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Abstract: A genetic algorithm (GA) evolves the population of candidate solutions to a particular
problem through crossover and mutation operators. Since a newly generated solution may not satisfy
the constraints of the given problem, it is common to penalize infeasible solutions or to repair them
to feasible solutions. For the minimum vertex cover (MVC) problem, we propose an adaptive greedy
repair operator. Our repair operator first repairs an infeasible solution into a feasible one using a
randomized greedy algorithm, and then removes unnecessary vertices from the feasible vertex cover,
making it a minimal vertex cover. During the repair process, when adding or removing vertices, the
degree of exploration and exploitation in the randomized greedy algorithm is adaptively adjusted based
on the convergence level of the population. When the population lacks high-quality solutions, the
operator strives to generate superior solutions greedily. However, when the solution set has enough
high-quality solutions, it explores unexplored choices to break through the limitations of the existing
solution set. We compared our GA with a deterministic greedy algorithm, a randomized greedy
algorithm, and GAs using various repair operators. Experimental results on benchmark graphs from
the Benchmarks with Hidden Optimum Solutions Library (BHOSLIB) demonstrated that the proposed
repair operator improved the performance of the GA for the MVC problem.
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1. Introduction

In graph theory, a vertex cover of a graph is a set of vertices that contains at least one endpoint of
every edge of the graph. In other words, each edge of the graph must be ‘covered’ by at least one vertex
from the vertex cover. For example, in a connected graph G = (V, E), the set of all vertices V would be
a trivial vertex cover.

The vertex cover has many real-world applications including circuit design, telecommunications,
and network flow [1]. For instance, it can be used to minimize the installation cost of a surveillance
camera in transportation networks [2], and it can be used to effectively block the spread of worms in
computer networks [3]. In biology, the problem was used to model the removal of repetitive DNA
sequences for synthetic biology and metabolic engineering [4, 5].

The problem of finding the minimum vertex cover (MVC) consisting of the smallest number of
vertices is NP-hard (where NP stands for Non-deterministic Polynomial time) [6], meaning that there
is no known polynomial-time algorithm to solve it. Moreover, the MVC cannot be approximated
arbitrarily well even in bounded degree graphs [7], and it was shown that the approximation factor of
the MVC is at least

√
2 − ε for any ε > 0 [8]. According to the unique games conjecture [9], it may be

impossible to achieve a constant approximation factor of less than 2.

However, there are simple algorithms that guarantee an approximation ratio of 2 for the MVC
problem. The size of the vertex cover that consists of all endpoints of a maximal matching M ⊆ E
is at most two times the number of the optimum solution [10]. On the other hand, the vertex-based
greedy algorithm starts with an empty set and adds one vertex that covers the most uncovered edges
at each step. This algorithm has an approximation ratio of Θ(log |V |), but randomizing this process by
selecting a vertex with a probability proportional to the number of uncovered edges that it can cover
gives an approximation ratio of 2 [11].

In addition to approximation algorithms, many attempts have been made to solve the MVC problem
effectively. Shyu et al. [1] implemented ant colony optimization, where simulated ants mimic the
behavior of real ants by exploring the graph of the problem they are solving. Bouamama et al. [12] used
a population-based iterated greedy algorithm, which maintains a population of solutions and applies the
basic steps of an iterated greedy algorithm to each member of the population. Cai et al. [13] developed
a comprehensive algorithm which includes a construction heuristic, local search, and a preprocessing
technique. Jovanovic et al. [14] introduced the fixed set search metaheuristic, which enhances solution
quality by integrating a learning mechanism into a population-based framework.

Additionally, several studies have applied the genetic algorithm (GA) to tackle the MVC problem.
Khuri and Bäck [15] showed that GA outperforms a traditional heuristic algorithm in solving MVC.
Karci and Arslan [16] developed a GA that uses both randomly generated chromosomes and their
inversion counterparts when creating the initial population. Singh and Gupta [17] introduced a hybrid
GA that embeds a greedy local search heuristic, while Nagy and Szokol [18] proposed a GA with
interval-valued fitness and a greedy repair operator.

The GA [19] is a metaheuristic inspired by the principles of natural selection and evolutionary
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biology. They belong to the family of evolutionary algorithms and utilize mechanisms such as
selection, crossover, and mutation to iteratively evolve a population of candidate solutions toward an
optimal or near-optimal solution. By simulating the process of survival of the fittest, GAs are effective
in exploring large, complex search spaces and solving problems where conventional optimization
methods may struggle. Each individual in the population represents a potential solution, and the
fitness function guides the evolutionary process by determining the quality of these solutions. GAs
are widely applicable in diverse fields such as bioinformatics [20–22], financial engineering [23–25],
and operational research [26, 27].

Throughout the evolutionary process of a GA, the stochastic nature of genetic operators such as
crossover and mutation often generate infeasible solutions that violate problem constraints. To address
this issue, the repair operator is introduced to transform infeasible solutions into feasible ones while
preserving their genetic characteristics as much as possible. By incorporating repair operators, GAs
can maintain a valid promising solution pool, enhance convergence rates, and effectively explore the
search space without violating critical constraints [28–30].

To the best of our knowledge, previous studies that have used GA to solve the MVC problem have
either penalized infeasible solutions or employed greedy algorithms to repair solutions [15–18]. In
this paper, we introduce a novel adaptive greedy repair operator for the MVC problem, without the
intention of surpassing the state-of-the-art results. For readers interested in state-of-the-art heuristics
for the MVC problem, we refer them to [13,31,32], which provide comprehensive insights into recent
advanced approaches.

We use a randomized greedy algorithm to cover all uncovered edges, and then construct a minimal
vertex cover by removing unnecessary vertices from the feasible vertex set. The balance between
exploration and exploitation in the repair operator is adaptively adjusted based on the convergence
level of the population. Experiments using different repairing schemes were conducted on BHOSLIB
(Benchmarks with Hidden Optimum Solutions Library) benchmark graphs [33], which are designed to
test several NP-hard graph algorithms, including maximum clique, maximum independent set, vertex
coloring, and MVC.

The rest of the paper is organized as follows: in Section 2 we provide the formal definition of the
MVC problem and introduce vertex-based approximation algorithms. In Section 3 we provide genetic
framework and propose an adaptive greedy repair operator utilizing the approximation algorithms.
In Section 4, we present the experimental results and discussions. Finally, we draw conclusions in
Section 5.

2. Preliminaries

A vertex cover of a graph G = (V, E) is a subset of vertices V ′ ⊆ V such that every edge e ∈ E
has at least one endpoint in V ′. For a vertex v ∈ V and a solution X to the MVC problem, gain(v, X)
represents the number of uncovered edges that would be covered by adding v to X, while loss(v, X)
denotes the number of edges that would become uncovered by removing v from X. The degree of a
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vertex v is denoted by deg(v).
A vertex-based greedy algorithm for the MVC problem is given in Algorithm 1. The greedy

algorithm builds a vertex cover incrementally by repeatedly choosing vertices that cover the most
uncovered edges. This deterministic algorithm achieves a Θ(log |V |) approximation. Gao et al. [11]
randomized the deterministic greedy algorithm and showed that their randomized version has an α-
approximation in 2 ln(2) · 2(2−α)·|OPT| repeated runs with probability at least 0.5, where 1 ≤ α ≤ 2
and OPT denotes the size of the optimal solution, i.e., the size of the minimum vertex cover. The
randomized greedy algorithm for the MVC problem is given in Algorithm 2. This algorithm uses γ
to determine how to select vertices. When γ is 0, vertices are selected uniformly. As γ increases, the
selection becomes progressively biased toward vertices that cover a larger number of uncovered edges.
That is, for γ > 0, vertices with higher coverage have a greater probability of being selected. For very
large values of γ, the algorithm behaves similarly to a deterministic greedy algorithm. The authors
reported achieving decent performance when using γ values between 20 and 1000.

Algorithm 1 Deterministic greedy algorithm for MVC.
Input: A graph G = (V, E)
Output: A vertex cover V ′ ⊆ V
1: V ′ B ∅
2: while V ′ is not a vertex cover of G(V, E) do
3: Select a vertex u ∈ (V −V ′) that has the highest gain(u,V ′), breaking ties in favor of the vertex

with the smaller index
4: V ′ B V ′ ∪ {u}
5: end while

Algorithm 2 Randomized greedy algorithm for MVC
Input: A graph G = (V, E)
Output: A vertex cover V ′ ⊆ V
1: V ′ B ∅
2: while V ′ is not a vertex cover of G(V, E) do
3: Select a vertex u ∈ (V − V ′) with the probability
4: p(u) = gain(u,V ′)γ/

∑
v∈(V−V′) gain(v,V ′)γ

5: V ′ B V ′ ∪ {u}
6: end while

We devise a novel repair operator for GA by developing the randomized algorithm of Gao et al. [11],
and the GA with the repair operator is introduced in the next section.

3. Methods

We use a generational genetic algorithm whose pseudocode is given in Algorithm 3. The algorithm
begins by generating a random initial population of candidate solutions, each representing a vertex

AIMS Mathematics Volume 10, Issue 6, 13365–13392.



13369

cover. A repair operator is immediately applied to every individual to ensure feasibility. In each
subsequent generation, the entire population is replaced. For each individual, crossover is applied with
probability χ using a selected mate from the population; otherwise, the individual is passed to the next
generation unchanged. The resulting offspring undergoes mutation followed by a repair step to ensure
that it remains a valid solution. The repaired offspring then replaces its predecessor in the population.
Each individual is represented by a binary chromosome, where i-th gene in the chromosome indicates
whether i-th vertex is included in the vertex cover (V ′) or not. Figure 1 illustrates the encoding scheme
used in this study.

We begin by generating a random initial population. Each randomly created chromosome is then
modified using a repair operator to ensure that it represents a feasible vertex cover. The resulting
population of feasible solutions is evolved using a genetic algorithm framework. As the fitness
function, we employ |V − V ′|, which denotes the number of vertices not included in the vertex cover.
This formulation encourages smaller vertex covers by assigning higher fitness values to solutions with
fewer selected vertices.

Algorithm 3 The outline of our GA
1: Create initial population P
2: for i← 1 to |P| do . repairs initial population
3: Repair(P[i]) . P[i] is the i-th chromosome
4: end for
5: for g← 2 to n do . n is the last generation
6: for i← 1 to |P| do . replaces the entire population
7: x ∼ Uniform(0, 1)
8: if x < χ then . χ is a crossover rate
9: (parent1,parent2) B (P[i],Select(P))

10: offspring B Crossover(parent1,parent2)
11: else
12: offspring B P[i]
13: end if
14: Mutation(offspring)
15: Repair(offspring)
16: Replace(P[i], offspring)
17: end for
18: end for
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Figure 1. Visualization of a chromosome encoding for a graph with six vertices.

3.1. Repair operators

We devised an adaptive greedy algorithm that effectively balances exploration and exploitation.
For comparative evaluation, we developed and tested three additional approaches: Uniform repair,
deterministic greedy repair, and randomized greedy repair. Each of these algorithms is based on the
greedy algorithms discussed in Section 2. Unlike greedy algorithms that may return non-minimal
covers, our repair operators guarantee a minimal vertex cover, in the sense that no included vertex can
be removed without violating feasibility.

The uniform repair operator constructs a vertex cover by uniformly selecting vertices with
uncovered edges. This vertex addition process is equivalent to the randomized greedy algorithm with
γ set to zero. Once all edges are covered, it identifies any redundant vertices in the vertex cover and
uniformly removes them. The pseudocode for the uniform repair operator is presented in Algorithm 4.

Algorithm 4 Uniform repair for MVC
Input: A graph G = (V, E) and a solution V ′ ⊆ V
Output: A minimal vertex cover V ′ ⊆ V
1: while V ′ is not a vertex cover of G(V, E) do . V ′ is a solution to be repaired
2: Select a vertex u ∈ (V − V ′) with the probability . covers uncovered edges
3: p(u) = 1gain(u,V′)>0/

∑
v∈(V−V′) 1gain(v,V′)>0 . 1 is an indicator function

4: V ′ B V ′ ∪ {u}
5: end while
6: while There is a u ∈ V ′ with loss(u,V ′) = 0 do
7: Select a vertex u ∈ V ′ with the probability . removes unnecessary vertices
8: p(u) = 1loss(u,V′)=0/

∑
v∈V′ 1loss(v,V′)=0

9: V ′ B V ′ \ {u}
10: end while
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The deterministic greedy repair adds vertices in the same way as the deterministic greedy algorithm,
which always selects the vertex that covers the largest number of uncovered edges. After all edges are
covered, it removes unnecessary vertices in order of lowest degree first. When adding or removing
vertices, ties are broken in favor of the vertex with the smaller index. The pseudocode for the
deterministic greedy repair operator is given in Algorithm 5.

Algorithm 5 Deterministic greedy repair for MVC
Input: A graph G = (V, E) and a solution V ′ ⊆ V
Output: A minimal vertex cover V ′ ⊆ V
1: while V ′ is not a vertex cover of G(V, E) do
2: Select a vertex u ∈ (V − V ′) that has the highest gain(u,V ′)
3: V ′ B V ′ ∪ {u}
4: end while
5: while There is a u ∈ V ′ with loss(u,V ′) = 0 do
6: Select a vertex u ∈ V ′ that has the lowest deg(u)
7: V ′ B V ′ \ {u}
8: end while

Randomized greedy repair adds vertices in the same manner as the randomized greedy algorithm,
where vertices that cover a larger number of uncovered edges are more likely to be selected. Once
all edges are covered, unnecessary vertices are removed, with lower-degree vertices being more likely
to be removed. The greediness parameter γ is provided as a constant value. The pseudocode for the
deterministic greedy repair operator is given in Algorithm 6.

Algorithm 6 Randomized greedy repair for MVC
Input: A graph G = (V, E) and a solution V ′ ⊆ V
Output: A minimal vertex cover V ′ ⊆ V
1: while V ′ is not a vertex cover of G(V, E) do
2: Select a vertex u ∈ (V − V ′) with the probability
3: p(u) = gain(u,V ′)γ/

∑
v∈(V−V′) gain(v,V ′)γ

4: V ′ B V ′ ∪ {u}
5: end while
6: max deg B maxv∈V′ 1loss(v,V′)=0 · deg(v) . the maximum degree among removable vertices
7: min deg B minv∈V′ 1loss(v,V′)=0 · deg(v) . the minimum degree among removable vertices
8: for each u ∈ V ′ do . among removable vertices, the lower the degree, the higher its badness
9: bad(u) = 1loss(u,V′)=0 · (max deg − (deg(u) − min deg))

10: end for
11: while There is a u ∈ V ′ with loss(u,V ′) = 0 do
12: Select a vertex u ∈ V ′ with the probability
13: p(u) = bad(u)γ/

∑
v∈V bad(v)γ

14: V ′ B V ′ \ {u}
15: end while

AIMS Mathematics Volume 10, Issue 6, 13365–13392.



13372

Adaptive greedy repair is based on randomized greedy repair. Unlike randomized greedy algorithm
which uses a fixed gamma parameter to control exploration and exploitation, adaptive greedy repair
adjusts gamma according to the convergence level of the population. Let best(P) denote the number
of best solutions in population P, where best solutions are determined based on fitness value. After
generating the initial population, adaptive greedy repair sets γ to |P|/best(P). This approach increases
exploration as the population converges toward the best solution and strengthens exploitation to
increase the number of best solutions when best(P) is low. Since all other aspects are identical to
randomized greedy repair except for how gamma is set, we omit the pseudocode.

Claim 1. Our repair operators always produce a minimal vertex cover.

Proof. Let G = (V, E) be an undirected graph and V ′ ⊂ V be a solution of the vertex cover. Our repair
operators proceed in two phases:

Phase 1 (Construction): While V ′ is not a vertex cover, select a vertex v with an uncovered edge
e = {u, v} ∈ E and add it to V ′. Repeat this process until every edge in E is covered by V ′; that is, for
all e ∈ E, we have e ∩ V ′ , ∅. At this stage, V ′ is a vertex cover.

Phase 2 (Reduction): For each vertex v ∈ V ′, check whether V ′ \ {v} is still a vertex cover. If so,
remove v from V ′. Continue this process until no further vertex can be removed without violating the
vertex cover condition.

We now prove that the final set V ′ is a minimal vertex cover. By construction, it is a vertex cover.
Suppose, for contradiction, that it is not minimal. Then, there exist some v ∈ V ′ such that W = V ′ \ {v}
is also a vertex cover. However, such a vertex would have been removed during the reduction phase,
contradicting the fact that the repair operation terminated with v ∈ V ′.

Therefore, for all v ∈ V ′, the set V ′ \ {v} is not a vertex cover, and V ′ is minimal. �

3.2. Selection

In GA, selection serves as the source of exploitation [34], enabling the algorithm to progress toward
desired improvements [35]. In this study, we employ stochastic tournament selection as the selection
operator. Tournament selection enhances the search for optimal solutions by conducting a competition
among s participants, where s represents the tournament size. Each participant is given a chance
to be selected in descending order of fitness, with a probability p. Here, p represents the selection
pressure. Participants with higher fitness values have a greater probability of survival and selection in
the tournament, with winners being placed into the mating pool. As a result, this mating pool exhibits
an average fitness value superior to that of the general population [36]. Our method implements
random sampling with a tournament size of eight, meaning that each tournament selection round
involves a competition among eight individuals from the population. The winner of each tournament
is then selected as a parent chromosome. The pseudocode for this stochastic selection is presented in
Algorithm 7.
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Algorithm 7 Stochastic tournament selection
Input: Population P, tournament size s, selection probability p
Output: Selected parent chromosome

1: T ← randomly select s individuals from P
2: Sort T in decreasing order of fitness: T = {t1, t2, . . . , ts}

3: for i = 1 to s do
4: With probability p · (1 − p)i−1, return ti

5: end for
6: return ts . Return the least fit individual if none was selected probabilistically

3.3. Crossover and mutation

A crossover combines two parents to create new offspring. The crossover rate χ represents the
probability of applying crossover to a target individual. We employed one-point crossover, where a
random point is selected on both parent chromosomes, and bits to the right of this point are exchanged
between the parents. This process generates two offspring, from which we randomly select one. While
crossover is exploitative in that it recombines material from promising parents, it is also explorative as
it generates new offspring [34].

After a crossover, the selected offspring undergoes mutation, during which binary genes are flipped
from 0 to 1 or 1 to 0. Mutation serves both explorative and exploitative purposes: It introduces new
offspring in an unbiased manner while preserving most of the original chromosome [34]. The mutation
rate, denoted by µ, controls the probability of each gene being flipped and, thus, determines the extent
of variation introduced during this process.

3.4. Replacement

The newly generated offspring typically replaces the first parent, P[i] in Algorithm 3. However, if
P[i] has the best fitness and the offspring does not, elitism may be applied, discarding the offspring
and preserving P[i] for the next generation. When the number of best solutions is 10 or fewer, P[i] is
always selected. If it exceeds 10, P[i] is selected with a probability of 10/(number of best solutions),
which helps prevent elitism from preserving too many existing solutions.

3.5. Overview of the proposed GA

The overall procedure of our GA is outlined in Algorithm 3. This subsection provides a
comprehensive explanation of each step, including initialization, selection, crossover, mutation, repair,
and replacement.

Initialization: An initial population P of binary chromosomes is randomly generated. Each
chromosome represents a candidate solution to the vertex cover problem, where each bit indicates
whether the corresponding vertex is included in the cover. Since randomly generated chromosomes
may not satisfy problem constraints, we apply a repair operator to each chromosome to ensure
feasibility.
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Selection: To select a parent for crossover, we use stochastic tournament selection with selection
pressure p. This method probabilistically favors fitter individuals while preserving diversity in the
population.

Crossover: With a crossover probability of χ, a pair of selected parents undergo crossover to
produce an offspring. If crossover does not occur, the parent is copied directly to the next generation.
In our implementation, we use one-point crossover.

Mutation: Each gene in the offspring has a probability µ of being flipped (i.e., from 0 to 1 or
from 1 to 0). Mutation introduces genetic variation while preserving most of the original chromosome’s
structure.

Repair: Since crossover and mutation may produce infeasible solutions, a repair operator is applied
to ensure that each offspring represents a valid vertex cover. We adopt adaptive greedy repair, which
builds upon the randomized greedy repair strategy. Unlike the randomized version that uses a fixed
exploration parameter γ, adaptive greedy repair dynamically adjusts γ based on the convergence
level of the population. Specifically, γ is set to |P|/best(P), where best(P) denotes the number of
best-performing individuals in the population. A larger γ results in greedier behavior, prioritizing
vertices with higher gain more strongly, while a smaller γ allows for more exploration. This adaptive
adjustment encourages exploration when the population is highly converged, and promotes exploitation
when the diversity in the population is low.

Replacement: The newly generated offspring typically replaces the first parent. However, if the
first parent belongs to the group of best-performing individuals and the offspring does not, elitism may
be applied to preserve high-quality solutions. In such cases, the offspring is discarded and the parent
is retained in the next generation. To prevent elitism from dominating the population, a probabilistic
mechanism is introduced, in which the parent is preserved with decreasing probability as the number
of elite individuals increases. This strategy strikes a balance between preserving excellent solutions
and maintaining diversity within the population.

Termination: The algorithm runs for a predefined number of generations (n = 300 in our
experiments), after which the best solution(s) found during the evolutionary process are reported.

4. Results

4.1. Data

We used the BHOSLIB dataset to compare the repair algorithms we developed. This dataset is
utilized for various problems, including vertex cover, maximum clique, maximum independent set,
and vertex coloring [33]. Table 1 shows the characteristics of the BHOSLIB graphs we used.
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Table 1. Properties of the BHOSLIB dataset used in this study.

Instance Maximum Clique Nodes Edges

frb45-21-1 45 945 59,186
frb45-21-2 45 945 58,624
frb45-21-3 45 945 58,245
frb45-21-4 45 945 58,549
frb45-21-5 45 945 58,579

frb50-23-1 50 1,150 80,072
frb50-23-2 50 1,150 80,851
frb50-23-3 50 1,150 81,068
frb50-23-4 50 1,150 80,258
frb50-23-5 50 1,150 80,035

frb53-24-1 53 1,272 94,227
frb53-24-2 53 1,272 94,289
frb53-24-3 53 1,272 94,127
frb53-24-4 53 1,272 94,308
frb53-24-5 53 1,272 94,226

frb56-25-1 56 1,400 109,676
frb56-25-2 56 1,400 109,401
frb56-25-3 56 1,400 109,379
frb56-25-4 56 1,400 110,038
frb56-25-5 56 1,400 109,601

frb59-26-1 59 1,534 126,555
frb59-26-2 59 1,534 126,163
frb59-26-3 59 1,534 126,082
frb59-26-4 59 1,534 127,011
frb59-26-5 59 1,534 125,982

4.2. Experimental setup

We compared the performance of uniform repair, deterministic greedy repair, randomized greedy
repair, and adaptive greedy repair in generational GA. The population size was set to 100 with a
maximum of 300 generations. The selection pressure p was fixed at 0.5, the crossover rate χ at 0.9,
and the mutation rate µ at 0.03. All experiments were repeated 50 times using different seed numbers
to measure both the best and average performance. We used the deterministic greedy algorithm and
randomized greedy algorithm as baselines. The randomized greedy algorithm was executed 900 times
to match the GA’s computation time, and its best result was used for comparison. All code was written
in C++ and executed on an Advanced Micro Devices (AMD) Ryzen Threadripper 2990WX processor.
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4.3. Comparative analysis

We compared baseline approaches, the edge age strategy for vertex cover (EAVC) solver [31],
and GAs using different repair operators for the MVC problem. The EAVC is one of the state-of-
the-art solvers for the MVC problem, which is based on edge age strategy. Table 2 reports the best
results from 50 runs of the GA for each repair operator, along with the best result from 50 runs of
EAVC for reference. For a fair comparison, each single run of EAVC was executed with a time limit
approximately equal to that of a GA run using the adaptive greedy repair operator. As expected, EAVC
achieved the best performance on most instances. However, on 9 out of 25 instances, our adaptive
greedy repair achieved the same best solution as EAVC. Among the baselines, the randomized greedy
algorithm consistently outperformed the deterministic greedy algorithm, as it selected the best result
from 900 runs. For the GA repair operators, uniform repair showed the weakest performance, yet still
achieved better results than the baselines across all instances. Similar to the baselines, randomized
greedy repair performed better than deterministic greedy repair. Lastly, our adaptive greedy repair
achieved the best results among GAs for all instances except for three.

All methods except the deterministic greedy algorithm were executed multiple times. To calculate
the expected performance of a single run, we computed the average of multiple executions for
each method. Table 3 shows the average performance of each method. When comparing the
best solutions, the randomized algorithm outperformed the deterministic algorithm in all instances.
However, for single-run performance, it showed better results in 14 out of 25 instances. Although
uniform repair showed the weakest performance among repair operators, it still achieved better
results than the baselines across all instances. Randomized greedy repair generally demonstrated
superior performance compared to deterministic greedy repair because it could generate diverse
solutions, whereas deterministic repair always repairs solutions in the same way. Additionally, adaptive
greedy repair, which can generate more varied solutions when the population experiences premature
convergence, showed the best average performance among GAs across all instances. The performance
of the adaptive greedy repair operator in the (1+(λ,λ)) GA can be found in Appendix A.
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Table 2. Comparison of best solutions on BHOSLIB dataset. The best values among GAs
are shown in bold type, and underlined values indicate that the results equal the best solution
obtained by EAVC.

Instance
Baselines [11] GAs

EAVC [31]
D.G. Alg.* R.G. Alg.† U. Repair‡ D.G. Repair R.G. Repair A.G. Repair§

frb45-21-1 913 909 907 902 903 902 901
frb45-21-2 913 909 906 902 902 902 900
frb45-21-3 915 910 907 903 903 902 901
frb45-21-4 912 908 907 901 902 901 901
frb45-21-5 913 909 907 902 902 902 900

frb50-23-1 1115 1109 1108 1103 1102 1102 1101
frb50-23-2 1116 1110 1107 1103 1104 1102 1101
frb50-23-3 1116 1109 1108 1102 1103 1102 1102
frb50-23-4 1114 1110 1108 1103 1103 1102 1100
frb50-23-5 1114 1110 1108 1103 1102 1103 1102

frb53-24-1 1237 1232 1227 1222 1222 1222 1221
frb53-24-2 1235 1231 1228 1223 1222 1222 1221
frb53-24-3 1232 1230 1228 1222 1222 1222 1221
frb53-24-4 1236 1230 1228 1223 1222 1222 1222
frb53-24-5 1238 1231 1228 1222 1222 1222 1221

frb56-25-1 1366 1357 1354 1347 1347 1348 1346
frb56-25-2 1361 1356 1353 1348 1347 1348 1347
frb56-25-3 1362 1357 1353 1348 1348 1346 1346
frb56-25-4 1360 1356 1354 1348 1348 1347 1346
frb56-25-5 1360 1356 1354 1348 1348 1347 1347

frb59-26-1 1492 1489 1485 1479 1479 1478 1478
frb59-26-2 1495 1487 1486 1479 1479 1478 1478
frb59-26-3 1496 1490 1486 1479 1479 1479 1478
frb59-26-4 1492 1488 1486 1479 1478 1478 1478
frb59-26-5 1494 1487 1486 1479 1479 1478 1478

* Deterministic Greedy Algorithm.
† Randomized Greedy Algorithm.
‡ Uniform Repair.
§ Adaptive Greedy Repair.
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Table 3. Comparison of average solutions on BHOSLIB dataset. The best values among
GAs are shown in bold type.

Instance
Baselines [11] GAs

EAVC [31]
D.G. Alg.* R.G. Alg.† U. Repair‡ D.G. Repair R.G. Repair A.G. Repair§

frb45-21-1 913 912.72 908.08 904.06 904.16 903.68 901.92
frb45-21-2 913 913.05 907.9 904.16 903.96 903.72 901.92
frb45-21-3 915 914.31 908.04 904.34 904.22 903.66 901.96
frb45-21-4 912 912.01 907.84 904.04 903.8 903.46 901.86
frb45-21-5 913 914.09 908.14 904.36 904.16 903.86 901.92

frb50-23-1 1115 1114.68 1109.44 1105.04 1104.7 1104.24 1102.84
frb50-23-2 1116 1114.47 1109.44 1104.72 1104.74 1104.22 1102.76
frb50-23-3 1116 1114.97 1109.5 1104.9 1104.7 1104.12 1102.78
frb50-23-4 1114 1114.85 1109.34 1104.7 1104.64 1104.06 1102.8
frb50-23-5 1114 1115.05 1109.54 1104.72 1104.46 1104.04 1102.7

frb53-24-1 1237 1235.67 1229.46 1224.36 1224.12 1223.84 1222.48
frb53-24-2 1235 1235.72 1229.3 1224.1 1223.92 1223.58 1222.06
frb53-24-3 1232 1234.59 1229.3 1224.28 1224.02 1223.72 1222.26
frb53-24-4 1236 1235.189 1229.64 1224.58 1224.18 1223.7 1222.4
frb53-24-5 1238 1236.16 1229.7 1224.66 1224.14 1223.88 1222.42

frb56-25-1 1366 1362.28 1355.28 1349.5 1349.38 1349.24 1347.78
frb56-25-2 1361 1360.75 1354.92 1349.88 1349.88 1349.28 1347.94
frb56-25-3 1362 1361.57 1355.22 1349.52 1349.68 1348.78 1347.78
frb56-25-4 1360 1360.82 1355.06 1349.88 1349.4 1349.14 1347.72
frb56-25-5 1360 1361.32 1355.3 1349.7 1349.6 1349.18 1347.86

frb59-26-1 1492 1493.11 1486.84 1480.96 1480.86 1480.22 1479.3
frb59-26-2 1495 1493.16 1486.98 1481.2 1480.64 1480.18 1479.38
frb59-26-3 1496 1494.57 1487.16 1481.16 1480.9 1480.34 1479.54
frb59-26-4 1492 1492.79 1487.04 1481.16 1480.72 1480.6 1479.5
frb59-26-5 1494 1492.07 1487.28 1481.2 1480.96 1480.5 1479.5

* Deterministic Greedy Algorithm.
† Randomized Greedy Algorithm.
‡ Uniform Repair.
§ Adaptive Greedy Repair.

To verify whether the GAs converged appropriately, we plotted the fitness trends over generations
for each repair operator in Figure 2. For datasets of the same size, the average fitness across all runs was
plotted. Similar patterns were observed across all datasets: the uniform repair, which randomly selects
vertices for repair, exhibited the poorest performance. Among the greedy repairs, the deterministic
greedy repair showed the lowest performance, while the adaptive greedy repair demonstrated the best
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performance across all datasets. For all repair operators, the GAs appear to have converged sufficiently.
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Figure 2. Fitness comparison by generation.
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We counted the number of best solutions per generation and displayed them in Figure 3 to evaluate
how well each repair operator balances exploitation and exploration. For the uniform repair method,
which selects a uniformly random vertex during repair, the number of best solutions is very low
because it focuses solely on exploration without any exploitation. In contrast, deterministic greedy
and randomized greedy approaches show strong exploitation tendencies, which causes the population
to converge around the current best solutions as generations progress. Lastly, in the case of adaptive
greedy repair, as the number of best solutions in the population increases, the method reduces the
greediness parameter γ to encourage exploration and generate diverse solutions. This process enables
the generation of solutions that surpass the existing best ones, resulting in superior performance
compared to other repair operators.
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Figure 3. Number of best solutions by generation.
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We also compared the average execution times of each technique in Table 4. The deterministic
greedy algorithm, which generates only a single solution, was excluded from the comparison as it took
less than 0.4 seconds for all instances. Among all instances, the execution time of the uniform repair
was the longest. This was due to the poor quality of the solutions it generated, requiring significant
time to calculate gain and loss. The randomized greedy algorithm consumed more time compared
to the greedy-based repair operators but performed worse than them. There was little difference in
execution time between the deterministic greedy repair and the randomized greedy repair. The adaptive
greedy repair operator, which showed the best performance, used approximately 5 % more time than
the randomized greedy repair.

Table 4. Comparison of average running time (sec) by method.

Instances R.G. Algorithm† U. Repair‡ D.G. Repair* R.G. Repair A.G. Repair§

frb45-21-* 170.36 210.06 131.11 133.01 139.82
frb50-23-* 234.77 320.37 199.92 201.40 210.83
frb53-24-* 283.27 368.87 225.70 228.04 239.11
frb56-25-* 333.79 388.57 280.17 282.51 295.88
frb59-26-* 385.43 413.59 327.46 330.02 345.52

† Randomized Greedy Algorithm.
‡ Uniform Repair.
* Deterministic Greedy Repair.
§ Adaptive Greedy Repair.

4.4. Statistical test

The Wilcoxon signed-rank test is a nonparametric statistical method used to compare paired
observations from two different algorithms to determine if one systematically outperforms the other.
For each pair of observations, the test calculates the difference, ranks these differences based on their
absolute values, and then assigns signs (+ or –) back to the ranks based on whether the original
difference was positive or negative. The sum of positive ranks (W+) and negative ranks (W–) are
calculated, and the smaller of these sums is compared to critical values from a Wilcoxon table or used
to compute a p-value. If the resulting p-value is less than the chosen significance level (typically
0.05), we can reject the null hypothesis that both algorithms perform equally and conclude that one
algorithm consistently performs better than the other, without assuming the differences follow a normal
distribution.

We conducted a Wilcoxon signed-rank test to assess if adaptive greedy repair significantly
outperforms randomized greedy repair, based on 50 runs per instance using the same seed number.
Table 5 presents the p-values of the Wilcoxon signed-rank test for each instance. Among the total 25
instances, adaptive greedy repair significantly outperformed randomized greedy repair in 21 instances.
In the remaining four instances, the average performance of adaptive greedy repair was better than that
of randomized greedy repair, but the difference was not statistically significant.
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Table 5. The p-values from the Wilcoxon signed-rank test. Values below 0.05 are shown in
bold type.

Instance 1 2 3 4 5

frb45-21- 0.0030 0.0746 0.0003 0.0484 0.0288
frb50-23- 0.0068 0.0017 0.0002 4.8e-05 0.0085
frb53-24- 0.0430 0.0253 0.0197 0.0026 0.0438
frb56-25- 0.2150 0.0039 2.26e-06 0.0567 0.0373
frb59-26- 0.0004 0.0109 0.0009 0.3393 0.0023

5. Conclusions

In this study, we proposed a novel repair operator based on a randomized greedy algorithm.
Instead of using a fixed greediness parameter, it dynamically adjusts greediness according to the
convergence level of the population. When the population contains few high-quality solutions,
exploitation is emphasized to generate more superior solutions. Conversely, as the population
converges, exploration is increased to create novel solutions, thereby enhancing the likelihood of
discovering better-quality solutions. A comparative analysis showed that the adaptive greedy repair
achieved the best performance on average across all instances and outperformed the other techniques
with statistical significance in over 80 % of instances.

GAs are inherently prone to premature convergence and getting trapped in local optima because
they are not effective at fine-tuning solutions near the optimum [37]. To address this, they are
frequently combined with local search techniques to form memetic algorithms. Building on this
insight, future research will focus on designing an effective local search method tailored specifically
for the minimal vertex cover problem, aiming to further enhance the algorithm’s efficiency and solution
quality. Experimental results applying a simple local search to our method can be found in Appendix C.
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Appendix A. Adaptive greedy repair operator in the (1+(λ, λ)) GA

We evaluated the performance of our adaptive greedy repair operator within the (1+(λ, λ)) GA
framework for MVC [38]. This experiment was conducted to assess whether the operator remains
effective beyond the generational GA setting used in our main study. In the (1+(λ, λ)) GA, the
parameter λ controls the search intensity: larger values of λ lead to broader exploration of the search
space. In our experiments, we followed the self-adjusting strategy proposed by Buzdalov [38], where
λ is dynamically adapted during the search process. In the adaptive repair operator, the greediness
parameter γwas set to 0.01/γ, meaning that as the search intensity λ increases, the value of γ decreases,
thereby reducing the greediness of the repair process and promoting more exploratory behavior.

The approach proposed by Buzdalov does not use a repair operator but instead penalizes infeasible
solutions in the fitness function. We adopted this method as a baseline in our experiments. To ensure
a fair comparison in terms of computational effort, the baseline was run for 10,000 generations, while
the versions using repair operators were executed for 2,000 generations. These settings were chosen
so that the total running time of the experiments would be comparable to that of the main experiments
in this paper.

Table A1 compares the best solutions found by each method across 50 independent runs, while
Table A2 presents the average solutions obtained over the same runs. In the case without a repair
operator, all vertices were selected at the end if a feasible solution could not be found. The results
show that this approach failed to find feasible solutions for most instances. Unlike the experiments
in the main text, the (1+(λ, λ)) GA framework has only a single parent, which limits its ability
to generate diverse offspring. As a result, uniform repair, which promotes diversity, outperformed
the more greedy methods such as deterministic greedy repair and randomized greedy repair. Our
adaptive repair operator achieved the best performance by dynamically adjusting the γ value to balance
exploration and exploitation. Specifically, it achieved the best results on 21 out of 25 instances in terms
of best solution, and on 23 instances in terms of average solution. Overall, the (1+(λ, λ)) GA did not
perform as well as the generational GA used in the main experiments.
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Table A1. Comparison of best solutions using (1+(λ, λ)) GAs. The best values among (1+(λ,
λ)) GAs are shown in bold type.

Instance
(1+(λ, λ)) GAs [38] Generational GA

W/O Repair* U. Repair† D.G. Repair‡ R.G. Repair§ A.G. Repair∗∗ A.G. Repair∗∗

frb45-21-1 913 904 908 908 903 902
frb45-21-2 912 904 906 907 903 902
frb45-21-3 917 903 907 906 904 902
frb45-21-4 945 903 907 905 903 901
frb45-21-5 945 904 907 906 903 902

frb50-23-1 1150 1105 1108 1108 1104 1102
frb50-23-2 1150 1105 1107 1107 1105 1102
frb50-23-3 1150 1105 1107 1107 1104 1102
frb50-23-4 1150 1103 1108 1108 1105 1102
frb50-23-5 1150 1104 1108 1107 1104 1103

frb53-24-1 1272 1224 1228 1227 1224 1222
frb53-24-2 1272 1224 1228 1226 1224 1222
frb53-24-3 1272 1225 1227 1226 1225 1222
frb53-24-4 1272 1223 1228 1227 1224 1222
frb53-24-5 1272 1225 1229 1227 1224 1222

frb56-25-1 1400 1349 1353 1354 1349 1348
frb56-25-2 1400 1350 1353 1353 1349 1348
frb56-25-3 1400 1349 1353 1353 1347 1346
frb56-25-4 1400 1350 1353 1351 1349 1347
frb56-25-5 1400 1349 1354 1352 1350 1347

frb59-26-1 1534 1481 1484 1485 1481 1478
frb59-26-2 1534 1481 1485 1485 1481 1478
frb59-26-3 1534 1481 1485 1485 1481 1479
frb59-26-4 1534 1481 1485 1484 1481 1478
frb59-26-5 1534 1481 1485 1484 1481 1478

* Without Repair Operator.
† Uniform Repair.
‡ Deterministic Greedy Repair.
§ Randomized Greedy Repair.
∗∗ Adaptive Greedy Repair.
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Table A2. Comparison of average solutions using (1+(λ, λ)) GAs. The best values among
(1+(λ, λ)) are shown in bold type.

Instance
(1+(λ, λ)) GAs [38] Generational GA

W/O Repair* U. Repair† D.G. Repair‡ R.G. Repair§ A.G. Repair∗∗ A.G. Repair∗∗

frb45-21-1 943.78 906.28 909.82 909.82 906.18 903.68
frb45-21-2 943.04 906.36 909.64 908.84 905.86 903.72
frb45-21-3 944.44 906.28 909.84 909.36 906.42 903.66
frb45-21-4 945.00 906.02 909.42 908.80 905.52 903.46
frb45-21-5 945.00 906.48 909.82 909.08 906.04 903.86

frb50-23-1 1150.00 1107.12 1110.98 1110.30 1106.66 1104.24
frb50-23-2 1150.00 1107.30 1110.74 1110.26 1106.80 1104.22
frb50-23-3 1150.00 1106.94 1110.74 1109.98 1106.70 1104.12
frb50-23-4 1150.00 1107.22 1110.86 1110.22 1106.86 1104.06
frb50-23-5 1150.00 1107.10 1111.00 1110.10 1106.78 1104.04

frb53-24-1 1272.00 1226.80 1230.88 1230.66 1226.36 1223.84
frb53-24-2 1272.00 1226.70 1230.50 1230.30 1226.40 1223.58
frb53-24-3 1272.00 1226.68 1230.54 1229.92 1226.46 1223.72
frb53-24-4 1272.00 1226.90 1230.42 1230.18 1226.44 1223.7
frb53-24-5 1272.00 1226.74 1231.16 1230.32 1226.90 1223.88

frb56-25-1 1400.00 1352.42 1357.30 1356.50 1352.04 1349.24
frb56-25-2 1400.00 1352.50 1356.36 1355.94 1352.10 1349.28
frb56-25-3 1400.00 1352.08 1355.86 1355.52 1351.78 1348.78
frb56-25-4 1400.00 1352.12 1356.52 1355.86 1351.74 1349.14
frb56-25-5 1400.00 1352.20 1356.32 1355.90 1351.82 1349.18

frb59-26-1 1534.00 1483.60 1488.10 1487.44 1483.34 1480.22
frb59-26-2 1534.00 1483.74 1488.20 1487.26 1483.46 1480.18
frb59-26-3 1534.00 1483.86 1488.90 1487.58 1483.58 1480.34
frb59-26-4 1534.00 1484.00 1488.28 1487.10 1483.32 1480.6
frb59-26-5 1534.00 1483.90 1488.30 1487.28 1483.54 1480.5

* Without Repair Operator.
† Uniform Repair.
‡ Deterministic Greedy Repair.
§ Randomized Greedy Repair.
∗∗ Adaptive Greedy Repair.
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Appendix B. Experimental results on DIMACS dataset

We present additional experimental results evaluating our proposed algorithm on the Center for
Discrete Mathematics and Theoretical Computer Science (DIMACS) benchmark dataset [33]. Our
experiments were conducted under the same computational environment described in Section 4 of the
main paper. For each instance, we performed 50 independent runs to ensure statistical significance of
the results.

As shown in Table B1, the proposed adaptive greedy repair consistently achieved competitive or
superior performance compared to the other repair strategies. Since the best solutions often resulted in
ties across different methods, we focused our comparison primarily on the average solution quality. In
this regard, the adaptive greedy repair yielded the best average results on the majority of instances.

Table B1. Comparison of best and average solutions on DIMACS dataset. The best average
values are shown in bold type.

Instance |V | |E|
U. Repair* D.G. Repair† R.G. Repair‡ A.G. Repair§

best avg. best avg. best avg. best avg.

brock800-1 800 207,505 790 790.14 790 790.58 790 790.48 790 790.00
brock800-2 800 208,166 790 790.16 790 790.66 790 790.62 790 790.06
brock800-3 800 207,333 789 789.94 789 790.30 790 790.22 789 789.94
brock800-4 800 207,643 790 790.10 790 790.54 790 790.44 790 790.00

C1000-9 1,000 450,079 994 994.00 994 994.54 994 994.32 994 994.02
C2000-5 2,000 999,836 1984 1985.62 1984 1985.28 1985 1985.38 1984 1985.00

DSJC500-5 500 62,624 487 487.48 487 487.72 487 487.60 487 487.26
DSJC1000-5 1,000 249,826 986 986.60 986 986.52 986 986.34 985 986.00
p-hat1000-1 700 122,253 630 633.42 625 626.16 625 625.36 625 625.28
p-hat1000-2 700 244,799 650 652.22 646 646.96 646 646.94 646 646.92
p-hat1000-3 700 371,746 689 689.98 689 689.92 689 689.88 689 689.64
p-hat1500-1 1,500 284,923 1424 1427.88 1413 1414.38 1414 1414.00 1413 1413.86
p-hat1500-2 1,500 568,960 1445 1448.10 1438 1438.13 1438 1438.00 1438 1438.00
p-hat1500-3 1,500 847,244 1488 1489.60 1488 1488.90 1488 1488.80 1488 1488.90

* Uniform Repair.
† Deterministic Greedy Repair.
‡ Randomized Greedy Repair.
§ Adpative Greedy Repair.

Appendix C. Experimental results with simple local search

We conducted an experiment in which our GA was augmented with a simple local search. This local
search operates by attempting to enhance a minimal vertex cover obtained via repair: Specifically, it
sequentially adds nonselected vertices to the current solution, and removes redundant ones. If the
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inclusion of a new vertex allows for the elimination of multiple existing ones, a better solution is
discovered. This process explores local improvements in a more structured neighborhood than our
original GA.

To give the local search sufficient opportunity to improve solutions, we allowed the GA with local
search (LS) to run for four times longer than the baseline GA without LS. The performance comparison
over 50 runs is summarized in the Table C1 below. In general, the use of LS improved the average
solution quality, though the improvement in best-found solutions was marginal for most instances.

Table C1. Comparison of Generational GA performance with and without LS when the
adaptive greedy operator is applied (over 50 runs). The better values for each instance are
shown in bold.

Instance
Best solutions Average solutions

w/o LS with LS w/o LS with LS

frb45-21-1 902 902 903.68 903.36
frb45-21-2 902 901 903.72 903.34
frb45-21-3 902 902 903.66 903.54
frb45-21-4 901 901 903.46 903.14
frb45-21-5 902 902 903.86 903.50

frb50-23-1 1102 1103 1104.24 1104.00
frb50-23-2 1102 1102 1104.22 1103.88
frb50-23-3 1102 1103 1104.12 1103.80
frb50-23-4 1102 1102 1104.06 1103.84
frb50-23-5 1103 1102 1104.04 1103.84

frb53-24-1 1222 1222 1223.84 1223.36
frb53-24-2 1222 1222 1223.58 1223.18
frb53-24-3 1222 1221 1223.72 1223.36
frb53-24-4 1222 1223 1223.70 1223.48
frb53-24-5 1222 1222 1223.88 1223.56

frb56-25-1 1348 1347 1349.24 1348.84
frb56-25-2 1348 1347 1349.28 1349.08
frb56-25-3 1346 1347 1348.78 1348.66
frb56-25-4 1347 1347 1349.14 1348.88
frb56-25-5 1347 1347 1349.18 1348.76

frb59-26-1 1478 1478 1480.22 1480.24
frb59-26-2 1478 1478 1480.18 1480.14
frb59-26-3 1479 1478 1480.34 1480.44
frb59-26-4 1478 1478 1480.60 1480.18
frb59-26-5 1478 1478 1480.50 1480.50
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As a direction for future work, we aim to design a more effective local search algorithm that can
synergize with the proposed adaptive repair operator, with the goal of developing a solution that is
competitive with, or superior to, state-of-the-art approaches.
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