Moreover, unlike the
physics-based energy functions computations which
require intensive floating-point operations, the
knowledge-based energy functions usually demand
large memory space. For example, the all-atom
distance-based energy function [9] requires at least
485MB memory if fully-loaded; a doublet torsion
angle scoring function can easily occupy over 100MB
of memory storage. Evaluation of a knowledge-based
energy function needs to search a large memory space
to retrieve the appropriate value, which can be
regarded as mainly memory-intensive computation.

2.3 Hybrid Energy Functions
The hybrid energy functions is a combination of
physics- and knowledge-based terms by using the
knowledge-based terms to replace some of the physicsbased terms to “soften” the energy landscape. The
weights of the physics- or knowledge-based terms are
usually assigned by the regression method [14, 15] via
fitting predicted and experimentally determined models
to a given set of training structures. For example, the
Rosetta energy function [16, 17] is a complex
combination of physics- and knowledge-based terms of
salvation, residue pair interactions, strand pairing,
sheet, helix-strand packing, radius of gyration, Cβ

Table 1. Analysis of performance and resource
demands in evaluating hybrid, knowledge-based,
and physics-based energy functions
Rosetta
Energy
Function
(hybrid)
# of floating point
operations per cycle
Floating operations
per
graduated
instruction
%
L2
Cache
Missing
% CPU utilization

Distancebased
Energy
(knowledgebased)
0.074
0.012

LennardJones
Potential
(physicsbased)
0.093

0.113

0.020

0.153

6.82%

23.01%

1.31%

87.92%

46.83%

95.53%

Our study shows that knowledge-based, physicsbased, and hybrid protein energy function yield very
different computational resource requirement. Table 1
shows the performance and resource demand analysis
of the computation of the Rosetta energy function [16],
the distance-based energy function [9], and the 6-12
Lennard-Jones potential [20], which are hybrid,
knowledge-based, and physics-based, respectively. The
computation is carried out exclusively on a single
processor computer with 1.6GHz Intel Pentium 4 CPU,
512MB memory, 8K L1 cache, and 256K L2 cache.
The application performance data is obtained by PAPI
[18] and Perfsuite [19], which are performance tuning
software packages based on hardware performance
counters. One can find that the physics-based LennardJones potential has a high density of floating point
operation, low cache missing rate, and high CPU
utilization rate. In contrast, the distance-based energy
function, which is completely knowledge-based, has
very few floating point operations, high cache missing
rate, and low CPU utilization. The Rosetta energy
function, which is a hybrid energy function with
combination of knowledge- and physics-based terms,
has the performance characteristics between the pure
knowledge- and physics-based energy functions. This
analysis inspires us that “consolidating” terms with
heterogeneous resource requirements may lead to
computational resource efficiency and application
performance improvement.

3. Consolidation
“Consolidation” is an important approach to
achieve the efficient usage of computer resources. The
rationale of consolidation is to increase computational
density to a processor or server in order to improve the
CPU and other resources utilization. The well-known
consolidation approach is “server consolidation” [24]
by packing applications onto fewer servers so as to
improve server usage efficiency and thus reduce the
total number of servers required in an organization. In
this paper, we advocate the approach of “thread
consolidation” to improve resource efficiency of
protein energy function computation so as to improve
resource efficiency and reduce computation time in
protein energy function computation.

Figure 1. Thread Consolidation and Serial
Implementations for a Hypothetical Protein
Energy Function Evaluation with 3 Energy Terms
In most protein modeling applications, the protein
energy function evaluation is executed in a naïve serial
mode, i.e., various terms or interactions are computed
sequentially. In thread consolidation, concurrent
threads are spawned to carry out independent terms or
interactions. When one thread is stalled on any
resources, the other active threads can be swapped in
the execution mode. As a result, the computational
resource utilization rate can be improved and thus the
protein energy function evaluation time can be
reduced. Thread consolidation will be particularly
effective if the computational components carried out
by concurrent threads have different demands of
computational resources.
The overhead introduced by thread consolidation is
thread management, including operations of thread
creation, scheduling, and termination. However,
compared to the thread management overhead, a
complicated protein energy function involving a lot of
computations have much longer duration. Therefore,
the reduced time gained from more efficiently usage of
computation resource can exceed the thread

management overhead and thus lead to overall
performance improvement. Figure 1 illustrates
evaluating a hypothetical protein energy function using
thread consolidation and serial modes.
Another advantage of thread consolidation is its
capability of automatically taking advantage of the
multi-core
or
shared-memory
multi-processor
computing platform. When the protein modeling
program is ported to a computer with multiple
processors or cores, the multiple threads in energy
function evaluation can run concurrently on these
processors and cores and automatically adapt to the
shared-memory
multi-processor
or
multi-core
platforms.

4. Computational Results
We applied the thread consolidation technique to
our protein loop structure modeling program [23],
where there are both memory- and computationintensive terms involved, as well as our MD program
for protein-solvent interaction, where mainly
computation-intensive terms involved. All executables
are generated by the gcc compiler with “–O3”
optimization option. The thread consolidation
programs use the pthread library. The computation
performance data are obtained by the PAPI [18] and
PerfSuite [19] packages. All computations are executed
exclusively and the computation time measures are
based on the average of 10 runs. Both the serial and the
consolidation implementations produce exactly the
same simulation results.

4.1 Consolidation in Protein Loop Structure
Prediction
We applied the consolidation technique to our
protein loop structure prediction program [23] where
three energy terms are incorporated using a GA
method. These energy terms include the pair-wise atom
distance-based score (knowledge-based) [9], the triplet
torsion angle potential (knowledge-based) [24], and the
soft-sphere energy (physics-based) [22]. Considering
that the duration of distance-based score computation
is significantly longer that of the other two, we divide
the load of the distance-based score computation into
three components carried out by three corresponding
threads so that each thread has roughly the same
duration as the threads computing the triplet torsion
angle potential or the soft-sphere energy.
Figure 2 shows the average computation time
comparison of the serial and the consolidation
implementations of the energy function evaluation in
our loop structure prediction program on a 12-residue
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Figure 3. Thread consolidation improves the CPU
utilization rate from 43.45% in serial mode to
60.67% in the computations specified in Figure 2
9000
8119

Serial

8000

Consolidation

7311

7000

7257

6524

6000
Time (s)

protein loop 1akz(181:192) on a computer with a
single Intel Pentium 4 processor. The computation time
to generate 10 decoys is reduced from 7,624 seconds in
serial implementation to 7,064 seconds in thread
consolidation implementation, which is 7.35%
speedup. Figure 3 depicts that the average CPU
utilization rate in consolidation mode is improved to
60.67% from 43.45% in serial mode for the energy
function evaluation computation specified in Figure 2.
Figure 4 shows the protein loop structure prediction
computation carried out on a computer with a single
PowerPC CPU, where the thread consolidation
implementation
yields
10.62%
performance
improvement. Figure 5 shows the protein loop
structure modeling computations run on a computer
with two SMP processors. One can find that the
program with thread consolidation energy function
evaluation can automatically take advantage of the two
existing shared-memory processors with computational
time that is 11.43% less than half of that of the serial
mode. In conclusion, due to different computational
resource demands of the energy terms presented in our
protein loop structure prediction program, the thread
consolidation technique improves the CPU utilization
and thus leads to considerable overall simulation
speedup.
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Figure 4. Average decoy generation time in serial
energy function evaluation and thread
consolidation energy function evaluation. The
computation is carried out on a computer with
1.67GHz PowerPC CPU, 1GB memory, and
512KB L2 cache
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Figure 2. Average decoy generation time in serial
energy function evaluation and thread
consolidation energy function evaluation. The
computation is carried out on a single processor
computer with 1.6GHz Intel Pentium 4 CPU,
512MB memory, 8K L1 cache, and 256K L2
cache

3486

Consolidation

2426
2126

2000

1391 1545

1690

1500

1272

950

919

1000

572

626

500

318
151

0
0

1

1223

753

415

287
2

1084

3

4

5
# of Decoys

6

7

8

9

10

Figure 5. Average decoy generation time in serial
energy function evaluation and thread
consolidation energy function evaluation. The
computation is carried out on a 2-processor SMP
computer with 2.8GHz Intel Xeon CPU, 1GB
memory, 16K L1 cache, and 1MB L2 cache

4.2 Consolidation in Molecular Dynamics
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Figure 6. Comparison of computational time vs.
iterations using serial and consolidation energy
function evaluations in the MD program. The
computation is carried out on a single processor
computer with 1.6GHz Intel Pentium 4 CPU,
512MB memory, 8K L1 cache, and 256K L2
cache
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We also applied the thread consolidation technique
to our MD program studying the many-body friction
tensor of protein molecule in water [25]. The
computations of the molecular system Hamiltonian
include the interactions between protein and water
molecules as well as the inter-water molecules
interactions, which are estimated by calculating the
simple Lennard-Jones potential and the electrostatic
potential. These interactions are later used to estimate
the protein force and torque for Brownian motion
simulation. The MD Hamiltonian computation is
mainly computation-intensive.
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Figure 8. Comparison of computational time vs.
iterations using serial and consolidation energy
function evaluation in the MD program. The
computation is carried out on a computer with
1.67GHz PowerPC CPU, 1GB memory, and
512KB L2 cache
In our thread consolidation program, two threads
are spawned to carry out the protein-water interaction
computation and water-water interaction computation,
respectively. Figure 6 shows the computational times
as the number of iterations increases in the MD
program with serial and consolidation energy function
computations on a computer with a single Intel
processor. The molecular system in our computational
experiment includes 3,125 water molecules and a short
protein (1CZQ) with 208 atoms. One can find that the
MD program using thread consolidation energy
function evaluation yields averagely 1.65% less
computational time than the one using serial energy
function evaluation after 1,000 iterations are
completed. Figure 7 shows that the CPU utilization in
the MD program is improved from 88.20% in serial
mode to 93.68% in thread consolidation mode. Figure
8 also shows that consolidation energy function
evaluation leads to 1.80% computational time
reduction in our MD program compared to serial
energy function evaluation on a computer with a
PowerPC CPU. Our computational results indicate that
the thread consolidation technique may also lead to
slight performance improvement even when only
computation-intensive terms are involved in the energy
function.

85%
Serial

Consolidation

Figure 7. Thread consolidation improves the CPU
utilization rate from 88.20% in serial mode to
93.68% in the MD program running on the single
processor computer with 1.6GHz Intel Pentium 4
CPU, 512MB memory, 8K L1 cache, and 256K L2
cache

5. Conclusions
In this paper, we developed a resource-efficient
computing paradigm based on thread consolidation to
improve computational resource utilization in
computationally costly protein energy function
evaluation in order to reduce the overall protein

modeling simulation time. We applied the thread
consolidation technique in computationally costly
protein energy function evaluation, which spawns
concurrent threads to carry out computations of various
independent components in a protein energy function
to increase computation density to a processor. By
applying the thread consolidation technique to our
protein loop structure prediction program using GA
where computation- and memory-intensive energy
components are present, our computational results
show 7%~11% performance improvement on various
hardware architectures compared to serial energy
function computation. In our MD program where only
computation-intensive terms are presented, the thread
consolidation energy function evaluations are still
slightly faster than the serial energy function
evaluations.
The thread consolidation technique is particularly
suitable for protein modeling applications required to
evaluate complicated and costly energy functions. In
our future research, we plan to investigate optimizing
the thread consolidation technique. We also plan to
apply the thread consolidation technique in several
important protein modeling applications, including
Rosetta [16], GROMACS [8], and NAMD [26], with
expectation to achieve resource efficiency and
performance improvement.
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