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Abstract:
Protein folding prediction in the HP model is an NP-hard 
problem which highly needs effective heuristic methods to 
optimize. Protein folding prediction in the HP model is an 
NP-hard problem which highly needs effective heuristic 
methods to optimize.  This paper reviews and compares 
four well-known meta-heuristic algorithms, namely 
Simulated Annealing (SA), Genetic Algorithm (GA), 
Particle Swarm Optimization (PSO), and Tabu Search (TS), 
focused on three main aspects: ability to cross the energy 
barrier, robustness to initial solutions, and computational 
cost. The results show that each algorithm has its strength, 
namely, SA searching exceling in early-stage exploration, 
GA providing a stable solution with population diversity, 
PSO efficiently achieving rapid convergence while 
maintaining moderate robustness, and TS escaping 
local minima. This study does not aim to identify a 
single optimal method, but to elucidate the contexts and 
conditions under which each heuristic approach can be 
effectively applied to the protein folding problem. The 
review will become a practical guide for selecting an 
optimization method for protein structure prediction where 
NP-hard problems exist.
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1 Introduction
Protein folding and structure prediction has been one of 
the biggest challenges of computational biology in pre-
dicting a protein’s stable three-dimensional structures 
from its amino acid sequences [1]. To predict the pro-
tein’s structure, contemporary biology generally employs 
computational tools that build models based on energy 
functions and search strategies to predict fold paths that 
specify conformational space or biologically possible con-
figuration [1].
Hydrophobic-polar (HP) Lattice Model is the one of most 
widely used among the models because of simplicity and 
operability. It partitions amino acid sequences into two 
groups of hydrophilic (P) and hydrophobic (H) which are 
combined to two-dimensional or three-dimensional lattice 
points. The conformation is obtained by self-avoid walks 
[2]. Subsequently, the contact number between hydropho-
bic residues is used to evaluate the energy function, and 
the quality of the conformations is then determined [2].
However, even when the HP model is simplified, the pro-
tein folding problem has been proven to be NP-hard in 
two-dimensional and three-dimensional lattice spaces: as 
the sequence length increases, the search space grows ex-
ponentially [3]. Traditional exhaustive or exact algorithms 
often impose extremely large computational pressure on 
this problem, so heuristic and meta-heuristic algorithms 
are needed to simplify the calculation process [3].
Among various heuristic methods, this paper focuses on 
selecting four representative algorithms: Simulated An-
nealing (SA), Genetic Algorithm (GA), Particle Swarm 
Optimization (PSO), and Tabu Search (TS). Among them, 
SA is a stochastic optimization method that can proba-
bilistically escape from local optimal solutions and ap-
proach the global optimal solution [4]; the GA algorithm 
is based on natural selection and genetic mechanisms, and 
iteratively selects the global optimal solution [5]; the PSO 
algorithm finds the global optimal solution by setting par-
ticles to share individual extreme values and repeatedly 
iterating [5]; the TS algorithm uses the taboo table mecha-
nism to escape from local search [5].
However, each algorithm has its limitations. Choosing the 
appropriate algorithm based on the research object and 
circumstances is a crucial step in building a prediction 
model. Therefore, this article will focus on the NP-hard 
optimization problem in protein prediction models, sys-
tematically introduce and compare the performance of SA, 
GA, PSO, and TS in three aspects: the ability to overcome 
energy barriers, the robustness of the initial solution, and 
the computational cost. Through these comparisons, the 
applicable conditions of different algorithms can be clari-
fied, thereby more accurately constructing protein predic-

tion models.

2 Algorithms

2.1 Simulated Annealing
Simulated Annealing (SA) is a stochastic optimization 
method based on the simulation of the physical annealing 
process. It regulates the acceptance of certain states with 
increased energy from a high temperature to a low tem-
perature, in order to escape local maximum and approach 
the global optimum.
When applying SA in the HP model, it is necessary to first 
embed the H/P chain in the lattice to form a self-avoiding 
walk conformation; then define the energy function, usu-
ally the contact number (or its negative value) between 
non-covalent adjacent H residues. Then, through perturba-
tion operations such as lattice pulling (pull moves), pivot 
rotation/reflection, etc., randomly transform the current 
conformation in the domain to generate candidate states 
[6].
The Metropolis acceptance criterion is the core of SA: let 
the energy of the current conformation be Ec , the energy 

of the candidate conformation be En ​, and let the energy 

difference be \DeltaE = −E En c ​, If \DeltaE≤0 , always 
accept it; If \DeltaE≥0 , accept it with a probability of 
exp E T( / )−∆ , where T is the current temperature param-
eter [7]. This mechanism enables the algorithm to allow 
“bad” movements in the initial high-temperature stage, 
thus having the opportunity to cross the energy barrier.
The cooling schedule (cooling schedule or annealing 
schedule) determines the way the temperature T decreases 
with iterations or time and has a significant impact on the 
performance of SA. Common cooling methods include 
exponential( T Tk k+ =1 α ), linear descent, or logarithmic 
descent. In the HP model, different cooling schedules have 
significantly different effects on the efficiency of finding 
the optimal or near-optimal solution and the ability to 
cross higher energy barriers [6]. In addition, to reduce the 
negative impact of SA output on the sensitivity of the ini-
tial solution, the commonly used variants include: multi-
ple restarts (restarting), that is, repeating SA with multiple 
different initial solutions; saving the lowest energy state 
throughout the SA process rather than just the final state; 
and running multiple SA instances in parallel to utilize 
parallel computing resources to improve the robustness of 
the solution [6].
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2.2 Genetic Algorithm
Genetic Algorithm (GA) is a meta-heuristic method based 
on the principles of natural selection and genetics. It op-
timizes the candidate solutions in the population through 
parallel search. In the HP model for protein folding, the 
typical process of GA is to first establish an initial pop-
ulation and conduct fitness evaluation, selection, then 
perform crossover and mutation on individuals, select the 
best solution of the current generation and iterate [8]. Its 
advantages lie in maintaining population diversity and bal-
ancing global exploration and local exploitation through 
the combination of genetic operators, thus approaching 
low-energy solutions in the vast conformational space [8].
In terms of individual representation, GA usually uses rel-
ative encoding of self-avoiding walk (SAW) or absolute 
lattice coordinates to describe protein conformations. The 
fitness function is centered on the energy function, and a 
common definition is to count the number of non-cova-
lent contacts between H-H residues, with a lower value 
indicating a more stable conformation [8]. Due to the 
requirement of connectivity and self-avoidance in the HP 
model, GA often introduces a penalty function mechanism 
to assign lower fitness to infeasible solutions, guiding the 
algorithm to converge to physically reasonable conforma-
tions [8].
When choosing the selection operator, sorting selection is 
usually used to ensure the genetic advantage of excellent 
individuals. When choosing the crossover operator, multi-
point crossover is usually selected because it can more ef-
fectively recombine the local motifs of different individu-
als and avoid generating large-scale invalid conformations 
[9]. When choosing the mutation operator, perturbation is 
introduced through local rotation, flipping or fragment re-
arrangement of the chain to enhance population diversity 
[9].
Recent research has also proposed Hybrid Genetic Algo-
rithm (HGA): by combining GA with local search meth-
ods (such as tabu search or hill climbing algorithm), to 
improve the efficiency of search [8]. Additionally, Parallel 
Genetic Algorithm (PGA) has emerged: by using multiple 
subpopulations and migration mechanisms to accelerate 
convergence and leveraging high-performance computing 
platforms to accelerate protein instances [8]. These im-
provements have significantly enhanced the applicability 
of the GA algorithm.
However, GA also has certain limitations. Compared with 
simulated annealing, GA is more sensitive to parame-
ter settings and requires more precise parameter tuning. 
However, it has an advantage in maintaining diversity and 
avoiding local optima. Overall, GA is suitable for use in 
environments that require search breadth and stability, es-

pecially in scenarios with complex energy landscapes and 
multiple local maxima in protein folding problems [8].

2.3 Particle Swarm Optimization
Particle Swarm Optimization (PSO) is a heuristic search 
algorithm based on the concept of a group. Particle 
Swarm Optimization (PSO) is a heuristic search algorithm 
based on the concept of a group. It guides the particle 
swarm towards the optimal value by continuously up-
dating the particle’s velocity and position. It guides the 
particle swarm towards the optimal value by continuously 
updating the particle’s velocity and position. The particle 
swarm algorithm consists of particle position and velocity, 
the best value of the particle (pBest), the best value of the 
group (gBest), and refresh rules. It is typically suitable for 
handling continuous or discrete encoded problems.
The particle swarm algorithm consists of particle position 
and velocity, the best value of the particle (pBest), the best 
value of the group (gBest), and refresh rules. It is typically 
suitable for handling continuous or discrete encoded prob-
lems.
When applying PSO to protein structure prediction in the 
HP model, it is necessary to make discrete/adaptive modi-
fications to the standard PSO. When applying PSO to pro-
tein structure prediction in the HP model, it is necessary to 
make discrete/adaptive modifications to the standard PSO. 
Specifically, particles are usually represented as the con-
formation of an H/P sequence at a grid point (using rela-
tive steps or grid coordinates), and the velocity is defined 
as the direction from the current conformation to the pBest 
or gBest conformation. Specifically, particles are usually 
represented as the conformation of an H/P sequence at a 
grid point (using relative steps or grid coordinates), and 
the velocity is defined as the direction from the current 
conformation to the pBest or gBest conformation. The 
update operation may include swapping residue positions, 
local pulling move or neighbor changes to approximately 
simulate the position update mechanism [10].
The update operation may include swapping residue posi-
tions, local pulling move or neighbor changes to approxi-
mately simulate the position update mechanism [10].
To avoid premature convergence and local minimum 
problems, many studies in recent years have combined 
PSO with other strategies. For example, incorporating 
tabu search (TS) to introduce historical memory to limit 
particle backtracking, or establishing subgroups within the 
group to maintain diversity; and using mutatioTo avoid 
premature convergence and local minimum problems, 
many studies in recent years have combined PSO with 
other strategies.n or pulling strategies to enhance explora-
tion ability [11].
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The cooling schedule (or temperature mechanism) is not 
essentially dependent on temperature like SA, but there 
are similar control parameters in PSO, such as inertia 
weight, learning factors (cognitive and social compo-
nents), and velocity limits. The settin for example, incor-
porating tabu search (TS) to introduce historical memory 
to limit particle backtracking, or establishing subgroug of 
these parameters directly affects the ability to cross energy 
barriers and the convergence speed.ps within the group to 
maintain diversity; and using mutation or pulling strate-
gies to enhance exploration ability [11].
Choosing a larger inertia weight and random perturba-
tion helps escape local minimum values, but may lead to 
a decrease in stability; conversely, a strong contraction 
learning factor helps to refine the search, but weakens the 
exploration ability [10].The cooling schedule (or tempera-
ture mechanism) is not essentially dependent on tempera-
ture like SA, but there are similar control parameters in 
PSO, such as inertia weight, learning factors (cognitive 
and social components), and velocity limits. The setting of 
these parameters directly affects the ability to cross ener-
gy barriers and the convergence speed. Choosing a larger 
inertia weight and random perturbation help escape local 
minimum values but may lead to a decrease in stability; 
conversely, a strong contraction learning factor helps to 
refine the search but weakens the exploration ability [10].

2.4 Tabu Search
Tabu Search (TS) is a meta-heuristic method based on 
local search. It avoids the algorithm from getting stuck in 
cycles or repeatedly visiting already explored solutions by 
maintaining a “tabu list” during the search process. The 
core idea of TS is to expand the search range by using 
the memory mechanism while allowing a certain degree 
of non-improving moves, thereby helping the algorithm 
overcome barriers and escape from local extremums [12].
In the HP model, TS usually starts with a self-avoiding 
walk (SAW) configuration as the initial solution and 
defines neighborhood operations (such as local pulling, 
chain segment rotation, pivot movement), to gradually 
generate new candidate conformations. In each iteration, 
the optimal candidate solution in the neighborhood is se-
lected as the next state, even if it may lead to an energy in-
crease, if the configuration is not restricted by the tabu list 
[12]. The tabu list records the solutions or operations that 
have been accessed in the recent few steps, thus avoiding 
the algorithm from reverting to the same energy valley.
Recent improvement methods have introduced adaptive 
tabu lengths and dynamic memory structures. For exam-
ple, the tabu length can be adjusted according to the diver-
sity of the current search state or the convergence speed, 

achieving a more reasonable balance between exploration 
and exploitation [13]. Additionally, some studies have 
combined TS with genetic algorithms, using the local 
search ability of TS to assist the convergence of the global 
algorithm [13].
In terms of the ability to cross energy barriers, TS ef-
fectively avoids getting stuck in local minima through 
the tabu list and the strategy of allowing non-improving 
solutions. However, its performance highly depends on 
the quality of the neighborhood design: a too small neigh-
borhood limits the search range, while a too large neigh-
borhood leads to a rapid increase in computational cost 
[12]. In terms of the robustness of the initial solution, TS 
usually has a low dependence on the initial solution, as 
the taboo mechanism helps the search to jump out of the 
local area and cover a wider space. In terms of computa-
tional cost, the main burden of TS lies in neighborhood 
generation and tabu list maintenance, but compared to GA 
and PSO, its population size is small, thus showing lower 
resource consumption under certain conditions [13].

3 Result
This section mainly discusses the evaluation of four me-
ta-heuristic algorithms (SA/Metropolis, GA, PSO, TS) 
on the HP model. The evaluation dimensions include the 
ability to Barrier-crossing ability, the Robustness of the 
initial solution, and the Computational cost. It highlights 
the relative advantages and limitations of different algo-
rithms in each dimension.

3.1 Barrier-crossing ability
Simulated Annealing (SA) allows non-improved solutions 
during the high-temperature stage based on the Metropo-
lis acceptance criteria, thus demonstrating strong ability 
to overcome energy barriers when the energy landscape 
is rugged. However, as the temperature decreases, its ex-
ploration ability gradually becomes limited, and thus the 
cooling scheduling design directly determines its final 
performance [14].
Genetic Algorithm (GA) recombines the information of 
different individuals through crossover and mutation op-
erations, enabling it to escape from local optima to some 
extent, but its ability to overcome energy barriers depends 
on the design of operator diversity. Multi-point crossover 
and structure fragment-based mutation perform better than 
single-point crossover in complex instances [15].
Particle Swarm Optimization (PSO) shares global and 
individual optimal information at the group level. If the 
parameters are set reasonably (such as a higher inertia 
weight), it can effectively explore and overcome energy 
barriers in the early stage. However, if the group converg-
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es too early, its ability to overcome barriers will rapidly 
decline [16].
Tabu Search (TS) relies on a tabu table to avoid back-
tracking and local cycling, thus demonstrating significant 
advantages in overcoming energy barriers. By allowing a 
certain degree of non-improved solutions and combining 
dynamic tabu length, TS can often continuously escape 
from local traps in complex protein instances with an en-
ergy landscape [17].

3.2 Robustness of the Initial Solution
The robustness of SA is usually low because its search 
process is closely related to the initial solution. Different 
initial conformations may lead to different final energy 
values [14]. The robustness of GA depends on the popu-
lation size and the method for maintaining population di-
versity. Larger populations and appropriate elite retention 
strategies can reduce the influence of the initial solution 
on the global search and improve computational stability 
[15]. PSO shows moderate robustness if it can generate a 
sufficiently dispersed particle swarm during the initializa-
tion stage. However, if the initialization is too concentrat-
ed, the group may quickly fall into a certain local region, 
thereby reducing robustness [16].TS has the least depen-
dence on the initial solution because its tabu mechanism 
ensures that the search process will continuously escape 
from local regions, thereby largely canceling the influence 
of the initial solution. This is particularly prominent in 
high-dimensional HP model instances [17].

3.3 Computational Cost
In terms of computational cost, the expense of SA mainly 
comes from the long cooling process, especially when a 
slow cooling scheduling is adopted, the time complexity 
will significantly increase [14].
The computational cost of GA is closely related to the 
population size and the number of iterations. Large popu-
lations can improve the search quality while also bringing 
higher computational costs [15].
The cost of PSO is mainly related to the number of par-
ticles and the number of iterations. Its expense is usually 
between GA and SA, but evaluating the energy function of 
all particles in high-dimensional space can lead to a rapid 
increase in cost [16].
The cost of TS mainly lies in its neighborhood generation 
and tabu table maintenance. It does not depend on the 
population size, so overall consumption is not significant. 
However, if the neighborhood is too large, the computa-
tional cost of TS will also increase [17].

4 Discussion
Although this paper compared the application of four me-
ta-heuristic algorithms (SA/Metropolis, GA, PSO, and TS) 
in the HP model, it still has certain limitations. Firstly, the 
paper selected four classic algorithms for discussion, but 
with the development of algorithms and computing hard-
ware in recent years, many superior emerging methods 
(such as quantum-inspired algorithms, deep reinforcement 
learning) have been incorporated into the use of prediction 
models [18].
Secondly, although the HP model is of great significance 
in theoretical research, its highly simplified nature (only 
distinguishing between H and P types of residues) makes 
it difficult to fully reflect the complex interactions of real 
proteins, such as hydrogen bonds, electrostatic interac-
tions, and solvation effects. This leads to a possible gap 
between the performance of the algorithms in the HP 
model and the actual protein folding [19]. Moreover, with 
the breakthroughs in deep learning, the HP model has 
been replaced by more advanced prediction models, such 
as the AlphaFold end-to-end neural network model, which 
can directly predict protein three-dimensional structures 
close to experimental accuracy by learning from a large-
scale structure database [20].
In future research directions, hybrid optimization methods 
are considered as an important trend in solving the NP-
hard problem of protein folding. For example, combining 
the global exploration ability of GA or PSO with the local 
development ability of TS can improve the search effi-
ciency and the stability of the solution [21]. At the same 
time, the combination of deep learning and meta-heuristic 
methods is also gradually emerging, such as using neural 
networks to predict initial solutions or energy landscape 
features and then combining heuristic search to accelerate 
convergence [22].

5 Conclusion
Regarding the protein folding problem, which is an NP-
hard issue in the HP model, this paper conducts a compar-
ative analysis of four classic meta-heuristic algorithms: 
Simulated Annealing (SA/Metropolis), Genetic Algorithm 
(GA), Particle Swarm Optimization (PSO), and Tabu 
Search (TS). Based on the existing research results, the 
paper compares and discusses these four algorithms from 
three aspects: the ability to overcome energy barriers, the 
stability of the initial solution, and the computational cost. 
The results show that each of the four algorithms has its 
own advantages and disadvantages.
SA/Metropolis, with the help of temperature control and 
probability acceptance mechanism, demonstrates strong 
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ability to overcome energy barriers in the early stage. 
However, it relies on cooling scheduling and has insuffi-
cient exploration ability after convergence.
GA maintains good robustness through group evolution 
and diversity and is suitable for exploring complex ener-
gy landscapes. However, its computational performance 
depends on operator design and parameter tuning, and 
the computational cost also increases with the increase in 
population size.
PSO shares the global optimal solution at the group level 
and can converge quickly and overcome energy barriers 
but is prone to premature convergence. Its robustness de-
pends on initialization and parameter configuration.
TS avoids local traps by relying on the tabu table and per-
forms well in terms of stability and ability to overcome 
energy barriers. However, maintaining the tabu table 
brings higher computational costs.
Overall, by clearly identifying the applicable environmen-
tal conditions of different algorithms, this paper provides a 
reference for researchers to reasonably select optimization 
strategies in the protein structure prediction task.
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