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Abstract—Particle Swarm Optimization (PSO) is a well-
known, competitive technique for numerical optimization with
real-parameter representation. This paper introduces CCPSO,
a new Cooperative Particle Swarm Optimization algorithm for
combinatorial problems. The cooperative strategy is achieved
by splitting the candidate solution vector into components,
where each component is optimized by a particle. Particles
move throughout a continuous space, their movements based
on the influences exerted by static particles that then get
feedback based on the fitness of the candidate solution. Here, the
application of this technique to side-chain packing (a proteomics
optimization problem) is investigated. To verify the efficiency
of the proposed CCPSO algorithm, we test our algorithm on
three side-chain packing problems and compare our results
with the provably optimal result. Computational results show
that the proposed algorithm is very competitive, obtaining a
conformation with an energy value within 1% of the provably
optimal solution in many proteins.

I. INTRODUCTION

PROTEINS are a fundamental class of molecules that are
involved in nearly every process of life. Proteins are

linear chains of amino acids that generally fold into compact
three-dimensional structures. Each amino acid within the
chain is called a residue. A protein’s sequence of amino
acids, called its primary structure, determines many of the
characteristics of the protein, including strongly influencing
its three-dimensional, tertiary structure. Discovering the ter-
tiary structure of a protein can provide important clues about
how the protein performs its function, and is an essential
problem in molecular biology [1]. A particularly important
subproblem of the general structure prediction problem is the
side-chain packing problem, in which the side chains of the
residues are positioned on a fixed and given backbone. It is
this subproblem that we tackle here.

Protein structure prediction methods are faced with im-
precise knowledge of many aspects of the physical forces
that drive protein folding. Therefore, it has been argued that
instead of providing the exact optimum solution to an impre-
cise energy function, computational methods should instead
produce robust, fast, and near-optimal solutions [2]. This
makes algorithms like PSO, which are known to efficiently
produce near-optimal solutions, especially attractive. Another
swarm intelligence method, Ant Colony Optimization, has
already been applied to some protein structure prediction
tasks, e.g. [3]-[5].
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Particle Swarm Optimization (PSO) was originally de-
signed as a numerical optimization technique based on swarm
intelligence [6][7], and it has shown its robustness and
efficacy for solving function-value optimization problems
in real-number spaces [7][8]. In the PSO framework, a set
of particles (simple agents) search for good solutions to
a given optimization problem. Each particle represents a
candidate solution to the optimization problem and uses its
own experience and the experience of neighbor particles to
choose how to move in the search space.

The advantage of the PSO over many other optimization
methods is its relative simplicity. However, the PSO algo-
rithm is inherently a continuous algorithm and only a few
attempts have been made to extend the PSO to combinatorial
optimization problems [8]. The main issue when adapting
PSO to any non-continuous problem is how to redefine the
relationship between a particle and a candidate solution of
the problem. There have been several proposed extensions
of PSO to combinatorial spaces with various degrees of
success [9]-[11], but all of these approaches sacrifice the
basic nature of the PSO of particles moving in a continuous
high-dimensional space by encoding the solution as a permu-
tation and designing specialized velocity operators for this
permutation space. To improve the performance of the PSO,
particularly in high-dimensional problems, some cooperative
strategies have been devised. These strategies vary from
creating explicit groups of particles and allowing exchanges
of particles between them [12]-[14] to partitioning the search
space into lower dimensional subspaces, by splitting the
solution vectors into smaller vectors [15]-[18].

A previous attempt to partition the search space while
retaining the notion of particles moving in an abstract high-
dimensional space is reported in [19]. In this algorithm, each
particle contributes to the solution by moving independently
throughout a shared solution space. There is no explicit
division of solution space between particles. This algorithm
is applied to diagnostic problem solving based on causal
networks. Our work here presents a cooperative combinato-
rial PSO in which each component of the candidate solution
is represented by a particle moving on its own continuous,
high-dimensional space. The movement of the particles is
based on the influences exerted by other static particles.
These static particles, called attractors, represent choices for
a value of a particular component of the problem instance.
The candidate solution is then constructed cooperatively
by decoding each particle’s position into a choice for that
solution component. Feedback to the attractors is given by
computing a strength value which considers the fitness of



the candidate solution with the current component replaced
by the choice represented by the attractor. This cooperative
scheme aims to partition the space, allowing fine tuning of
each component by each particle, when the other components
of the candidate solution do not change from one iteration
to the next, and exploring a different part of the space
and restarting this fine tuning when any component of the
candidate solution changes. Our algorithm, CCPSO, is tested
in three side-chain packing problems with very encouraging
results, obtaining a protein conformation with an energy
value within 1% of the optimal in most proteins.

II. SIDE-CHAIN PACKING

The problem of predicting side-chain conformations for
each residue given a backbone structure is of central impor-
tance in homology modeling and the design of novel protein
sequences. Homology modeling is based on the assumption
that two proteins with similar sequences will have similar
global structures. Therefore an initial backbone can be ob-
tained by searching for a similar amino acid sequence in
a database of known protein structures. Side-chain packing
methods are then used to place the side chains of the target
sequence onto the backbone template. In a protein design
application, the goal is to find the sequence of amino acids
for a given template backbone that will satisfy the desired
structural features. Side-chain prediction algorithms are used
to screen all possible amino acid sequences and find the
amino acid sequence whose side chains best fit the desired
backbone [20]. The same combinatorial problem underlies a
natural formulation of both homology modeling and protein
design.

Typically, the choice of possible conformations for a side
chain is restricted to a library of discrete possibilities. This
approximation is based on the observation that, in high-
resolution experimental protein structure models, most side
chains tend to cluster around a discrete set of preferred
conformations, known as rotamers [21]. The inclusion of
these discrete configurations implies an important problem
reduction. Nevertheless, even this discrete version is known
to be NP-hard [22] and hard to approximate [23]. Therefore,
the conception of efficient search procedures arises as an im-
portant research problem. Here, it also serves as an example
of a difficult combinatorial optimization problem on which
the proposed CCPSO algorithm can be tested.

With the rotamer model, the total energy of a choice of ro-
tamers can be described in terms of the pairwise interactions
between the elements of the side-chain conformation:

E = Ebackbone +
∑

i

E(ir) +
∑
i<j

E(ir, js) (1)

This incorporates the contribution of three classes of ener-
gies: Ebackbone is the self-energy of a backbone template,
E(ir) is the interaction energy between the backbone and
the side chain of residue i in its rotamer conformation r,
and E(ir, js) is the interaction energy between residue i
in the rotamer conformation r and residue j in the rotamer
conformation s. The problem of determining the side-chain

conformation of minimum energy is reduced to choosing a
rotamer selection for each residue so that Equation (1) is
minimized. Search algorithms for side-chain packing fall into
two broad categories: stochastic and deterministic. Stochastic
algorithms, including simulated annealing [24] and genetic
algorithms [25], semi-randomly sample sequence-structure
space and move toward lower energy solutions, while deter-
ministic algorithms, such as dead end elimination and its ex-
tensions [26]-[28], integer programming [29][30], and other
graph search approaches [31][32] perform semi-exhaustive
searches [20]. An advantage of stochastic methods, such
as PSO, is that they can deal with problems of significant
combinatorial complexity because they do not require an
exhaustive search.

The side-chain packing problem, SCP, can be reformu-
lated as a graph problem by using an interaction graph to
represent the residues and their relationships. Each residue is
represented by a subgraph that contains a node for each pos-
sible rotamer for this residue. Physical interactions between
each possible rotamer of different residues are represented
by weighted edges between the nodes, such that the edge
between rotamer r of residue i and rotamer s of residue j
has weight E(ir, js). By assigning a cost to each node equal
to its interaction energy with the backbone E(ir), the global
minimum conformation can be found by picking one node
from each residue subgraph, such that it minimizes the cost
of the entire induced subgraph. Figure 1 shows an example
of a SCP with three amino acid residues A1, A2, and A3.

R 2 , 1 R 2 , 2

A 2

R 3 , 1 R 3 , 3R 3 , 2

A 3

R 1 , 1 R 1 , 3R 1 , 2

A 1

Fig. 1. SCP problem with three amino acid residues A1, A2, and A3.
Each amino acid residue is represented by a subgraph that contains all
the rotamers that belong to that amino acid, A1 = {R1,1, R1,2, R1,3},
A2 = {R2,1, R2,2}, A3 = {R3,1, R3,2, R3,3}. The solution to this SCP
is sol = 〈R1,1, R2,2, R3,2〉.

III. PSO AND ITS VARIANTS

A. Traditional PSO

PSO [6][7] models a set of potential problem solutions
as a swarm of particles moving in a virtual search space.
Every particle in the swarm begins with a random position
(�xi) and a velocity (�vi) in the n-dimensional search space,
where xij represents the location of particle i in the jth

dimension of the search space. Candidate solutions are opti-
mized by flying the particles through the virtual space. Each



particle remembers at which position it achieved its highest
performance (�bi). Every particle is also a member of some
neighborhood of particles, and it remembers which particle
achieved the best overall position in that neighborhood (�ni).
At each iteration of the algorithm (as shown in Algorithm
1) the position of each particle i is updated. The cognitive
factor c1 and social factor c2 are influential in striking a bal-
ance between the relative roles of the individual experience
(governed by c1) and of the social communication (governed
by c2). Uniform random selection of these two parameters
avoids any a priori importance of either of the two sources
of information. Inertia weight w is a parameter within the
range [0,1] and is often decreased over time.

Algorithm 1 Traditional PSO
for each particle i do

initialize position �xi and velocity �vi

end for
while stop criteria not met do

for each particle i do
evaluate fitness(�xi)
�bi ← best position found so far by the particle
�ni ← best position found so far by its neighborhood

end for
for each particle i do
�vi ← w×�vi+U(0, c1)×(�ni−�xi)+U(0, c2)×(�bi−�xi)
�xi ← �xi + �vi

end for
end while

Extending PSO to more complex combinatorial search
spaces is of great interest but it requires a clear definition of
the relationship between a particle position and a solution [8].
This representation method, as well as the notions of position
and velocity of the original PSO, have no natural extensions
in combinatorial space. We now review briefly some relevant
attempts to deal with this representation.

B. Discrete and Combinatorial PSO

Since the original PSO algorithm can only optimize
problems in which the elements of the solution are
continuous real numbers, a modification of the PSO
algorithm for problems with binary-valued solution elements
was presented in [33]. This algorithm preserves the concept
of social and cognitive learning but changes the updates
of the particles’ features. The velocity equation remains
unchanged, except that now xij , bij and nij are integers in
{0, 1}, and the particle’s position equation is changed to:

xij =
{

1 if rand() ≤ S(vij), where S(vij) = 1
1+e−vij

0 otherwise

The particle’s position xij now contains the solution com-
ponent (i.e., the value 0 or 1), and the velocity vij is a
probability value constrained to the interval [0.0, 1.0] that
indicates the probability of the corresponding solution ele-
ment assuming the value 1. The notion of velocity of the

standard PSO, representing the change the particle’s position
xij , is lost. Another way to apply traditional PSO to discrete
problems is to simply cast them as continuous optimization
problems and round the element of the position vectors to the
nearest valid discrete value [34][35]. This approach makes
the implicit assumption that discrete values are physically
related, i.e, a xij = 1 would move to xij = 2 easier that it
would to xij = 5. A more involved approach, MVPSO [36],
defines the particles’ positions to contain the probabilities of
solution elements assuming the specific values. This strategy
maintains a notion of position and velocity similar to the
traditional PSO, but the accuracy of MVPSO decreases
as the number of discrete values increases from binary to
ternary [36].

The most common approach of PSO extensions for explicit
combinatorial problems, such as the traveling salesman pro-
blem, is based on the principle of permutations [37][9][10].
In these algorithms, a particle position is a specific permu-
tation, and the velocity becomes a swap operator that trans-
forms one permutation into another. Various other heuristic
rules have been proposed to apply PSO to combinatorial
problem while attempting to keep the particles in continuous
space. For example, the smallest position value rule [11]
maps the positions of the particles to a permutation solution
by placing the index of the lowest valued particle component
as the first item, the next lowest as the second and so on.

C. Cooperative PSO

In cooperative PSO approaches, particles are explicitly
or implicitly grouped into subswarms. Implicit grouping is
achieved in the basis of particle behavior and overall state.
Cooperation is mainly in terms of exchanging information
about best positions found by different groups. In Concurrent
PSO, CONPSO [13], two swarms search concurrently for
a solution with frequent message passing of information.
Breeding PSO developed in [12] has implicit cooperation
based on the exchange of genetic material between parents
of different subswarms. Multi-Phase PSO, MuPSO [14],
divides the swarm into groups of particles that are allowed
to exchange particles. Each group can be in an attraction or
repulsion phase, where it moves toward or away from the
best solutions found recently.

Cooperative Split PSO, CPSO-S, [17], divides the solution
into components that are then optimized using a separate
PSO for each component. The best particle of each PSO is
used to define a context-vector which is needed to evaluate
the fitness of the particles. The context vector is unique
during the evaluation of particular PSO, which means that
all particles are evaluated using only one template solution.
A hybrid of CSPSO-S and traditional PSO was tested in
several continuous optimization benchmark problems with
promising results [17]. Similar work is presented in Multi-
objective PSO [18] where the best-particle of each PSO is
selected based on a partial order such that Pareto ranks are
first considered, followed by niche counts.



IV. COOPERATIVE COMBINATORIAL PSO

Here we present a novel PSO algorithm, CCPSO, for
combinatorial optimization problems that maintains some
core concepts of traditional PSO, namely, particles move in
a continuous high-dimensional space guided by social and
cognitive learning terms. These social and cognitive terms
are a result of keeping a memory of the best candidate
solution seen so far and the best candidate solution seen
by the neighbors. Applying PSO to combinatorial problems,
where the relationship between the different elements of the
solution is non-linear, allows for the possibility that some
elements in the vector have moved closer to the optimal
solution, while others actually moved away from the solution.
If the cumulative effects of these changes improve over the
previous stored solutions, the PSO will update its memory
values, guiding the solution to a part of the space that
could be farther away from the optimal solution. Previous
approaches attempted to avoid this problem by partitioning
the search space and optimizing each dimension separately,
but this was found to introduce pseudo-minima [17]. The
strategy implemented in our algorithm aims to solve the same
problem and avoid pseudo-minima by keeping the concept
of particles being guided by their own candidate solutions
templates that represent the social and cognitive memories.

In combinatorial problems, candidate solutions are repre-
sented by a vector, solution = 〈c1, c2, ..., cn〉 where each
component ci is selected from an ordered set of k possible
values Mi = {mi1,mi2, ...,mik} for position i. Note that
k varies for each ci. In CCPSO, each component ci is
represented by a particle pi. Each possible value in Mi is
represented by an attractor rij . Particle pi moves in a k-
dimensional space where all its attractors rij are located.
Attractors try to pull pi to its position, i.e, try to assign their
value mij to ci. The solution is represented by a collection
of particles, a subswarm, and is decoded from the particle’s
positions. Each solution component is assigned the value mij

represented by the attractor rij that is selected as winner
for that particle. This winner is selected randomly using
the particle’s position, �xi, as the distribution. Therefore,
attractors which are more successful in pulling particles
towards its position will have a higher chance of being
selected as part of the decoded solution.

A. Subswarm

A subswarm represents a candidate solution for the opti-
mization problem. It is composed of a collection of particles,
where each particle is optimizing one component of the
solution vector. Since a subswarm can be decoded into a
candidate solution, its fitness value can be evaluated accord-
ing to the optimization fitness function. Each subswarm s is
defined by the tuple:

Ss = 〈particless, sols, fitnesss, bs, ns, neighborss〉
where particless is the set of particles that belong to the
subswarm, sols is the candidate solution decoded from
particless, fitnesss is the fitness value of the solution,

neighborss is a set of subswarms with which it interacts,
bs represents the cognitive memory of the subswarm, i.e, the
candidate solution at which it achieved the best fitness value,
and ns keeps a social memory.

B. Attractor

An attractor represents a value mij for a particular compo-
nent ci in the candidate solution. Attractors are represented
by static particles rij located throughout the k-dimensional
space, where k is the number of possible values for this
solution component. Extending notation to indicate the sub-
swarm, each attractor j of particle i in subswarm s is defined
by the tuple:

rsij = 〈 �asij , st
b
sij , st

n
sij 〉 (2)

where �asij = its static position, stbsij represents the strength
of this attractor to pull particle psi towards the best solution
seen by subswarm s (i.e. bs), similarly stnsij represents the
strength of this attractor to pull particle psi towards ns.

The position �asij is initialized to a unit vector in a
direction of the jth coordinate axis orthogonal to all previous
attractors. To update an the strength of an attractor, a new
candidate solution �b

′
s is constructed by using �bs as a template

candidate solution, and replacing the value of the component
ci with mij . The strength value stbsij is computed propor-
tional to the fitness value of �b

′
s. ”The value stnsij is updated

similarly:

stb
sij ∝ fitness(�b

′
s), where �b

′
s = �bs except b

′
s[i] = j (3)

stn
sij ∝ fitness(�n

′
s), where �n

′
s = �ns except n

′
s[i] = j (4)

The attractor’s task is not to move around the space during
the simulation, but instead to pull particles towards its
position with a strength that reflects how good that particular
value is for the solution. This strength value is used as
an heuristic to guide the particles towards better areas of
the search space. To explore how frequently this value
needs to be updated to be effective we define an update
probability value us. At each iteration a coin is flipped with
us probability to determine if the strength values need to be
updated.

C. Particles

A particle represents one component in the candidate
solution. Particles move throughout a continuous space, their
movements based on the influences exerted by attractors.
Their positions are used by the subswarm to construct the
candidate solution. Each particle i of subswarm s is defined
by the tuple:

psi = 〈�xsi, �vsi〉
where �xsi = its current position, �vsi = its current velocity
vector. The particle’s position �xsi represents the probability
of component i taking each possible value. �xsi[j], in par-
ticular, represents the probability of selecting value mij for
component ci. The selection is made at random using �xsi as
the distribution. The initial position �xsi is set to a random



position in the k-dimensional space, and its initial velocity
vector �vsi is set to zero. The updates of the particles are
accomplished according to Equations (5) - (6). As with the
traditional PSO (refer to Algorithm 1), Equation (5) shows
how a new velocity is computed based on three components:
its previous velocity, a velocity component that drives the
particle towards the location in the search space where it
previously found the best solution (i.e, a cognitive-velocity
�vb

si), and a velocity component that drives the particle to-
wards the location of the best neighborhood solution (i.e, a
social-velocity �vn

si). Then each particle’s position is updated
by simply adding the velocity vector (Equation (6)):

�vsi ← w × �vsi + U(0, c1)× (�vb
si) + U(0, c2)× (�vn

si) (5)

�xsi ← �xsi + �vsi (6)

The value of the cognitive-velocity component, �vb
si is the

result of all forces exerted by nearby attractors on particle
pi as shown below in Equation (7). Equation (7) shows that
this attraction force is dependent upon particular attributes
of each attractor: its strength (stbsij), which is proportional
to the fitness value of the best memory of the subswarm,
and its location (which is used to compute the direction of
the velocity). The strength of these attractors are dependant
on the best solution seen so far, i.e., its cognitive memory,
therefore we name these cognitive-attractors. Cognitive-
velocity guides the particle towards a position in space which
is considered good from the perspective of the best memory
of the swarm. The social component of the new velocity is
computed in a similar manner in Equation (8):

�vb
si ←

∑
j

stbsij × �asij (7)

�vn
si ←

∑
j

stnsij × �asij (8)

Unlike the traditional PSO, these cognitive and social veloc-
ity components can be seen as a local search step, since the
attractors strength values (stbsij and sn

sij) are estimated by
taking into account the fitness value of a candidate solution
where that particular value is selected.

D. Algorithm

Algorithm 2 presents the CCPSO pseudocode that com-
bines the components described above. The system is ini-
tialized at time t = 0 by creating all subswarms. For
each subswarm, one particle is defined per dimension of
the combinatorial problem. An attractor is created for each
possible value of this variable. For each time step, each
particle updates its position vector by simply adding a new
velocity vector (Equation (6)). This new velocity vector is
computed based on the influence exerted by the cognitive
and social attractors. Equations (7) - (8) define how to get the
resultant force of all attractors, and Equations (3) - (4) show
how to the attractors recompute their strength value based
on the memory values of the subswarm. The process iterates
until all particles have arrived to a stationary position (i.e.,
the system is in equilibrium) or until a maximum number of
time steps has passed.

Algorithm 2 Cooperative Combinatorial PSO
for each subswarm s do

for each particle i do
initialize position �xsi and velocity �vsi

for each attractor j do
initialize position �asij

end for
end for

end for
while stop criteria not met do

for each subswarm s do
decode solution sols
evaluate fitness(sols)
�bs ← best solution found so far by the subswarm
�ns ← best solution found so far by its neighborhood
for each particle i do

for each attractor j do
if flip(us)
stbsij ∝ fitness(�b

′
s), where �b

′
s = �bs with b

′
s[i] = j

stn
sij ∝ fitness(�n

′
s), where �n

′
s = �ns with n

′
s[i] = j

end if
end for
�vb

si ←
∑

j st
b
sij × �asij

�vn
si ←

∑
j st

n
sij × �asij

�vsi ← w×�vsi +U(0, c1)× (�vb
si)+U(0, c2)× (�vn

si)
�xsi ← �xsi + �vsi

end for
end for

end while

V. CCPSO FOR SIDE-CHAIN PACKING

To apply CCPSO to the SCP problem we need to define
the solution representation and the decoding method. Each
particle represents a residue and attractors represent the
rotamers of each residue. For the SCP of Figure 1, we have
three residues A1, A2 and A3, where A1={R1,1, R1,2, R1,3},
A2={R2,1, R2,2}, and A3={R3,1, R3,2, R3,3}. Therefore, for
subswarm s1 we have particles1={p1, p2, p3}. For residue
A1 we create p1 that would move in a continuous k space,
where k is the number of rotamer choices. Since k = 3 for
A1, particle p1 moves in a 3-dimensional space. Attractors
r111, r112 and r113 would be in locations 〈1, 0, 0〉, 〈0, 1, 0〉,
and 〈0, 0, 1〉 respectively. This is depicted in Figure 2.

In a candidate solution for a SCP problem each component
ci is the rotamer selected for the side chain of residue i. The
decoding method maps a subswarm s to a rotamer confor-
mation sols. Each particle psi of subswarm s contributes to
the candidate solution sols with its choice of rotamer for the
side chain of residue i. This rotamer is selected randomly
by function winner which uses the particle’s position �xi as
distribution.

sols = 〈c1, c2, ..., cn〉, where ci = winner(xsi)

An example of a solution for the SCP defined in Figure 1
obtained from a subswarm s is depicted in Figure 3. For



R1,1
    

P1 [0.2, 0.3, 0.5] 
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Fig. 2. Example of a particle and its attractors. Particle p1 moves in a
3-dimensional space. Attractors are located in an orthogonal position to one
another and try to pull p1 towards its location.

clarity we omit the index s of the particles. Once a solution
sols for each subswarm s is obtained, computing its fitness
value is straightforward. Equation (9) shows how to compute
the fitness value of a solution sols. Details about how to
compute the energy value of rotamer conformation are given
in the next section.

fitness(sols) =
1

energy(sols)
(9)

VI. EXPERIMENTAL SETUP

We test our algorithm on combinatorial problems resulting
from three protein packing applications: predicting the con-
formation of a protein’s side chains on its native backbone,
predicting the structure of the protein using the backbone of
a homologous sequence as a template, and the problem of
designing novel sequences that fold into a known backbone.

In general, it is not straightforward to compare the results
of different protein side-chain packing methods, as different
accuracy measures, energy functions, rotamer libraries and
proteins have been used. In order to make a fair comparison
of search methods, we use the same rotamer library and
energy function that a previous study used [30]. For our
rotamer library we used Dunbrack’s backbone-dependent
rotamer library [38]. For each 10◦ range of φ, ψ backbone
angles, this library has 320 rotamers, with the largest number
of rotamers, 81, belonging to arginine and lysine.

The energy function of the rotamer conformation is
computed using Equation (1), except that we dropped the
Ebackbone term since the template backbone is fixed. To
compute the self-energy terms E(ir) and the pairwise ro-
tamer energy E(ir, js) we use the energy functions defined
in [30], which are derived from the AMBER force field [39].
E(ir), the self-energy of rotamer i, is computed using both
statistical potentials and van der Waals interactions terms.
The statistical term takes into account the prior probabilities
of rotamers in a training set so that the more common a
rotamer, the lower the energy assigned to it. E(ir, js), the
pairwise rotamer energy between rotamers r and s, is the
sum of the van der Waals interactions between the side-chain
atoms of r and s.

With particles← {p1, p2, p3}

x1 ← R1,1 R1,2 R1,3 winner(x1) = R1,30.2 0.3 0.5

x2 ← R2,1 R2,2 winner(x2) = R2,10.7 0.3

x3 ← R3,1 R3,2 R3,3 winner(x3) = R3,20.3 0.6 0.1

we obtain the candidate solution

sol← 〈R1,3 R2,1 R3,2〉

Fig. 3. Solution representation for the SCP problem. A solution sol1
is obtained by selecting a rotamer from each particle using xi values as
distribution.

We compare our results with the provably optimal solution,
obtained by a deterministic method as reported in [30]. The
accuracy of our results is determined by computing the
percentage error. Percentage error is defined in Equation (10),
where OPT is the energy value of the optimal rotamer
conformation and solution-energy is the energy value of the
best solution found by the CCPSO.

error = 100× |OPT − solution-energy|
|OPT | (10)

Since our method is stochastic, we execute each instance
twenty times and report on the average percentage error, as
well as the minimum percentage error (best solution found).
The experiments were run on a Intel Xeon 3.2Ghz processor
with 1GB of RAM.

VII. RESULTS

The CCPSO parameters used in this paper are listed in
Table I. These parameters were selected after preliminary
experimentation. Tables II - IV present the results in the three
datasets. Columns 1-4 describe the protein while columns
5-7 show the CCPSO results with respect to the optimal
solution. The first column gives the protein PDB identifier,
the second column indicates how many of its side chains have
more than one possible rotamer, and the third gives the total
number of rotamers. Fourth column points out the energy of
the optimal configuration. Fifth column shows the minimum
percentage error obtained by any run of the CCPSO, while
the sixth column shows average percentage error over twenty
runs. Finally the seventh column indicates the number of
incorrect rotamer positions in the best solution obtained by
the CCPSO.

TABLE I
CCPSO PARAMETERS

Parameter Value
Number of subswarms 30
Maximum number of iterations 200
Cognitive factor c1 1.5
Social factor c2 1.5
Inertia weight w 1 to 0 (linearly decreasing)
Network-topology ring
Update probability value us 0.4



TABLE II
RESULTS IN NATIVE DATASET

PDB number number opt Min Avg Incorrect
name res rot energy error error rot
1c9o 53 1130 -697.75 0.00 0.90 0
1aac 85 1523 -765.47 0.00 0.00 0
1czp 83 1170 -434.19 0.00 2.41 0
1qu9 100 1817 -1336.14 0.00 0.00 0
5pti 46 1088 118.00 0.00 42.03 0
1b9o 112 2056 -1325.75 0.00 0.00 0
1ctj 61 1021 -920.44 0.00 0.00 0
1cex 146 2556 -1952.04 0.00 0.00 0

1mfm 118 2134 -1508.57 0.00 0.00 0
1eca 108 1885 -1526.37 0.00 0.47 0
1rcf 142 2396 -1246.81 0.12 1.26 2
1qtn 134 2516 -1661.19 0.00 0.03 0
7rsa 109 1958 -658.75 0.00 0.04 0
1c5e 71 1108 -930.64 0.00 0.02 0
1cz9 111 2332 -1209.86 0.00 0.58 0
5p21 144 2874 -1243.04 1.16 1.80 10
1aho 54 981 -374.49 0.00 0.11 0
1plc 82 1156 132.73 0.00 0.00 0
1cku 60 1093 198.50 0.00 0.00 0
1vfy 63 939 -712.38 0.00 1.38 0
1igd 50 926 -501.61 0.00 0.59 0
1qj4 221 4080 -3023.47 0.56 1.50 7
2pth 151 3077 -2165.46 0.05 0.32 2
1cc7 66 1396 -621.82 0.00 0.70 0
1d4t 89 1636 -1344.47 0.00 0.09 0
1qq4 143 2045 -1346.16 0.17 12.42 3
3lzt 105 2074 -1301.11 0.00 0.23 0

TABLE III
RESULTS IN HOMOLOGY DATASET

PDB number number opt Min Avg Inc.
name res rot energy error error rot

1cku-1eyt 61 1095 216.05 0.00 0.00 0
1ctj-1f1f 64 1219 -835.75 0.00 0.00 0
1aac-1id2 86 1608 819.88 0.00 0.02 0
1czp-4fxc 81 961 -389.23 0.00 2.79 0
1cc7-1fe4 62 1222 281.09 0.00 4.42 0
1plc-1byo 79 1131 279.10 0.00 4.75 0
1czp-1doy 81 990 -380.20 0.00 1.92 0
1aho-1dq7 53 719 -173.58 0.00 0.00 0
1cku-3hip 65 1079 248.45 0.00 0.06 0
1mfm-1b4l 117 1978 2966.20 0.00 0.72 0
1c9o-1mjc 52 862 -654.63 0.00 0.00 0
1mfm-1xso 114 1826 -1102.35 0.00 0.24 0
1aac-2b3i 87 1242 3956.09 1.12 5.08 5
1cz9-1c6v 113 1979 172.89 0.00 15.57 0

1mfm-1cob 119 1980 -1270.05 0.00 0.00 0
1qj4-1e89 220 4154 -2886.80 0.37 1.38 6
1c9o-1csp 53 1076 -676.87 1.14 1.82 2
1ctj-1cyj 66 1291 -972.90 0.00 0.00 0

1igd-1mi0 49 723 -529.03 0.00 0.37 0
1qq4-1hpg 139 1514 4041.36 0.76 2.43 4
1c9o-1g6p 54 1409 -682.24 0.00 0.01 0

The native dataset contains 27 proteins that vary in size
from 46 to 221 amino acid residues. Each amino acid residue
is allowed to assume all the rotamers listed in the library. This
produces search spaces with up to 10218 possibilities. From
Table II it can be seen that among the 27 proteins, CCPSO
is able to find the optimal conformation in 22 instances.
The relative error in all four cases where the solution is not
the rotamer conformation with the optimal energy value was
fairly small, with an error < 1.16% in the worse case.

For the task of side-chain packing in homology modeling,
21 homologs to the proteins of the native dataset are selected.
For each pair, a template/target protein is defined, where the
template protein provides the backbone and the target protein
is the protein for which the structure is to be predicted.
CCPSO obtains the provably optimal solution in all but four
cases. As in the native dataset, the relative error is very small,
with error < 1.12%. Details are shown in Table III.

TABLE IV
RESULTS IN DESIGN DATASET

PDB number number opt Min Avg Incorrect
name res rot energy error error rot
1igd 11 552 -298.07 0.00 0.00 0
1aac 38 2153 -860.61 0.00 0.77 0
1qu9 43 2057 -1093.26 0.00 1.14 0
7rsa 46 1993 -764.04 2.22 6.28 5
1c5e 25 1369 -587.20 0.00 1.17 0
1b9o 48 1842 -494.88 1.93 5.84 2
1ctj 24 1262 -670.87 0.00 0.00 0
1cz9 53 2664 -1274.13 0.49 2.51 4
1plc 33 1691 157.34 0.00 7.60 0
1vfy 15 665 -365.03 0.00 0.00 0

1mfm 46 3215 -1095.26 0.25 0.69 3
1c9o 14 757 -380.96 0.00 0.32 0
1czp 30 1475 -703.26 0.63 1.97 2
1cex 78 3926 -1815.78 1.24 2.26 11
1rcf 65 3189 -1508.24 1.60 3.72 8
1qtn 49 2181 -1176.97 1.90 2.85 6
5p21 70 3624 -1616.96 3.64 5.35 16
1aho 18 668 -138.88 0.00 0.00 0
1cku 22 897 -574.65 0.00 0.10 0
1qj4 124 6655 -2569.98 2.77 4.07 29
2pth 76 4395 -1856.56 4.36 5.70 19
1cc7 18 866 -410.44 0.27 0.79 2
1d4t 32 1691 -914.55 1.41 2.40 8
1qq4 72 3500 -1190.81 0.04 1.49 2
3lzt 48 1940 -953.50 0.72 1.44 4

The design dataset contains 25 instances. Side-chain pack-
ing in a protein design task varies significantly from the two
previous tasks studied. In this case, the amino acid as well as
the residue needs to be chosen, which makes the search space
significantly larger. As in [30], the amino acids are grouped
into the following classes: AVILMF / HKR / DE / TQNS /
WY / P / C / G. For each of the 25 proteins in the native
test set, we allow each amino acid position in the backbone
to be replaced for any other amino acid that belongs to the
same class as the native residue. Therefore, the number of
rotamers that need to be consider for each residue grows
substantially. The sizes of the resulting problems are shown
in column three of Table IV. Among the 25 design problems,
the CCPSO is able to find the optimal configuration for
10 instances. Not surprisingly, the design problem is more
difficult to solve for the CCPSO than fitting side chains on
native and homologous backbones. Nevertheless, the CCPSO
manages to obtain solutions that are close to the optimal, with
the relative error < 4.36 even in the worst case.

To analyze the effect of the number of residues and
rotamers on the performance of CCPSO we compare the
running times of the native and design dataset. The native
dataset proteins varies from 46 to 221 residues, with a
maximum of 4080 rotamers. The running time for the full
dataset was 128 minutes, with the longest time taken by
1qj4 which takes 74 minutes. Proteins in the design dataset
have fewer residues but considerably more rotamers. The
number of residues ranges from 11 to 124 with a maximum
of 6655 rotamers. The running time for the full design
dataset is less than 40 minutes, where over one third of the
time was used by protein 1qj4. Running times vary from 8
seconds for 1aho to 15 minutes for 1qj4. CCPSO seems to be
susceptible to residue size, therefore the native dataset takes
more time. Unlike other traditional SCP methods, CCPSO
does not seem to be as susceptible to the increase in rotamer
size characteristic of design problems. This makes CCPSO
particularly appealing for this protein prediction task.



VIII. CONCLUSIONS

We present a novel cooperative combinatorial PSO that
preserves the concept of particles that move throughout a
continuous high-dimensional space while keeping its own
cognitive and social memories of candidate solutions. A new
cooperative strategy partitions the search space by splitting
the problem into components and using one particle to
optimize each component. This component-by-component
optimization allows fine tuning of each component by each
particle when the candidate solution templates do not change
from one iteration to the next and explores a different part
of the space when the memories are modified.

We examine its application to a NP-hard problem, Side-
chain Packing where we obtain results that are close to the
provably combinatorial optimal solution. Results in the pro-
tein design task are particularly encouraging since CCPSO’s
performance seems not to be strongly affected by an in-
crease in the number of rotamers per residue. Preliminary
experiments showed that simple schemes such as casting the
problem as a continuous optimization problem and rounding
the result, as well as Discrete PSO, do not find as good
solutions.

We expect our CCPSO approach may be a useful approach
to solving other difficult combinatorial problems within the
PSO framework and future work includes comparison in
more traditional combinatorial tasks.
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