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Abstract : A proteins biological function is inherently tied to its three-
dimensional structure, known as its native conformation. Although researchers
have established the relationship between a proteins structure and its function,
the precise mechanism that drives a protein to fold into its most stable form
is still not fully understood. In biological terms, the optimal conformation
corresponds to the structure with the lowest free energy. This understanding
has led to the formulation of the protein folding problem (PFP) as a combi-
natorial optimization (CO) problem, where the goal is to predict a proteins
tertiary structure. Over the years, numerous optimization methods have been
proposed to address the PFP across various simplified models. In this paper,
we develop an efficient hybrid genetic algorithm to solve the PFP and evaluate
its performance against state-of-the-art algorithms using benchmark datasets.
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1 Introduction

The protein has a fundamental role in all biological functions, as each of these functions
is performed by a specific protein that scientists refer to as the native structure [32, 10].
According to Anfinsen’s experiments, all information that allows the protein to fold into
its native state is contained in its primary structure [9, 2]. Understanding the folding
process and its mechanisms is the first step to addressing many serious diseases caused
by aggregation or misfolding, such as Alzheimers, prion diseases, and mad cow disease
[23, 5, 6, 25]. Experimental methods such as X-ray crystallography (XC) [13] and nuclear
magnetic resonance (NMR) [34] have been used to determine the structure of real proteins.
However, these methods are very costly in terms of equipment and time. Therefore, re-
searchers widely study this problem using computational methods because of their speed
and the quality of the solutions they provide. The native state of a protein is achieved
when the chains that make up the protein fold into a minimum free-energy conformation
[1]. Moreover, the folding process is driven primarily by hydrophobic interactions between
amino acids, which are essential for the development of the native conformation. Each
occurrence of these contacts reduces the total energy of the conformation by one unit
[33]. Therefore, searching for an optimal conformation of a protein amounts to finding a
structure that maximizes the number of hydrophobic contacts, known as H–H contacts.
Although many simplified models have been introduced since the discovery of the rela-
tionship between protein function and structure to reduce the complexity of the protein
folding problem (PFP), predicting protein structure remains one of the most challenging
problems in biology, chemistry, and computer science [30]. The Hydrophobic-Polar (H–P)
model, referred to as the H–P lattice model, is one of the most widely used models in
the study of PFP [22]. The H–P model is based on a crucial principle in the folding pro-
cess: the native state of proteins is largely determined by hydrophobic interactions among
hydrophobic amino acids, which together form the core of the structure. In this model,
the quality of a folding (i.e., the energy function E) for a given structure is measured by
the number of hydrophobic contacts present [16]. Based on the H-P model, the PFP can
be formulated as a combinatorial optimization problem using a lattice to represent the
structure, where the goal is to identify the optimal conformation c∗ that maximizes the
number of H-H contacts in the conformational space C [19]:

c∗ = arg min
c∈C

E(c).

In this work, we present an efficient hybrid algorithm (HGAETS) that integrates a ge-
netic algorithm (GA) with an enhanced Tabu search using the Lévy Flight Perturbations
(ETS) approach to solve the H-P protein folding problem using a 2D square lattice model.
The remainder of this paper is organized as follows. In Section 2, we review the related
work on protein folding models and computational approaches. Section 3 presents the
H-P simplified model for the protein folding problem, including its objective function,
constraints, and solution representation. Section 4 describes the proposed algorithm in
detail. In Section 5, we discuss the results and compare the performance of our algo-
rithm with state-of-the-art methods. Finally, Section 6 summarizes the present work and
discusses potential directions for future research.
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2 Related works

Since the development of the H-P model, various heuristic and metaheuristic algorithms
have been designed to solve the protein folding problem (PFP) on different lattice struc-
tures. In this paper, we focus on solving the PFP using the H-P model on a 2D square
lattice. Based on this model, Unger and Moult [31] proposed a genetic algorithm (GA)
that employs genetic operators (i.e., selection, crossover, and mutation ) to explore the
search space. The mutation operator introduces diversity, while the crossover operator
generates new solutions by exchanging sub-sequences between two selected solutions. In
the proposed GA, the probability of selecting a solution is proportional to its fitness and
determined by the roulette selection operator. Later, several improved versions of the GA
were introduced in [8, 11, 15, 26].

The Ant Colony Optimization (ACO) algorithm was first applied to the PFP in the 2D
H-P square lattice model in [27], with an extended version presented in [28]. Particle
Swarm Optimization (PSO) was also developed and successfully used to generate high-
quality solutions on benchmark datasets [3]. Additionally, the Immune Algorithm (IA)
has been applied to the PFP [7]. Several hybrid methods have also been proposed. For
instance, a simple GA was combined with a tabu search (TS) algorithm [19], and the
experimental results demonstrated that this hybrid approach outperforms the standard
GA. In [29], the authors proposed a high-performance Genetic Algorithm (called ACGA)
for the protein folding problem that allows all conformations, including non-self-avoiding
walks, to appear during the evolutionary process. This strategy increases the proba-
bility of reaching low-energy native conformations with improved topological properties.
Furthermore, the algorithm incorporates specialized translation-based crossover and mu-
tation operators to enhance the search efficiency and solution quality. In [17], Zhang
et al, proposed FoldingZero, a reinforcement learning-based approach for the HP protein
folding problem. The algorithm integrates a two-head deep neural network with a regular-
ized Monte Carlo Tree Search mechanism to guide the folding process. Unlike traditional
metaheuristics, FoldingZero learns folding policies directly from experience through it-
erative self-improvement. The neural network evaluates intermediate conformations and
predicts promising moves, while R-UCT balances exploration and exploitation during the
search. The method achieved results comparable to several state-of-the-art approaches
on standard HP benchmarks. In a recent study [35], Yang et al. applied Deep Rein-
forcement Learning to the 2D HP protein folding problem. Their approach combines a
Deep Q-Network with an LSTM architecture to model the folding process as a sequen-
tial decision-making task. The LSTM network captures long-range interactions between
amino acids, while reinforcement learning guides the search toward low-energy confor-
mations. The method relies on experience replay and ε-greedy exploration to improve
learning efficiency. Results on standard HP benchmarks demonstrated its ability to reach
best-known solutions and outperform several previous reinforcement learning approaches.

Some approximation algorithms have also been developed for the PFP. Hart and Istrail
proposed an algorithm achieving an approximation ratio of 1/4 (25%) for the 2D square
lattice and 3/8 (38%) for the 3D cubic lattice [12]. Newman later improved this ratio to
1/3 (33%) for the 2D square lattice and 6/11 (54%) for the 3D cubic lattice [24].
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3 Protein Folding in the HP Lattice Model

In the H-P simplified lattice model, all twenty amino acids are classified into two groups:
the hydrophobic group (H) and the polar group (P)[27]. Given a protein sequence of
n amino acids, this simplified model converts the original sequence s = s1, s2, . . . , sn
into a corresponding sequence s′ based on the hydrophobicity of the amino acids (s

′
i ∈

{H,P},∀i ∈ {1, 2, . . . , n}).In the following example, we present a protein sequence of ten
amino acids and its corresponding representation in the H-P model.

Primary structure s = Gln Asn Ala Ala Tyr Phe Gly Ala His Val

The corresponding H–P sequence is:

s′ = P P H H P H P H P H

Representation and Encoding of Solutions

Figure 1 illustrates the local neighborhood of a lattice position (x, y) on a two-dimensional
square grid. In this representation, each point is surrounded by four direct neighbors
located horizontally and vertically around it. These neighbors are given by

{(x+ 1, y), (x, y + 1), (x− 1, y), (x, y − 1)},

corresponding to the Right, Up, Left, and Down directions, respectively.

(x, y) (x+ 1, y)
Right

(x− 1, y)

Left

(x, y + 1)
Up

(x, y − 1)
Down

Figure 1: Illustration of the four neighbors of given node position (x, y) in 2D sequare
lattice.

A feasible conformation of a protein consisting of n amino acids on a two-dimensional
square lattice can be represented as a sequence of n − 1 lattice moves forming a self-
avoiding walk. That is, the folding path cannot revisit any lattice position previously
occupied [4].
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Let P =
{

(x1, y1), (x2, y2), . . . , (xn, yn)
}

be the set of lattice coordinates occupied by the
n amino acids. A conformation is considered valid if and only if it satisfies the following
constraints:

1. Each amino acid occupies exactly one lattice node, so we have:

for all i 6= j, (xi, yi) 6= (xj, yj).

2. No lattice node hosts more than one amino acid, ensuring that the walk is self-
avoiding.

3. Consecutive amino acids in the sequence occupy adjacent lattice nodes, which im-
poses the geometric constraint :

|xi+1 − xi|+ |yi+1 − yi| = 1, i = 1, 2, . . . , n− 1.

Objective Function

The quality of a protein folding in the H-P model is quantified by the number of hydropho-
bichydrophobic (H-H) contacts in the conformation. To achieve an optimal folding, the
number of such contacts should be maximized. Let s be a protein sequence of length n.
The energy of a valid conformation c(s) for s is defined by the following mathematical
expression [4]:

E(c(s)) = −
j=n−1∑
i=1

j=n∑
j=i+1

xi,jyi,j,

where

xij =

{
1, if si = H and sj = H,

0, otherwise.

And,

yij =

{
1, if amino acids i and j are in topological (adjacent) positions,

0, otherwise.

Two amino acids are considered to be in topological contact if they occupy neighboring
positions on the lattice, but are not consecutive along the protein sequence. In the H-P
lattice model, the goal of protein folding prediction (PFP) is to find a valid conformation
of a given protein sequence s that maximizes the number of H-H topological contacts, thus
minimizing the total energy of the structure. As an example, the conformation shown in
figure 2 corresponds to a feasible folding of the HP protein sequence given by:

s = H P P P H H H H H H P H P P H P P H P H H H.

This conformation contains 8 H-H topological contacts (i.e., energy of this conformation
is E(s) = −8).
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H-H topological contact

Figure 2: Representation of a folded HP protein sequence on a two-dimensional square
lattice.

3.1 Mathematical Modeling of the PFP Problem on a 2D square
Lattice

This section introduces a mathematical programming framework for the protein folding
problem (PFP) within a two-dimensional sequare lattice. The proposed formulation is
designed to be compatible with standard optimization modeling tools and solvable using
existing mathematical programming solvers.

The 2D sequare lattice structure is characterized by the fact that each lattice node is
adjacent to four neighboring positions, defined with respect to a chosen coordinate system.
Let (i, j) denote a lattice coordinate. Given a protein sequence of length n, we define a
binary decision variable ykij to represent the spatial assignment of amino acids:

xkij =

{
1, if amino acid k occupies position (i, j),

0, otherwise.

(i, j)

(i + 1, j)(i− 1, j)

(i, j + 1)

(i, j − 1)

Figure 3: Illustration of the four-neighborhood of a node (i, j) in a 2D lattice.
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3.1.1 Constraints

We consider a 2D square lattice where each node has four adjacent neighbors. The first
amino acid of the sequence is fixed at the central position (n, n):

x1nn = 1.

The feasibility of a solution is ensured through the following constraints:

� Path length constraint: A valid conformation must place all n amino acids on
the lattice:

n∑
k=1

2n∑
i=1

2n∑
j=1

xkij = n.

� Uniqueness constraint: Each lattice position can host at most one amino acid:

n∑
k=1

xkij ≤ 1, ∀i, j ∈ {1, . . . , 2n}.

� Connectivity constraint (square lattice): An amino acid at position k+1 must
be placed on a node adjacent to the position of amino acid k. In the square lattice,
each node has four neighbors:

xk+1
ij ≤ xki−1,j + xki+1,j + xki,j−1 + xki,j+1, ∀i, j ∈ {1, . . . , 2n}, ∀k ∈ {1, . . . , n− 1}.

3.1.2 Objective Function

Let θk be a binary parameter representing the type of amino acid:

θk =

{
1, if amino acid k is hydrophobic (H),

0, if amino acid k is hydrophilic (P).

The objective is to maximize the number of non-consecutive hydrophobic contacts:

max(Z) =
1

2
Z∗ −

n−1∑
k=1

θkθk+1,

where

Z∗ = max
y

{
2n∑
i=1

2n∑
j=1

(
n∑
k=1

θky
k
ij

)(
n∑
k=1

θk
(
xki−1,j + xki+1,j + xki,j−1 + xki,j+1

))}
.

Remarks: This formulation ensures that the protein conformation remains within a
bounded lattice defined over [1, 2n] × [1, 2n], with a fixed starting point at (n, n). The
maximum spatial extension is limited by the sequence length, as the longest possible path
requires at most n− 1 moves.

Although the model has a space complexity ofO(n2), it remains computationally tractable
due to the binary nature of the decision variables.
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4 A New Hybrid Genetic Algorithm for the PFP

Problem

Here, We propose an efficient hybrid genetic algorithm, HGAETS (see Algorithm 1), to
solve the protein folding problem (PFP) on a 2D square lattice. This algorithm combines
the genetic algorithm (GA) with An Enhanced Tabu Search using Lévy Flight Pertur-
bations (ETS). The motivation for this hybridization is that GA is highly effective at
exploring the search space and identifying new regions, whereas ESA excels at exploiting
local neighborhoods, moving from a current solution to its best neighbor. By combining
these complementary strengths, HGAETS achieves a well-balanced trade-off between di-
versification and intensification, allowing the search space to be explored more efficiently.
The algorithm begins by generating a population P of feasible chromosomes m (i.e., fea-
sible solutions). Over successive generations, the quality of these solutions is improved
through two phases: an exploration phase, driven by the GA, followed by an improve-
ment phase executed by the proposed improved Tabu Search. In each generation, genetic
operators are applied to create a new population. The solutions selected for reproduction
undergo crossover, according to the crossover rate Pc, and are chosen using the tourna-
ment selection technique. A mutation operator is applied with probability Pm = 1 − Pc
to maintain diversity in the population. Each offspring produced in this phase is then
used as the initial solution in the improved tabu search, applied with a fixed rate β (see
Algorithm 2) to further enhance its quality. The population for the next generation is
formed by selecting the best m chromosomes from the current population and the newly
generated offspring. To introduce additional diversity, a rotation operator is applied to
the new population before proceeding to the next generation. This cycle of exploration,
improvement, and diversification is repeated until a stopping condition is met, ensuring
that the algorithm efficiently navigates the search space while continuously improving the
quality of the solution.

4.1 Chromosome Structure and Population Initialization

Given an HP protein sequence of length n, a feasible conformation on the 2D square lattice
can be represented by a sequence move of n−1 movements in the lattice (m2,m3, . . . ,mn),
where each movement mi ∈ {R,L, U,D} corresponds respectively to a step to the Right,
Left, Up, or Down on the lattice. The first amino acid is placed at a fixed initial lattice
position (x1, y1). For each amino acid i, its lattice coordinates are determined from the
position of the preceding amino acid (xi−1, yi−1) and the movement assigned to it mi.
Formally, the position of a given amino acid i is given by

(xi, yi) = (xi−1, yi−1) + ∆(mi),

where the movement vector ∆(mi) is defined as

∆(R) = (1, 0), ∆(L) = (−1, 0), ∆(U) = (0, 1), ∆(D) = (0,−1).

This representation allows the full conformation to be reconstructed from the initial po-
sition and the sequence of lattice movements. For the initial population, we generate m
random solutions as follows. We begin by placing the first amino acid at a fixed initial
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Algorithm 1 Suggested hybrid HGAETS algorithm

Input: Problem instance (i.e., HP protein sequence) I.

Output: The positions {(x1, y1), (x2, y2), . . . , (xn, yn)} of the n amino acids in the 2D
sequare lattice.

Begin
Initialization:
P ← Generate a initial population of m feasible Chromosomes.
Evaluate the Chromosomes using the fitness function (i.e., Energy function).
while the stop criterion is not checked do

Generate a new offspring population Pnew by the flowing steps:
k ← 0, Pnew ← {∅};
while k ≤ m do

(s1, s2)← Select two parents from P using Exponential Rank Selection
technique.

if rand1 < pc then
(of1, of2)← two solutions(offsprings) obtained by applying crossover

operator to the selected parents.
else

(of1, of2)← two solutions(offsprings) obtained by applying mutation
operator to the selected parents.

end if
if rand2 < β then

(of1, of2)← Improve the quality of the obtained offsprings (of1, of2)
using the suggested ETS given in algorithm 2.

end if
Pnew ← Pnew ∪ {(of1, of2)}.
k ← k + 2.

end while
end while
P ← the m best solution of P ∪ Pnew.

end while
end while

end



10 N. BOUMEDINE, S. BOUROUBI

position on the lattice. Then, for each amino acid i, a direction is randomly selected from
the four possible movements. If the resulting position is already occupied by a previously
placed amino acid (i.e., it creates a cycle), another direction is chosen. If all four direc-
tions lead to occupied positions, the partial conformation is discarded and a new solution
is generated from the beginning.

4.2 Exponential Rank Selection

In our algorithm, parent chromosomes for the reproduction phase are selected using ex-
ponential rank selection (ERS). ERS improves upon linear rank selection by reducing its
slow convergence. The main idea is to assign selection probabilities based on the relative
ranking of chromosomes, giving higher-ranked chromosomes a greater chance of being
chosen.

For minimization problems, such as minimizing energy in our problem, chromosomes are
ranked from the lowest fitness (best) to the highest fitness (worst). The probability of
selection of the chromosome at rank i is

pi =
(1− r) ri−1

1− rm
, i = 1, . . . ,m, (1)

where m is the size of the population and r ∈ (0, 1) controls the selection pressure. Larger
values of r increase the likelihood of selecting top-ranked chromosomes while still allowing
lower-ranked chromosomes to be chosen.

For example, consider a population of m = 4 chromosomes with fitness values: -32, -18,
-45, and -16. Ranking from lowest to highest fitness gives:

Rank Chromosome Fitness
1 Chromosome 3 -45
2 Chromosome 1 -32
3 Chromosome 2 -18
4 Chromosome 4 -16

Using ERS with r = 0.6, the selection probabilities are:

p1 =
(1− 0.6) · 0.60

1− 0.64
=

0.4

0.8704
≈ 0.460,

p2 =
0.4 · 0.61

0.8704
=

0.24

0.8704
≈ 0.276,

p3 =
0.4 · 0.62

0.8704
=

0.144

0.8704
≈ 0.165,

p4 =
0.4 · 0.63

0.8704
=

0.0864

0.8704
≈ 0.099.

As expected, the lowest energy chromosome (-45) has the highest probability of selec-
tion, while higher energy chromosomes still retain a chance, preserving diversity in the
population.
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4.3 Crossover Operator

In our method, the 1-point crossover is applied to parent chromosomes that encode protein
folding paths in a 2D lattice using four directional symbols: L (Left), R (Right), U (Up),
and D (Down). This operator produces offspring by exchanging portions of the two parent
sequences, allowing a combination of features from both and promoting exploration of
new folding conformations. A random crossover point c ∈ {2, . . . , n} is selected along the
sequence. The first segment of each parent before the crossover point remains unchanged,
while the remaining segment is swapped between the parents. This results in two children,
each inheriting parts of both directional information of both parents. The crossover
is performed with a high probability pc, promoting regular mixing of genetic material
between parents.

Parent 1: R U U L D R D L U R

Parent 2: U R U D L D R U L D

Child 1: R U U L D D R U L D

Child 2: U R U D L R D L U R

Figure 4: Illustrative example of 1-point crossover operator applied to two parent chro-
mosomes with cut Point c = 5 marked ind red color.

4.4 Mutation Operator

The mutation operator introduces small random changes in a chromosome to explore new
protein conformations while maintaining most of the inherited structure. In our method,
a random position p ∈ {1, . . . , n} is selected in the sequence, and the direction at this
position is replaced by a different one chosen randomly from the set {L,R, U,D}. By
applying a mutation with a low probability pm = 1− pc, the algorithm preserves most of
the parent’s structure, but adds minor changes to enhance the diversity of the population.

Befor Mutated: R U U L D R D L U R

After Mutated: R U U L D U D L U R

Figure 5: Example of mutation operator applied to a chromosome. The mutated position
p = 6 is marked in red.

4.5 Improved Tabu Search Algorithm

To enhance the quality of solutions produced by the genetic algorithm, we integrate
a Tabu Search (TS) procedure specifically designed for lattice-based protein structure
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optimization. The method controls the selection of amino acids used for neighborhood
exploration, while lattice-based diagonal moves combined with direction replacement are
used exclusively to generate neighboring conformations.

Starting from a current solution s, the algorithm iteratively selects an amino acid as a
pivot. The neighborhood set N (s) is defined as the set of candidate solutions generated
by replacing the current direction of the selected amino acid with each of the three other
possible lattice directions and applying the corresponding diagonal move to reposition the
amino acid. All moves are performed under chain connectivity, self-avoidance, and lattice
feasibility constraints to ensure valid conformations.

To prevent repeated selection of the same structural components, a tabu list is main-
tained as a First-In-First-Out (FIFO) queue of fixed length L. This list stores the indices
of the last L selected amino acids. During each iteration, amino acids present in the
tabu list are temporarily forbidden from selection, and no diagonal moves are applied to
them. After executing a diagonal move, the selected amino acid is added to the end of
the FIFO list, and the oldest entry is removed if the list exceeds its capacity. Among all
candidate solutions generated from non-tabu amino acids, the algorithm selects the one
with the minimum energy, even if it does not improve the current solution. By restricting
the tabu memory to amino acid selection rather than specific moves or entire solutions,
the proposed TS strategy achieves a balance between intensification and diversification.
Intensification is achieved through systematic exploration of the local neighborhood via
diagonal moves, while diversification is induced by temporarily forbidding recently used
amino acids, promoting exploration of alternative conformational regions. Overall, this
memory-guided Tabu Search procedure provides a deterministic, reproducible, and effi-
cient local search mechanism that significantly improves the quality of offspring solutions
within the evolutionary optimization framework.

4.5.1 Lévy-Flight-Based Discrete Operator

Lévy flights are a class of random walks characterized by a heavy-tailed step-length dis-
tribution, enabling a natural balance between frequent short moves and occasional long
jumps. The step size s follows:

L(s) ∼ s−λ, 1 < λ ≤ 3. (2)

While Lévy flights are commonly used in continuous optimization to update solutions as

Xt+1 = Xt + α · Lévy(λ), (3)

their direct application is not suitable for lattice-based protein structure prediction, which
is inherently combinatorial. To address this, we propose a discrete Lévy-flight-based
operator acting on direction sequences.

Each conformation is encoded as:

S = (d1, d2, . . . , dN), di ∈ {R,L, U,D}.

Local transformations rely on predefined directional relationships (opposite, clockwise,
and counterclockwise), allowing controlled modifications while preserving structural con-
sistency (see Table 1)[20].



Protein folding simulation using hybrid genetic algorithm 13

Algorithm 2 The Suggested Tabu Search Algorithm (ETS)

1: Input: Instance problem I and an initial solution s
2: Output: The best obtained solution sopt for I
3:

4: Begin
5: Initialization:
6: E(s)← Evaluate s using the energy function
7: sopt ← s
8: E(sopt)← E(s)
9: TL← ∅

10: L← Tabu tenure length
11: k ← 0
12: g ← 0
13: While g < maximum number of iterations (Tmax) do
14: g ← g + 1
15: i← Generate a random amino acid index in {1, 2, . . . , N}
16: While the selected index i ∈ TL do
17: i← Generate another random amino acid index in {1, 2, . . . , N}
18: End While
19: N(s)← Generate a neighborhood set for s applying the diagonal
20: moves and direction replacement to the selected amino acid i
21: Evaluate all s′ ∈ N(s)
22: s′ ← Select the best generated solution in N(s)
23: s← s′

24: E(s)← E(s′)
25: Update Tabu List TL:
26: If |TL| > L then
27: Remove the oldest selected amino acid
28: End If
29: Insert i into TL
30: If E(s) < E(sopt) then
31: sopt ← s
32: E(sopt)← E(s)
33: k ← 0
34: Else
35: k ← k + 1
36: End If
37: If k = kmax then
38: s← Generate a diversified solution by applying Lévy flight to s
39: E(s)← E(s)
40: k ← 0
41: End If
42: End While
43: Return sopt
44: End Algorithm
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Original Direction Opposite CW CCW
Right (R) L D U
Left (L) R U D
Up (U) D R L

Down (D) U L R

Table 1: Directional transformation rules for amino acid folding in the 2D lattice (local
search operators).

The proposed operator proceeds by sampling a Lévy step s, determining a subsequence
length

L = min(d|s|e, N − 1),

and selecting a starting index i ∈ [1, N−L]. The corresponding subsequence (di, . . . , di+L−1)
is then modified using either opposite or directional rotation (CW or CCW). This mech-
anism enables adaptive perturbations: small subsequences refine local structures, while
larger ones introduce significant structural changes, enhancing exploration.

Illustrative Example Consider the sequence

S = (R,U, U, L,D,R, U, L,D).

For a sampled value s = 4.6, we obtain L = 5. Selecting i = 3 yields the subsequence
(U,L,D,R, U), which is then transformed to generate neighboring solutions as summa-
rized in Table 2.

Transformation The Obtained Solution
Original (R,U, U, L,D,R, U, L,D)
Opposite (R,U, U,R,D,L, U, L,D)

Clockwise (CW) (R,U,R, U, L,D,R, L,D)
Counterclockwise (CCW) (R,U, L,D,R, U, L, L,D)

Table 2: Candidate solutions generated from the selected subsequence.

5 Experimental results and discussions

This section presents an experimental evaluation of the proposed HGA–ETS algorithm
and compares its performance with several state-of-the-art methods applied to the Protein
Folding Problem (PFP) in the two-dimensional square lattice model. The comparison
is carried out using standard benchmark instances listed in Table 3. Such benchmark
instances are commonly used in the literature to assess the effectiveness of algorithms
designed for the protein folding problem. For each instance, the table provides the in-
dex, sequence length, and the corresponding H-P model representation. In the adopted
representation, compact notation is used to describe repeated subsequences; for instance,
the subsequence HPHP is written as (PH)2. Each experiment was repeated 20 times
to ensure statistical reliability. All experiments were conducted on a computer equipped
with an Intel Core i5 processor and 4 GB of RAM, with Python used as the programming
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environment. Table 4 reports the parameter settings used for the suggested HGAETS
algorithm.

Seq. Length(N) Protein sequence (H-P model) Emin

1 20 (HP )2PH(HP )2(PH)2HP (PH)2 -9

2 24 H2P 2(HP 2)6H2 -9

3 25 P 2HP 2(H2P 4)3H2 -8

4 36 P (P 2H2)2P 5H5(H2P 2)2P 2H(HP 2)2 -14

5 48 P 2H(P 2H2)2P 5H10P 6(H2P 2)2HP 2H5 -23

6 50 H2(PH)3PH4PH(P 3H)2P 4(HP 3)2HPH4(PH)3PH2 -21

7 60 P (PH3)2H5P 3H10PHP 3H12P 4H6PH2PHP -36

8 64 H12(PH)2((P 2H2)2P 2H)3(PH)2H11 -42

Table 3: Benchmark instances in the 2D square lattice model.

Parameter Value

Population size m 100

The crossover rate pc 0.8

The step-length in lévy Flights λ 3
2

The tabu list length L N
3

The Tabu Search application rate β 0.3

Tne number of iterations in Tabu search Tmax 10000

The maximum number of generations Gmax 1000

Table 4: Parameter settings used in the suggested HGAETS algorithm.

Table 5 summarizes the best energy values (i.e., minimal energy configurations) obtained
by the proposed HGAETS, and compares them with several state-of-the-art methods for
the H-P model in the 2D square lattice, including the Genetic Algorithm (PSPGA [21] and
GA [31]), the improved genetic algorithm CCGA proposed in [29]. Ant Colony Optimiza-
tion (ACO) [27], Monte Carlo (MC) methods [18], the protein folding framework called
Folding Zero (Column Fzeros), based on deep reinforcement learning presented in [17],
the deep reinforcement learning (DRL) algorithm [35], and the differential evolutionary
algorithm (DE) presented in [14]. The comparative results presented in Table 5 demon-
strate the effectiveness of the proposed HGA-ETS algorithm for solving the HP protein
folding problem on the 2D square lattice model compared with several state-of-the-art
approaches from the literature.
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Seq. N GA ACO MC ACGA PSPGA ED FZEROS DRL HGAETS

1 20 -9 -9 -8 -9 NA -9 -9 -9 -9

2 24 -9 -9 -8 -9 NA -9 -8 -9 -9

3 25 -8 -8 -7 -8 NA -8 -7 -8 -8

4 36 -12 -14 -12 -14 NA -14 -13 -14 -14

5 48 -22 -23 -18 -22 NA -23 -18 -23 -23

6 50 -21 -21 -19 -21 -21 -21 -18 -21 -21

7 60 -34 -34 -31 -35 -32 -35 -32 NA -36

8 64 -31 -32 -31 -38 -37 -39 NA NA -42

9 85 NA NA NA -48 -46 NA -49 NA -50

10 100 NA NA NA NA -42 NA NA NA -46

Table 5: Comparison of the best energy values obtained by HGAETS with those reported
in the literature for the used benchmark sequences. NA: not available data.

According to the benchmark reference values, the optimal energies for the first eight
instances are equal to −9, −9, −8, −14, −23, −21, −36, and −42, respectively. The
proposed HGA–ETS algorithm successfully reaches all these optimal values, achieving
the global optimum for 8 out of the 10 tested benchmark instances.

For the first six benchmark sequences, with lengths ranging from N = 20 to N = 50,
HGA-ETS obtains the same optimal energy values reported by the best existing ap-
proaches. More precisely, the proposed method matches the optimal results obtained by
GA, ACO, ACGA, ED, and DRL for instances 1, 4, 5, and 6. In addition, HGA-ETS
clearly outperforms MC for all these instances, since MC remains trapped at higher en-
ergy levels equal to −8, −8, −7, −12, −18, and −19, respectively. These observations
confirm the stability and robustness of the proposed hybrid search strategy on small and
medium-sized benchmark problems.

The superiority of HGA-ETS becomes more significant as the sequence length increases.
For the benchmark instance with N = 60, the proposed algorithm reaches the optimal
energy value of −36, while GA and ACO only achieve −34, MC reaches −31, PSPGA
and FZEROS obtain −32, and ACGA and ED remain limited to −35. Hence, HGA-ETS
improves the best previously reported value by one energy unit and significantly surpasses
several classical approaches.

A more pronounced improvement is observed for the sequence of length N = 64. In this
case, HGA-ETS attains the optimal energy value of −42, whereas the closest competing
method, PSPGA, reaches only −39. Similarly, ACGA obtains −38, ED achieves −37,
ACO reaches −32, and both GA and MC remain limited to −31. These results highlight
the strong exploration capability of the proposed approach and its ability to escape local
optima in highly complex search spaces.

For the larger benchmark instances with N = 85 and N = 100, the optimal energy values
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are −53 and −48, respectively. In both cases, HGA-ETS produces near-optimal solutions
but does not fully reach the global optimum.

For N = 85, HGA–ETS obtains −50, which is close to the optimum (−53) with a gap
of 3 units, while still outperforming FZEROS (−49), ACGA (−48), and PSPGA (−46).
For N = 100, the proposed method achieves −46, compared to the optimal value −48,
with a gap of 2 units and a clear improvement over PSPGA (−42) and other competing
approaches. HGA-ETS remains highly competitive, showing strong performance even
when the optimal solution is not reached.

Overall, the obtained results indicate that HGA-ETS provides a highly competitive op-
timization framework for the HP protein folding problem. The integration of genetic
operators with the ETS-based improvement phase allows the algorithm to maintain an
effective balance between diversification and intensification, leading to high-quality con-
formations and superior convergence performance compared with existing methods from
the literature.

From Table 5, it is evident that the proposed HGAISA algorithm consistently outperforms
the compared methods in terms of the best energy values. In particular, the improved
version of simulated annealing (SA) provides significantly better solutions than the stan-
dard version, especially for larger sequences, highlighting the efficiency and robustness of
HGAISA in solving the protein folding problem. The superior performance of the pro-
posed HGA-ETS algorithm is primarily due to the diversification strategy incorporated
in its design, which helps the algorithm escape from local optima. While ISA is able to
find the optimal solutions for instances 1 to 5, it fails to reach the optimal solution for
instances 8 and 9. In contrast, HGAISA successfully finds the optimal solution for all
instances, including the larger sequences.

Compared to ACO, MC, and GA algorithms, HGA-ETS demonstrates superior perfor-
mance. Although all mentioned algorithms can predict optimal or near-optimal conforma-
tions for short to medium-length sequences, the proposed algorithm achieves a significant
improvement in terms of best energy values for larger sequences, particularly for instances
8 and 9.

Table 6 presents the stability comparison of the implemented GA, ETS, and HGA-ETS
algorithms against the benchmark method ED, evaluated over 50 independent runs for
each instance. In this table, the numbers given in brackets represent the number of
executions (out of 50 independent runs) in which the corresponding method obtained its
best solution for each instance. For a statistically fair comparison, GA and HGA-ETS
were executed using the same initial population and the same number of generations.
This ensures that performance differences are due to the algorithmic design rather than
initialization bias or computational effort. Overall, the results show that the proposed
methods significantly improve stability compared to GA and ED. The HGA-ETS (Hybrid
Genetic Algorithm–ETS), which combines GA and ETS mechanisms, achieves the best
overall performance in terms of robustness. It consistently obtains very high success rates
(close to 50/50 in most small and medium instances) and maintains almost identical best
and mean values for several cases (1–4 and 6). Even for larger instances (7–8), HGA-ETS
preserves strong stability, with relatively small deviations between best and mean values,
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confirming the benefit of hybridizing GA exploration with ETS intensification.

The ETS method also demonstrates strong and consistent behavior. It clearly outperforms
GA and ED in most instances, showing improved success rates and reduced variability.
However, its stability remains slightly lower than that of HGA-ETS, particularly on larger
instances where the gap between best and mean values becomes more noticeable. In
contrast, ED shows competitive performance on small instances but its stability decreases
as the problem size increases, with lower success rates and larger variability compared to
the proposed methods. Finally, GA exhibits the weakest performance overall, with the
lowest stability and highest sensitivity to random initialization. The results confirm that
hybridizing GA with ETS in the proposed HGA-ETS framework significantly enhances
stability, while ETS alone already provides a substantial improvement over classical GA
and ED.

ED GA ETS HGA-ETS
Seq. Best Mean Best Mean Best Mean Best Mean

1 -9(50) -9 -9(29) -8.58 -9(50) -9 -9(50) -9
2 -9(50) -9 -9(37) -8.74 -9(50) -9 -9(50) -9
3 -8(50) -8 -8(30) -7.6 -8(50) -8 -8(50) -8
4 -14(50) -14 -12(17) -11.14 -14(33) -13.32 -14(50) -14
5 -23(45) -22.88 -21(11) -15.46 -23(15) -21.10 -23(47) -22.94
6 -21(50) -21 -19(13) -15.87 -21(11) -18.64 -21(50) -21
7 -35(42) -34.82 -33(9) -27.11 -34(17) -32.36 -36(44) -34.33
8 -39(40) -38.80 -32(6) -24.33 -37(14) -33.47 -42(43) -41.72

Table 6: Comparison of stability (best and mean results) of HGA-ETS against GA, ED
and the ETS.
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Figure 6: Stability comparison based on number of successful runs (out of 50).
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6 Conclusion

Protein structure prediction represents one of the most challenging optimization problems
due to its high computational complexity. Developing efficient approaches capable of gen-
erating an optimal or near-optimal three-dimensional structure from a protein’s primary
sequence can significantly contribute to a better understanding of biological processes and
facilitate the treatment of numerous diseases. In this paper, we proposed an efficient hy-
brid algorithm to address the protein structure prediction problem under the simplified HP
model. The proposed approach combines a Genetic Algorithm (GA) with an Enhanced
Tabu Search (ETS) procedure, thereby benefiting from the complementary strengths of
global exploration and local exploitation. The experimental results demonstrate that the
proposed HGA-ETS algorithm is capable of consistently producing high-quality solutions
and outperforming most well-established state-of-the-art methods in terms of both so-
lution quality and statistical robustness. These promising results can be attributed to
the effective balance achieved between diversification and intensification throughout the
search process. Future research will focus on extending the proposed HGA-ETS algorithm
to more realistic protein folding models that better reflect the characteristics of real-world
biological systems. In addition, the proposed framework may be adapted to address other
challenging combinatorial optimization problems. Finally, a parallel implementation of
the algorithm will be investigated to further improve its scalability and computational
efficiency when solving large-scale instances.

References

[1] Eric Alm and David Baker. Prediction of protein-folding mechanisms from free-energy
landscapes derived from native structures. Proceedings of the National Academy of
Sciences, 96(20):11305–11310, 1999.

[2] Christian B Anfinsen. Principles that govern the folding of protein chains. Science,
181(4096):223–230, 1973.
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