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A B S T R A C T

Given a graph 𝐺 = (𝑉 ,𝐸), the minimum dominating set (MinDS) problem is to identify a smallest set of
vertices 𝐷 such that every vertex in 𝑉 ⧵ 𝐷 is adjacent to at least one vertex in 𝐷. The MinDS problem is
a classic -hard problem and has been extensively studied because of its many disparate applications in
network analysis. To solve this problem in practice, many heuristic approaches have been proposed to obtain
a high-quality solution within a given time limit. However, existing heuristic algorithms are limited by various
tie-breaking cases when selecting vertices, which slows down the effectiveness of the algorithms. In this paper,
we design an efficient local search algorithm for MinDS, named DmDS – a dual-mode local search framework
that probabilistically chooses between two distinct vertex-swapping schemes. We further address limitations of
other algorithms by introducing vertex selection criterion based on the frequency of vertices added to solutions
to address tie-breaking cases, and by improving the quality of the initial solution via a greedy strategy with
perturbation. We evaluate DmDS against the state-of-the-art algorithms on real-world datasets, consisting of
382 instances (or families) with up to tens of millions of vertices. Experimental results show that DmDS obtains
the best performance in accuracy for almost all instances and finds significantly better solutions than state-
of-the-art MinDS algorithms on a broad range of large real-world graphs; specifically, DmDS computes the
smallest solution on 352 (out of 382) instances, and on 119 instances DmDS finds smaller solutions than all
other algorithms in our comparison.
1. Introduction

A dominating set (DS) – a set of vertices 𝐷 in which each vertex of
the graph is in 𝐷 or adjacent to at least one vertex in 𝐷 – is an important
structure in graph theory. DSs have applications spanning the sciences,
including social networks [1], epidemic control [2], and biological
network analysis [3,4]. One key example problem is in protein–protein
interaction networks: to identify a smallest subset 𝐷 of proteins where
each protein outside 𝐷 can be reached by interacting with a protein
within 𝐷. This problem is equivalent to finding a dominating set of
minimum cardinality — a minimum dominating set (MinDS) [4].

Given its many applications, the MinDS problem has attracted
considerable interest in recent years. Due to its -hardness [5],
significant effort has been put into improved exponential-time algo-
rithms. The first improvement to the standard brute-force 𝑂∗(2𝑛)-time
algorithm for MinDS was introduced by Fomin et al. [6] and, since
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then, many improved algorithms have been proposed [7–10]. The
current state-of-the-art exact MinDS algorithm, with 𝑂(1.4864𝑛) time
and has polynomial space [11], is based on a variation of Grandoni’s
algorithm [12]. Researchers have also developed increasingly sophisti-
cated heuristic algorithms for finding a close-to-minimum DS. Greedy
approaches provide a simple and efficient way for constructing DSs,
but such algorithms often perform poorly, especially on large in-
stances [13]. The highest-quality heuristic algorithms first apply data
reduction rules to decrease the input size [13], then generate an
initial solution with a greedy approach, and finally adopt heuristics to
improve solution quality [14–16].
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1.1. Related work

Many recent studies show the significance of heuristic approaches
to solve intractable problems, such as partition coloring [17], crit-
ical node [18], weighted total domination [19], and minimum 𝑘-
dominating set [20]. Here we give a brief review of the heuristic
algorithms for solving the MinDS problem.

Heuristics, including ant-colony optimization [21], genetic algo-
rithms [22,23], and local search algorithms [13,24,25] have been
proposed for the MinDS problem. In particular, local search approaches
have attracted much attention in recent years. Vertex swapping is an
important component in local search for graph problems. If vertex
swapping depends heavily on greedy methods, then the algorithms
will repeatedly visit candidate solutions that have been encountered
recently and result in a local optimum. This phenomenon is called the
cycling problem, which is an issue inherent in local search algorithms.
To address this problem, Cai et al. [26] proposed a configuration
checking (CC) strategy, adopting Boolean array markers to prevent
recently visited vertices from being revisited, where the restriction of
a vertex 𝑣 is relaxed if the state of a vertex adjacent to 𝑣 is changed.
In 2017, an algorithm named CC2FS based on a variant of CC (CC2)
was proposed to solve the minimum weight dominating set (MinWDS)
problem [27], in which CC was extended to two-level mode: a vertex
𝑣 is reset to an allowed state if a vertex within distance two from
𝑣 is removed from (or added to) the solution. Subsequently, Wang
et al. [28] introduced another variant CC2V3 of CC that adds a new
state to CC2 for the purpose of further distinguishing the priority of
visitable vertices and showed that CC2V3 can enhance the performance
of CC2FS on large sparse real-world graphs. Based on CC2V3, an al-
gorithm called FastMWDS was proposed to identify a MinWDS. In
2019, by combining score checking (SC) with a probabilistic walk,
Fan et al. [25] proposed a local search algorithm named ScBppw for
the MinDS problem on large graphs, which outperforms FastMWDS on
many large graphs. In the same year, Cai et al. [13] introduced a two-
goal local search framework for the MinDS problem and developed a
MinDS algorithm named FastDS based on three data reduction rules
(called inference rules in their article). In contrast to the classic local
search MinDS framework, FastDS aims to improve a given 𝑘-sized
feasible solution to a (𝑘 − 1)- or (𝑘 − 2)-sized feasible solution each
time, which accelerates the convergence speed and expands the search
region. Recently, Jiang et al. [29] proposed an independent-set-based
method to calculate a lower bound of the domination number and an
exact algorithm named EMOS to find a MinDS. The EMOS algorithm
achieved excellent performance on standard benchmarks UDG and T1.
To date, the state-of-the-art algorithms for MinDS are ScBppw, FastDS,
and EMOS.

1.2. Motivation and our contributions

1.2.1. Motivation
Note that the ScBppw algorithm can obtain small solutions on large

graphs, but it does not perform as well as FastDS on medium-sized
graphs. One reason is that the SC strategy consumes a lot of time
during local search. In addition, the SC strategy is stronger than the CC2

strategy [25], which results in more vertices being forbidden and limits
the algorithm’s search space. Regarding FastDS, we observe that there
are many vertices with equal priority when selecting vertices, even
though the algorithm uses two criteria to address the ties. Moreover,
the initial solution in FastDS is constructed by a greedy strategy with
2

non-dominated degrees, which can be improved. d
1.2.2. Contributions
This paper focuses on designing an efficient heuristic algorithm to

find a high-quality (small) dominating set in a given graph. We propose
a new local search algorithm for the MinDS problem named DmDS,
which includes three main ideas: a novel local search framework, a
new approach for constructing an initial solution, and a new criterion
for selecting vertices. First, to prevent cycling, we propose a dual-
mode local search framework in the search phase, which allows the
algorithm to run in two modes: when finding a 𝑘-sized dominating
set, DmDS searches for a solution with size (𝑘 − 1) by either (2, 1)-
swaps or (3, 2)-swaps, where a (𝑗, 𝑗 − 1)-swap removes 𝑗 vertices from
the solution and replaces them with 𝑗 − 1 vertices [30]. Second, a
high-quality initial solution can accelerate the convergence speed of
local search algorithms. The common methods for generating an initial
DS are greedy-based strategies [13] and random-based strategies [31],
because these strategies are simple and efficient. However, the quality
of solutions generated by these strategies is often poor and the time
complexity would be increased significantly when adding complicated
strategies to improve solutions’ quality. Based on the above consider-
ations, DmDS uses two approaches to generate solutions and chooses
the better one as the initial solution, including a greedy-based algo-
rithm according to dominating profits and an approach integrating the
greedy strategy with a perturbation mechanism. Third, in the process
of swapping vertices, selecting vertices according to a single criterion
would suffer from many tie-breaking cases, i.e., there are multiple
vertices with the best value. Previous work used ‘‘age’’ to address this
problem. However, on large sparse real-world graphs, the improvement
is not obvious and there are still multiple best vertices that can be
selected at the same time. Therefore, we propose a new vertex selection
criterion based on the number of times each vertex has been added to
the solution.

1.3. Organization of this paper

The remainder of this paper is organized as follows. Section 2
introduces notation and terminology, as well as a brief review of local
search and related techniques. Section 3 describes the DmDS algorithm.
Section 4 is devoted to the design and analysis of experiments, and
Section 5 provides concluding remarks.

2. Preliminaries

We first introduce some necessary notations and terminologies,
followed by a brief review of local search.

2.1. Notation and terminology

All graphs considered in this paper are unweighted, undirected,
and simple. We use 𝐺 = (𝑉 ,𝐸) to denote a graph with vertex set 𝑉
and edge set 𝐸. A vertex 𝑣 is adjacent to (or a neighbor of) another
vertex 𝑢 in 𝐺 if they are connected by an edge, i.e., 𝑢𝑣 ∈ 𝐸. For
a vertex 𝑣 ∈ 𝑉 , the degree of 𝑣, denoted by 𝑑(𝑣), is the number of
edges incident with 𝑣; the neighborhood of 𝑣, denoted by 𝑁(𝑣), is the
set of neighbors of 𝑣, i.e., 𝑁(𝑣) = {𝑢 ∣ 𝑢 ∈ 𝑉 and 𝑢𝑣 ∈ 𝐸}; the
closed neighborhood of 𝑣, denoted by 𝑁[𝑣], is the union of 𝑁(𝑣) and
{𝑣}, i.e., 𝑁[𝑣] = 𝑁(𝑣) ∪ {𝑣}; and the two-level closed neighborhood of
, denoted by 𝑁2[𝑣], is the set of vertices that have distance at most
wo from 𝑣, i.e., 𝑁2[𝑣] = 𝑁[𝑣] ∪ (

⋃

𝑢∈𝑁(𝑣) 𝑁(𝑢)). Moreover, for a subset
⊆ 𝑉 , let 𝑁(𝑆) =

⋃

𝑣∈𝑆 (𝑁(𝑣) ⧵ 𝑆) and 𝑁[𝑆] = 𝑁(𝑆) ∪ 𝑆.

efinition 1. In a graph 𝐺 = (𝑉 ,𝐸), a vertex 𝑢 is dominated by a
ertex 𝑣 if 𝑣 ∈ 𝑁[𝑢]. A dominating set of 𝐺 is a subset 𝐷 ⊆ 𝑉 such
hat every vertex in 𝑉 is dominated by a vertex in 𝐷, i.e., 𝑁[𝐷] =
. A dominating set of minimum cardinality is called a minimum

ominating set (MinDS). The MinDS problem is to find a MinDS in 𝐺.
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Fig. 1. An example graph where {𝑣1 , 𝑣4} is a MinDS.

An example illustrating the MinDS problem is given in Fig. 1.
bserve that this graph has six vertices and has maximum degree four,
hich implies that a MinDS contains at least two vertices. On the other
and, 𝑁[{𝑣1, 𝑣4}] = {𝑣1, 𝑣2, 𝑣3, 𝑣4, 𝑣5, 𝑣6}. Therefore, {𝑣1, 𝑣4} is a MinDS.

Note that there are other MinDSs, such as {𝑣2, 𝑣5}, {𝑣2, 𝑣6}, and {𝑣2, 𝑣4}.
Thus, a graph may have more than one MinDS.

2.2. Local search

The principle of local search can be described as follows: Start
with an initial solution and then iteratively improve it by removing
vertices, adding vertices, and/or swapping vertices. Local search often
incorporates some effective techniques to enhance its search results,
such as tabu strategies, data reduction, and heuristic vertex selection
strategies. For example, CC [26], CC2 [27], CC2V3 [28], and SC [25] are
tabu strategies that are designed to avoid wasting time in low-quality
search space and address the cycling problem by forbidding vertices
from being added to the solution. The aim of designing reduction rules
is to simplify instances, with the advantage of reducing the search space
by determining a part of vertices that definitely belong (or not belong)
to an optimal solution. Additionally, in each iteration of local search,
the greedy-based strategies for selecting vertices are time-consuming
and easily result in a local optimum. For this, Cai et al. [32] proposed a
heuristic vertex selection strategy named Best from Multiple Selections
(BMS), which selects the best vertex from 𝑡 random vertices (𝑡 is a
predefined parameter, in general setting to 50) instead of traversing
all vertices. The BMS strategy has been used to improve the efficiency
of local search algorithms for solving the MinDS problem [13,28].

3. Main algorithms

We first present the top-level local search framework (Algorithm 1),
followed by the construction of initial solutions (Algorithm 2). Finally,
we give the local search algorithm DmDS (Algorithm 3) with a time
complexity analysis.

For presentation purposes, we specify some notation used in this
section. Given a graph 𝐺, let 𝐷 ⊆ 𝑉 and 𝑋 ⊆ 𝑉 be two disjoint sets,
where 𝐷 is a partial dominating set of 𝐺 and 𝑋 is a set of vertices
forbidden from being added to 𝐷. We use a Boolean function 𝑑𝑜𝑚𝐷 ∶
𝑉 → {1, 0} to characterize whether a vertex is dominated by a vertex
in 𝐷, which is defined as follows: for every vertex 𝑣 ∈ 𝑉 , if 𝑣 ∈ 𝑁[𝐷],
then 𝑑𝑜𝑚𝐷(𝑣) = 1; otherwise, 𝑑𝑜𝑚𝐷(𝑣) = 0. Denote by 𝑈𝐷 the set of
vertices on which 𝑑𝑜𝑚𝐷 evaluates to 0, i.e., 𝑈𝐷 = {𝑣 ∣ 𝑣 ∈ 𝑉 and
𝑑𝑜𝑚𝐷(𝑣) = 0}. For a vertex 𝑢 ∈ 𝐷, denote by 𝑙𝑜𝑠𝑠𝐷(𝑢) the number
of vertices 𝑣 such that 𝑑𝑜𝑚𝐷(𝑣) = 1 and 𝑑𝑜𝑚𝐷⧵{𝑢}(𝑣) = 0; and for a
vertex 𝑤 ∉ 𝐷, denote by 𝑔𝑎𝑖𝑛𝐷(𝑤) the number of vertices 𝑣 such that
𝑑𝑜𝑚𝐷(𝑣) = 0 and 𝑑𝑜𝑚𝐷∪{𝑤}(𝑣) = 1. Moreover, we use the 𝑎𝑔𝑒(𝑣) to
denote the number of iterations that the status of 𝑣 has not changed,
and 𝑓𝑟𝑒𝑞(𝑣) to denote the number of times 𝑣 has been added to the
solution. The large 𝑎𝑔𝑒 of a vertex implies that the vertex has been in
(or not in) a solution for a long time, and in this case, the vertex should
have a priority to be removed from (or added to) a solution. In addition,
if a vertex has a smaller 𝑓𝑟𝑒𝑞 value, then it has been added to a solution
3

fewer times, and it should have a priority to be added to a solution. c
Algorithm 1: Local search framework for MinDS
Input: A graph 𝐺 = (𝑉 ,𝐸), the cutoff time
Output: A dominating set 𝐷∗ of 𝐺

1 𝐷 ← Initialization(𝐺);
2 while elapsed_time < cutoff do
3 if 𝐷 is feasible then
4 if 𝐷 contains redundant vertices then
5 remove all redundant vertices from 𝐷;

6 𝐷∗ ← 𝐷;
7 remove a vertex with minimum 𝑙𝑜𝑠𝑠 from 𝐷;
8 continue;

9 if with probability 𝛼 then
10 search by (1, 1)-swap;

11 else
12 search by (2, 2)-swap;

13 return 𝐷∗;

3.1. Local search framework

The details of the local search framework are shown in Algorithm 1.
First, an initial solution 𝐷 is constructed by a procedure Initialization()
(line 1), where some data reduction techniques are adopted to reduce
the search space. The next is the main part of the framework (lines
2–12), which tries iteratively reducing the size of a feasible solution
within a given period of time. Specifically, each time a feasible solution
𝐷 is obtained, the algorithm checks and removes all redundant vertices
from 𝐷 (lines 3–5), updates the best solution 𝐷∗ (line 6), and removes
a vertex with the minimum 𝑙𝑜𝑠𝑠 value from 𝐷 (line 7), where a
vertex 𝑣 ∈ 𝐷 is redundant if 𝑙𝑜𝑠𝑠𝐷(𝑣) = 0 and 𝐷 ⧵ {𝑣} is a feasible
solution. The algorithm attempts to make an infeasible solution with
size |𝐷| − 1 feasible. When the current solution 𝐷 is not feasible, two
vertex-swapping modes (1, 1)-swap and (2, 2)-swap are implemented
with probabilities 𝛼 (lines 9–10) and 1 − 𝛼 (lines 11–12), respectively,
o exchange vertices until 𝐷 becomes feasible, where a (𝑘, 𝑘)-swap

removes 𝑘 vertices from 𝐷 and adds 𝑘 new vertices to 𝐷 for 𝑘 = 1, 2. It
should be noted that within each iteration, the algorithm first removes
one vertex (line 7) and then carries out a (1, 1)-swap or (2, 2)-swap
(lines 9–12); therefore the algorithm effectively performs a (2, 1)-swap
or a (3, 2)-swap. Finally, the best solution 𝐷∗ is returned when the time
imit is reached (line 13).

.2. Generating an initial solution

The graph reduction strategy is a key mechanism for designing
ffective heuristic algorithms for intractable graph problems on large
parse graphs [14]. To generate a high-quality initial solution for
mDS, we first use three simple graph reduction rules, proposed by
ai et al. [13], to reduce the search space (Algorithm 2; lines 1–4).
he sets 𝐷 and 𝑋 in the following three reduction rules are the same
s described above.

eduction Rule 1 (Degree 0). Let 𝑣 be a vertex with degree zero. If
𝑜𝑚𝐷(𝑣) = 0, then add 𝑣 to 𝐷.

eduction Rule 2 (Degree 1). Let 𝑣 be a vertex of degree one and 𝑢 the
eighbor of 𝑣. If 𝑑𝑜𝑚𝐷(𝑢) = 0, then add 𝑢 to 𝐷 and 𝑣 to 𝑋.

eduction Rule 3 (Triangle). Let 𝑢, 𝑣,𝑤 be a triangle such that 𝑑(𝑢) =
𝑑(𝑣) = 2. If 𝑑𝑜𝑚𝐷(𝑤) = 0, then add 𝑤 to 𝐷 and 𝑢 and 𝑣 to 𝑋.

As shown in Algorithm 2, the sets 𝐷∗ and 𝑋 (of vertices in an
ptimal solution and excluded from that optimal solution, respectively)

an be obtained by applying Reduction Rules 1–3. We invite the
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Algorithm 2: 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛(𝐺)
Input: A graph 𝐺 = (𝑉 ,𝐸)
Output: A dominating set 𝐷 of 𝐺

1 foreach 𝑢 in 𝑉 do
2 𝐷∗, 𝑋 ← apply Reduction Rule 1 on 𝑢;
3 𝐷∗, 𝑋 ← apply Reduction Rule 2 on 𝑢;
4 𝐷∗, 𝑋 ← apply Reduction Rule 3 on 𝑢;

5 𝑉 ← 𝑉 ⧵𝑋,𝐷 ← 𝐷∗, 𝐷′ ← 𝐷∗;
6 𝐷 ← GreedyConstructDS(𝐺,𝐷);
7 𝐷′ ← PerturbedConstructDS(𝐺,𝐷′);
8 if |𝐷′

| < |𝐷| then
9 𝐷 ← 𝐷′;

10 return 𝐷;

Procedure GreedyConstructDS(𝐺,𝐷);
11 while 𝑈𝐷 ≠ ∅ do
12 𝑣 ← a vertex with maximum 𝑔𝑎𝑖𝑛𝐷 in 𝑉 ⧵𝐷;
13 𝐷 ← 𝐷 ∪ {𝑣};

14 remove all redundant vertices from 𝐷;
15 return 𝐷;

Procedure PerturbedConstructDS(𝐺,𝐷′);
16 while 𝑈𝐷 ≠ ∅ do
17 𝑣 ← a vertex with maximum 𝑔𝑎𝑖𝑛𝐷′ in 𝑉 ⧵𝐷′;
18 save 𝑔𝑎𝑖𝑛𝐷′ (𝑣), 𝐷′ ← 𝐷′ ∪ {𝑣};
19 𝑢 ← a vertex with minimum 𝑙𝑜𝑠𝑠𝐷′ in 𝐷′ ⧵𝐷∗;
20 if 𝑙𝑜𝑠𝑠𝐷′ (𝑢) < 𝑔𝑎𝑖𝑛𝐷′ (𝑣) then
21 𝐷′ ← 𝐷′ ⧵ {𝑢};

22 remove all redundant vertices from 𝐷′;
23 return 𝐷′;

interested reader to refer to [13] for the proofs of correctness. Next,
after initializing three sets 𝑉 ,𝐷,𝐷′ (line 5), two distinct strategies

reedyConstructDS(𝐺,𝐷) and PerturbedConstructDS(𝐺,𝐷′) are used
to construct two initial solutions 𝐷 and 𝐷′, respectively (lines 6–
7), and the best one is selected as the final initial solution (lines
8–9). GreedyConstructDS(𝐺,𝐷) iteratively adds a vertex 𝑣 with the
maximum 𝑔𝑎𝑖𝑛𝐷(𝑣) to 𝐷 until 𝐷 becomes a feasible solution (lines
11–13), and finally removes redundant vertices from 𝐷 (line 14).
PerturbedConstructDS(𝐺,𝐷′) first selects a vertex 𝑣 with the maximum
𝑔𝑎𝑖𝑛𝐷′ (𝑣), saves the value of 𝑔𝑎𝑖𝑛𝐷′ (𝑣), and updates 𝐷′ by adding 𝑣 to 𝐷′

(lines 17–18); next, if there is a vertex 𝑢 with minimum loss in 𝐷′ such
that 𝑙𝑜𝑠𝑠𝐷′ (𝑢) < 𝑔𝑎𝑖𝑛𝐷′ (𝑣), then 𝑣 is removed from 𝐷′ (lines 19–21); the
algorithm repeatedly conducts the above procedure until 𝐷′ becomes a
feasible solution; finally, the algorithm removes all redundant vertices
from 𝐷′ (line 22). Note that these two initial solution strategies are
independent of each other, we merely use them each to produce a better
overall initial solution.

3.3. The DmDS algorithm

We now describe the DmDS algorithm, which is based on the
proposed dual-mode local search framework, using Algorithm 2 to
improve the quality of initial solutions and a novel vertex selection
criterion 𝑓𝑟𝑒𝑞 to break ties. Moreover, to optimize the quality of
solutions and explore the search space, DmDS introduces dual-mode
search, i.e., performing either (2, 1)-swaps and (3, 2)-swaps.

The pseudocode of DmDS is presented in Algorithm 3. The algo-
rithm starts with an initial solution 𝐷 obtained by Algorithm 2 (line
1), and then improves 𝐷 iteratively (lines 2–17). In each iteration, if 𝐷
is a feasible solution, the algorithm first removes the redundant vertices
from 𝐷 (lines 3–6), and then removes a vertex 𝑣 with minimum 𝑙𝑜𝑠𝑠𝐷(𝑣)
from 𝐷 (line 7). Next, the algorithm conducts a tiny perturbation by
randomly removing a vertex 𝑢1 from 𝐷, records the number 𝑟𝑚_𝑛𝑢𝑚 of
removed vertices in each iteration (lines 8–9), removes another vertex
4

𝑢2 according to the BMS heuristic with a probability 𝛼, and updates
𝑟𝑚_𝑛𝑢𝑚 (lines 10–12). Note that if 𝑢2 is removed, then a (2, 2)-swap
(lines 8–17) is implemented; otherwise, a (1, 1)-swap (lines 8–9, 13–
14) is implemented. After removing vertices from 𝐷, it chooses vertices
from 𝑁[𝑈𝐷] and adds them to 𝐷 to obtain a feasible solution 𝐷. More
specifically, the algorithm first selects a vertex 𝑤1 ∈ 𝑁[𝑈𝐷] with the
greatest 𝑔𝑎𝑖𝑛𝐷(𝑤1) and adds it to 𝐷 (lines 13–14); if three vertices
are removed in this iteration, the algorithm further adds a vertex 𝑤2
(selected by the same criteria as 𝑤1) to 𝐷 (lines 16–17). Finally, the
best solution found 𝐷∗ is returned when the cutoff time is reached.

ote that there are many tie-breaking cases when selecting a vertex to
e removed from 𝐷 or to be added to 𝐷. The algorithm breaks the
ies by 𝑎𝑔𝑒 and 𝑓𝑟𝑒𝑞. Specifically, when removing a vertex from 𝐷,
he algorithm selects vertices with largest 𝑎𝑔𝑒 value (breaking ties by
argest 𝑓𝑟𝑒𝑞 value if more than one vertex has the same largest 𝑎𝑔𝑒);
hen adding a vertex to 𝐷, the algorithm selects vertices with largest
𝑔𝑒 value (breaking ties by selecting the vertex with smallest 𝑓𝑟𝑒𝑞 value
f more than one vertex has the same largest 𝑎𝑔𝑒).

Note that for a vertex 𝑣, 𝑔𝑎𝑖𝑛𝐷(𝑣) = 0 when 𝑣 ∈ 𝐷 and 𝑙𝑜𝑠𝑠𝐷(𝑣) = 0
hen 𝑣 ∉ 𝐷, and the 𝑙𝑜𝑠𝑠 and 𝑔𝑎𝑖𝑛 values of a vertex in 𝑁2[𝑣] may

hange when 𝑣 is removed from or added to the current solution 𝐷.
e use the example in Fig. 1 to illustrate this procedure. Suppose that
= {𝑣1, 𝑣3, 𝑣6}; we have 𝑔𝑎𝑖𝑛𝐷(𝑣𝑖) = 0 for 𝑖 = 1, 2,… , 6, 𝑙𝑜𝑠𝑠𝐷(𝑣𝑖) = 1

or 𝑖 = 1, 3, 6 and 𝑙𝑜𝑠𝑠𝐷(𝑣𝑖) = 0 for 𝑖 = 2, 4, 5. Now, we remove 𝑣3 from
. Then, 𝑣2, 𝑣4, and 𝑣5 are dominated by only one vertex in 𝐷 and 𝑣3 is
ot dominated by any vertex in 𝐷. Therefore, 𝑔𝑎𝑖𝑛𝐷(𝑣𝑖) = 0 for 𝑖 = 1, 6
nd 𝑔𝑎𝑖𝑛𝐷(𝑣𝑖) = 1 for 𝑖 = 2, 3, 4, 5, and 𝑙𝑜𝑠𝑠𝐷(𝑣1) = 2, 𝑙𝑜𝑠𝑠𝐷(𝑣6) = 3, and
𝑜𝑠𝑠𝐷(𝑣𝑖) = 0 for 𝑖 = 2, 3, 4, 5. Here, the 𝑔𝑎𝑖𝑛 (and 𝑙𝑜𝑠𝑠) value for vertices
2, 𝑣3, 𝑣4 and 𝑣5 (𝑣1, 𝑣3, and 𝑣6) have changed when 𝑣3 is removed from
.

Algorithm 3: DmDS
Input: A graph 𝐺 = (𝑉 ,𝐸), the cutoff time
Output: A dominating set 𝐷∗ of 𝐺

1 𝐷 ← 𝐼𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛(𝐺);
2 while elapsed_time < cutoff do
3 if 𝐷 is feasible then
4 while there exists a vertex 𝑣 with 𝑙𝑜𝑠𝑠𝐷(𝑣) = 0 do
5 remove 𝑣 from 𝐷;

6 𝐷∗ ← 𝐷;
7 remove a vertex with minimum 𝑙𝑜𝑠𝑠𝐷 from 𝐷, breaking ties

by 𝑎𝑔𝑒 and 𝑓𝑟𝑒𝑞;
8 𝑢1 ← a random vertex in 𝐷;
9 𝐷 ← 𝐷 ⧵ {𝑢1}, 𝑟𝑚_𝑛𝑢𝑚 ← 2;

// (3, 2)-swap, else (2,1)-swap
10 if with probability 𝛼 then
11 𝑢2 ← a vertex in 𝐷 selected by BMS heuristic, breaking ties

by 𝑎𝑔𝑒 and 𝑓𝑟𝑒𝑞;
12 𝐷 ← 𝐷 ⧵ {𝑢2}, 𝑟𝑚_𝑛𝑢𝑚 ← 3;

13 𝑤1 ← a vertex in 𝑁[𝑈𝐷] with the greatest 𝑔𝑎𝑖𝑛𝐷, breaking ties by
𝑎𝑔𝑒 and 𝑓𝑟𝑒𝑞;

14 𝐷 ← 𝐷 ∪ {𝑤1};
15 if 𝑈𝐷 ≠ ∅ and 𝑟𝑚_𝑛𝑢𝑚 = 3 then
16 𝑤2 ← a vertex in 𝑁[𝑈𝐷] with the greatest 𝑔𝑎𝑖𝑛𝐷, breaking

ties by 𝑎𝑔𝑒 and 𝑓𝑟𝑒𝑞;
17 𝐷 ← 𝐷 ∪ {𝑤2};

18 return 𝐷∗;

3.4. Complexity analysis

In this section, we analyze the time complexity of DmDS. Given a
graph 𝐺 = (𝑉 ,𝐸) with |𝑉 | = 𝑛 and |𝐸| = 𝑚, we use an adjacency list to
represent 𝐺.

Lemma 1. Reduction Rules 1–3 run in 𝑂(𝑛) time.
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Proof. The procedure traverses all vertices once to verify the con-
ditions of the rules. The time complexity for determining whether a
vertex 𝑣 satisfies the conditions of Reduction Rules 1 and 2 is 𝑂(1). For

eduction Rule 3, computing the common neighbors of two neighbor-
ng vertices 𝑢 and 𝑣 each with degree 2 takes 𝑂(1) time. Furthermore,
he operation of adding a vertex to a set takes 𝑂(1) time. Therefore, the
verall time complexity of the procedure is 𝑂(𝑛).

Lemma 2. Algorithm 2 runs in 𝑂(𝑛 + 𝑚 log 𝑛) time.

Proof. We utilize two heaps for the 𝑔𝑎𝑖𝑛 and 𝑙𝑜𝑠𝑠, respectively, to
accelerate the initial solution generation, which can be constructed in
𝑂(𝑛) time. Note that selecting vertices with the maximum 𝑔𝑎𝑖𝑛 and 𝑙𝑜𝑠𝑠
values takes 𝑂(1) time. Updating 𝑔𝑎𝑖𝑛 and 𝑙𝑜𝑠𝑠 values when adding
a vertex to 𝐷 or removing a vertex 𝑣 from 𝐷 takes at worst 𝑂(𝑑(𝑣))
ime, and adjusting the heaps takes 𝑂(𝑑(𝑣) log 𝑛) time. Adjusting heaps

for every vertex 𝑣 is 𝑂(𝑚 log 𝑛) time. In addition, Reduction Rules 1–3
run in 𝑂(𝑛) time by Lemma 1, and deleting redundant vertices can be
done in 𝑂(𝑛) time. Therefore, the time complexity of Algorithm 2 is
𝑂(𝑛 + 𝑚 log 𝑛).

Theorem 1. DmDS (Algorithm 3) runs in 𝑂(𝑡𝑛+𝑚 log 𝑛) time, where 𝑡 is
the number of iterations of the while loop on lines 2–17.

Proof. First, by Lemma 2, initial solution generation takes 𝑂(𝑛+𝑚 log 𝑛)
time. Second, removing redundant vertices takes 𝑂(𝑛) time. Third,
removing a vertex with a minimum 𝑙𝑜𝑠𝑠 from 𝐷 requires traversing 𝐷,
taking 𝑂(𝑛) time; removing a vertex randomly from 𝐷, implementing
the BMS heuristic are 𝑂(1), and updating the gain and loss values takes
𝑂(𝛥) time. Note that each time a vertex is added to 𝐷, it has to examine
|𝑈𝐷| ≤ 𝑛 vertices, implying the adding operation takes 𝑂(𝑛) time. In
addition, in one round of iteration, at most three vertices are removed
from 𝐷 and at most two vertices are added to 𝐷. Therefore, the time
complexity of each iteration is 𝑂(𝑛), and DmDS runs in 𝑂(𝑡𝑛 + 𝑚 log 𝑛).

4. Experiments

We conduct experiments on an extensive collection of benchmark
instances to evaluate the performance of DmDS and existing state-
of-the-art MinDS algorithms. We first introduce the seven benchmark
datasets that we use, followed by a description of the experimental
setup. Then we report the experimental results, including the size
of the dominating sets obtained by the algorithms under identical
conditions, along with an assessment of their time to converge to a
final solution. Finally, an empirical evaluation of the parameters in the
DmDS algorithm is provided, followed by a detailed discussion of the
experimental results.

4.1. Benchmark datasets

We evaluate DmDS on seven benchmark datasets, which include
four standard benchmarks for MinDS and three benchmarks of large
sparse real-world graphs. All instances are processed as undirected
unweighted simple graphs.

UDG2: This dataset is widely used in the literature on the MinDS
problem [13,21,22,24,31,33]. Graphs in this dataset simulate wireless
sensor networks, in which each vertex is a center of a unit disk, with
edges between vertices whose corresponding disks overlap. This dataset
contains 12 families, and each family contains 10 instances that are unit
disk graphs with 50 to 1000 vertices.

T1/T22: These two datasets consist of 53 families with a total of
530 instances, where each family contains 10 instances of the same
size (from 50 to 1000).

2 https://github.com/yiyuanwang1988/MDSClassicalBenchmarks
5

i

BHOSLIB3: This dataset was translated from hard random SAT in-
stances, which have been widely used to test heuristic algorithms [34].
Instances in this dataset have between 760 and 4000 vertices.

SNAP4: This dataset is from the Stanford Large Network Dataset
Collection and was used by Cai et al. [13] to test MinDS algorithms.
We collect all instances they used in the dataset to evaluate DmDS; the
instances have between 7115 and 3,774,768 vertices.

DIMACS105: These are synthetic and real-world instances from the
0th DIMACS implementation challenge on graph partitioning and
raph clustering [35]. These instances are sparse graphs with between
2,963 and 18,483,186 vertices.

Network Repository6: This dataset is an interactive scientific net-
ork data repository [36], which contains a large number of graphs
f various categories and has been widely used for different graph
roblems [13,14,32]. The instances we consider have between 70 and
8,790,782 vertices.

.2. Experimental setup

All algorithms have been implemented in C++ and were compiled
sing gcc 7.1.0 using the ‘-O3’ optimization flag. All experiments are
un under CentOS Linux 7.6.1810 with an Intel(R) Xeon(R) Gold 6254
PU running at 3.10 GHz and 128 GB RAM. The parameters of FastDS
re set to the same as those used by its original authors [13], and the
arameter 𝛼 of DmDS is set to 0.5. We experiment with different values
f 𝛼 in Section 4.3.3. Regarding the parameter 𝑡 in the BMS heuristic,
e follow the authors’ suggestion (near 50) and set 𝑡 randomly in the

ange of 45 to 55.
We compare DmDS against two state-of-the-art heuristic MinDS

lgorithms, ScBppw [25], FastDS [13], and one exact MinDS algorithm,
MOS [29]. ScBppw is designed to solve large graphs for MinDS, which
ombines a tabu strategy called score checking with best-picking with
robabilistic walk and can obtain smaller solutions than FastMWDS
proposed by Wang et al. [28] in 2018) on many large graphs. FastDS
ses a two-goal local search framework together with inference rules
hat reduce the input graph, and is the best-performing heuristic al-
orithm at present. Both of the above algorithms are local search
lgorithms. EMOS introduces an independent set (IS)-based approach to
etermine a lower bound on the domination number, which is used for
runing during branch-and-bound. The code for ScBppw7 and EMOS8

s available online, and the code of FastDS was kindly provided by its
uthors.

We run ScBppw, FastDS, and DmDS 10 times on each instance with
andom seeds 1, 2, 3, …, 10; EMOS is run one time on each instance;
ach run is made on its own dedicated core of the CPU. The cutoff
ime is set to 1000 s. For each instance (excluding UDG and T1/T2
enchmark datasets), we report the best size (Min.) and the average
ize (Avg.) of the solutions found by ScBppw, FastDS, and DmDS over
he 10 runs, and report only the best size (Min.) of the solutions found
y EMOS within the time limit.9 For the UDG and T1/T2 benchmarks,
e follow the method by Cai et al. [13] and report the average 𝐷𝑚𝑖𝑛 of

the smallest solutions over all instances in a family.

3 http://www.nlsde.buaa.edu.cn/~kexu/benchmarks/graph-benchmarks.
tm

4 https://snap.stanford.edu/data/
5 https://www.cc.gatech.edu/dimacs10/downloads.shtml
6 https://networkrepository.com
7 https://github.com/Fan-Yi
8 https://github.com/huajiang-ynu/ijcai23-mds/
9 We briefly note that because EMOS is an exact algorithm, in most cases
t does not finish within the 1000-second time limit.

https://github.com/yiyuanwang1988/MDSClassicalBenchmarks
http://www.nlsde.buaa.edu.cn/~kexu/benchmarks/graph-benchmarks.htm
http://www.nlsde.buaa.edu.cn/~kexu/benchmarks/graph-benchmarks.htm
https://snap.stanford.edu/data/
https://www.cc.gatech.edu/dimacs10/downloads.shtml
https://networkrepository.com
https://github.com/Fan-Yi
https://github.com/huajiang-ynu/ijcai23-mds/
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Table 1
Summarizing the number of instances where an algorithm’s solution is smaller than
the solution of all other algorithms.

Benchmark DmDS FastDS ScBppw EMOS

UDG 1 0 0 0
T1/T2 7 1 0 2
BHOSLIB 0 1 0 0
SNAP 5 3 0 0
DIMACS10 12 5 0 0
Network Repository 94 16 2 0

Total 119 26 2 2

Table 2
Experimental results on UDG.

Instance DmDS FastDS ScBppw EMOS
Family 𝐷𝑚𝑖𝑛 𝐷𝑚𝑖𝑛 𝐷𝑚𝑖𝑛 𝐷𝑚𝑖𝑛

V50U150 12.9 12.9 12.9 12.9
V50U200 9.4 9.4 9.4 9.4
V100U150 17.0 17.0 17.3 17.0
V100U200 10.4 10.4 10.6 10.4
V250U150 18.0 18.0 19.0 20.2
V250U200 10.8 10.8 11.5 10.8
V500U150 18.5 18.5 20.1 25.9
V500U200 11.2 11.2 12.4 15.3
V800U150 19.0 19.0 20.9 27.2
V800U200 11.7 11.8 12.6 15.8
V1000U150 19.1 19.1 21.3 27.4
V1000U200 12.0 12.0 13.0 16.8

4.3. Experimental results

We report and discuss the experimental results from running
ScBppw, FastDS, EMOS, and DmDS on all benchmark datasets. We first
summarize the quality of the solutions computed by each algorithm.
Table 1 gives a concise report on the competitive superiority of DmDS
and the other three algorithms on different benchmarks. Specifically,
it shows the number of instances on which an algorithm exclusively
finds a smallest dominating set; that is, its solution is smaller than the
solutions of all other algorithms. As can be seen from Table 1, DmDS
6

significantly outperforms the other three algorithms on all benchmarks
except BHOSLIB.

4.3.1. Comparison of solution quality
The results on UDG, T1/T2, BHOSLIB, SNAP, DIMACS10, and Net-

work Repository benchmarks are reported in Tables 2, 3, 4, 6, and
7, respectively (Tables 6 and 7 are in Appendix). We mark the best
solution found by all algorithms in bold. Regarding UDG and T1/T2
benchmarks in Tables 2 and 3, we follow Cai et al. [13] and report
the average best solution for each family. It can be seen that DmDS
has the best performance in terms of the ‘‘Min.’’ values, FastDS has
performance similar to DmDS in the ‘‘Avg.’’ values, and ScBppw and
EMOS perform worse than DmDS and FastDS. We now provide a more
detailed discussion of the results.

Regarding standard benchmarks, the DmDS, FastDS, ScBppw, and
EMOS algorithms obtain the best solutions on 12 (all), 11, two, and
five families in the UDG benchmark, respectively; on 50 (out of 53),
43, nine, and 12 families in the T1/T2 benchmark, respectively; and
on 30, 31 (all), zero, and zero instances in the BHOSLIB benchmark,
respectively. In addition, DmDS obtains the best ‘‘Avg.’’ value on 21
(out of 31) BHOSLIB instances, outperforming other algorithms. These
results indicate that DmDS outperforms the other three algorithms on
the standard benchmarks, though FastDS obtains a slightly smaller
dominating set than DmDS on one BHOSLIB instance.

Regarding large real-world sparse graphs, the DmDS,
FastDS, ScBppw, and EMOS algorithms obtain the best solutions re-
spectively on 19 (out of 22), 17, 11, and seven instances in the SNAP
benchmark, respectively on 22 (out of 27), 15, two, and one instance(s)
in the DIMACS10 benchmark, and respectively on 219 (out of 237),
141, 81, and 46 instances in the Network Repository benchmark. In
particular, DmDS obtains a smaller dominating set than other three al-
gorithms on five SNAP benchmark instances, 12 DIMACS10 benchmark
instances, and 94 Network Repository benchmark instances; FastDS
obtains a smaller dominating set than other three algorithms on three
SNAP benchmark instances, five DIMACS10 benchmark instances, and
16 Network Repository benchmark instances; ScBppw obtains a smaller
dominating set than other three algorithms only on two Network Repos-
itory benchmark instances; and EMOS obtains a smaller dominating set
Table 3
Experimental results on T1/T2.
Instance DmDS FastDS ScBppw EMOS Instance DmDS FastDS ScBppw EMOS
Family 𝐷𝑚𝑖𝑛 𝐷𝑚𝑖𝑛 𝐷𝑚𝑖𝑛 𝐷𝑚𝑖𝑛 Family 𝐷𝑚𝑖𝑛 𝐷𝑚𝑖𝑛 𝐷𝑚𝑖𝑛 𝐷𝑚𝑖𝑛

V50E50 17.0 17.0 17.0 17.0 V250E1000 36.0 36.0 36.6 41.8
V50E100 11.9 11.9 12.0 11.9 V250E2000 21.6 21.8 22.4 24.6
V50E250 6.0 6.0 6.0 6.0 V250E3000 16.1 16.2 16.6 18.0
V50E500 3.9 3.9 3.9 3.8 V250E5000 11.0 11.0 11.5 12.7
V50E750 3.0 3.0 3.0 2.4 V300E300 100.0 100.0 100.1 119.9
V100E100 33.6 33.6 33.6 33.6 V300E500 77.7 77.7 78.4 89.2
V100E250 19.9 19.9 20.1 19.9 V300E750 59.6 59.6 60.0 68.9
V100E500 12.2 12.2 12.5 12.2 V300E1000 48.6 48.6 49.5 57.1
V100E750 9.0 9.1 9.5 9.0 V300E2000 29.4 29.4 30.6 33.8
V100E1000 7.5 7.5 7.8 7.5 V300E3000 22.2 22.2 22.9 24.9
V100E2000 4.1 4.1 4.3 4.1 V300E5000 15.3 15.5 15.9 16.8
V150E150 50.0 50.0 50.0 50.0 V500E500 167.0 167.0 167.0 200.7
V150E250 39.1 39.1 39.3 42.3 V500E1000 114.7 114.7 116.3 132.5
V150E500 24.6 24.6 24.9 28.7 V500E2000 71.2 71.2 72.9 83.5
V150E750 18.3 18.3 18.8 20.7 V500E5000 37.0 37.0 38.7 42.3
V150E1000 15.0 15.0 15.4 17.1 V500E10000 22.6 22.7 23.3 24.8
V150E2000 9.0 9.0 9.5 10.0 V800E0 267.0 267.0 267.0 320.6
V150E3000 6.9 6.9 6.9 7.0 V800E1000 242.5 242.5 246.5 280.5
V200E250 61.1 61.1 61.7 70.3 V800E2000 158.3 158.3 162.1 185.8
V200E500 39.6 39.6 40.0 46.0 V800E5000 82.7 82.7 86.3 95.4
V200E750 30.0 30.0 30.4 34.8 V800E10000 50.7 50.8 53.1 56.4
V200E1000 24.4 24.4 25.0 27.8 V1000E1000 333.7 333.7 333.7 399.1
V200E2000 15.0 15.0 15.3 16.7 V1000E5000 121.1 121.1 126.0 141.8
V200E3000 11.0 11.0 11.3 12.3 V1000E10000 74.3 74.2 77.6 84.0
V250E250 83.3 83.3 83.3 99.6 V1000E15000 55.8 55.9 58.2 61.0
V250E500 57.8 57.8 58.1 67.0 V1000E20000 45.7 45.8 47.4 49.5
V250E750 44.0 44.0 44.9 51.7
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Table 4
Experimental results on BHOSLIB.

Instance DmDS FastDS ScBppw EMOS

Name |𝑉 | |𝐸| Avg. Min. Avg. Min. Avg. Min. Min.

frb40-19-1 760 41,314 14.0 14 14.1 14 15.8 15 17
frb40-19-2 760 41,263 14.3 14 14.4 14 16.5 16 17
frb40-19-3 760 41,095 15.0 15 15.0 15 16.5 16 17
frb40-19-4 760 41,605 14.3 14 14.5 14 16.2 15 17
frb40-19-5 760 41,619 14.2 14 14.2 14 15.2 15 16
frb45-21-1 945 59,186 16.2 16 16.3 16 18.0 17 18
frb45-21-2 945 58,624 16.2 16 16.5 16 18.1 18 19
frb45-21-3 945 58,245 16.1 16 16.0 16 17.8 17 18
frb45-21-4 945 58,549 16.2 16 16.2 16 18.0 17 19
frb45-21-5 945 58,579 16.0 16 16.2 16 18.2 18 19
frb50-23-1 1,150 80,072 18.1 18 18.1 18 19.9 19 20
frb50-23-2 1,150 80,851 18.0 18 18.2 18 19.8 19 21
frb50-23-3 1,150 81,068 18.1 18 18.1 18 20.0 20 21
frb50-23-4 1,150 80,258 18.2 18 18.0 18 20.0 19 20
frb50-23-5 1,150 80,035 18.1 18 18.2 18 19.9 19 21
frb53-24-1 1,272 94,227 19.0 19 19.0 19 21.1 21 22
frb53-24-2 1,272 94,289 19.4 19 19.2 19 21.2 21 22
frb53-24-3 1,272 94,127 19.0 19 19.0 19 20.4 20 21
frb53-24-4 1,272 94,308 18.6 18 18.4 18 20.2 19 21
frb53-24-5 1,272 94,226 19.0 19 19.2 19 21.5 20 23
frb56-25-1 1,400 109,676 20.0 20 20.1 20 22.2 21 23
frb56-25-2 1,400 109,401 20.1 20 20.2 20 22.5 21 22
frb56-25-3 1,400 109,379 20.1 20 20.1 20 22.2 21 23
frb56-25-4 1,400 110,038 20.1 20 20.2 20 22.5 22 23
frb56-25-5 1,400 109,601 19.9 19 19.9 19 21.8 21 22
frb59-26-1 1,534 126,555 20.8 20 20.7 20 22.6 22 23
frb59-26-2 1,534 126,163 21.0 21 20.8 20 22.6 22 23
frb59-26-3 1,534 126,082 21.2 21 21.0 21 23.1 23 24
frb59-26-4 1,534 127,011 21.3 21 21.1 21 23.6 23 23
frb59-26-5 1,534 125,982 21.3 21 21.2 21 24.0 23 25
frb100–40 4,000 572,774 36.4 36 36.3 36 40.1 39 40

Table 5
Averaged convergence time on three standard benchmarks.

Benchmark DmDS FastDS ScBppw EMOS

UDG 0.199 s 4.061 s 0.002 s 3.915 s
T1/T2 4.508 s 4.591 s 0.001 s 5.453 s
BHOSLIB 38.236 s 51.112 s 0.003 s 0.418 s

than other three algorithms only on two T1/T2 benchmark instances.
Note that there are 78 brain network instances in Network Repository
benchmark with vertex counts ranging from 300,000 to 1,000,000.
Excluding these instances, DmDS, FastDS, ScBppw, and EMOS each
compute a smaller dominating set than the other three algorithms
on 25, 12, two, and zero Network Repository instances, respectively.
Regarding the ‘‘Avg.’’ value, DmDS obtains the best solutions on 17 (out
of 22) SNAP instances, 19 (out of 27) DIMACS10 instances, and 214
(out of 237) Network Repository instances, which outperforms ScBppw,
EMOS, and FastDS except for SNAP benchmark (FastDS obtains the best
solutions on 18 SNAP instances). These results suggest that the DmDS
algorithm significantly outperforms the other three algorithms on large
sparse real-world benchmarks.

4.3.2. Comparison of convergence time
We now compare the convergence time – the time an algorithm takes

to compute its final solution on an instance – for each algorithm. Note
that since EMOS is an exact algorithm with a higher time complexity
compared to heuristics, it cannot obtain the optimal solution within
the time limit on most instances. Regarding the standard benchmarks,
since the instances are small, all four algorithms converge quickly to
their final solutions. Here we report the averaged convergence time of
the four algorithms on these benchmarks. See Table 5 for the results:
while ScBppw has the shortest convergence time (due to the lack of
further improvement after the solution is obtained), DmDS has a faster
7

convergence time than FastDS.
Fig. 2. Results of parameter tuning for 𝛼 in DmDS.

Table 8 (see Appendix) reports the convergence time of the four
algorithms running on large sparse real-world instances such that at
least two algorithms obtain the smallest ‘‘Min.’’ value (in total 149
instances). For each of such instances, the shortest convergence time
among the four algorithms is highlighted in bold, and we use the
notation ‘‘-’’ to indicate that the corresponding algorithm did not find
a best solution (the smallest ‘‘Min.’’ value). In addition, a running time
less than 10−4 is reported as 0. As shown in the table, DmDS converges
faster than the other three algorithms on 57 instances, while FastDS,
ScBppw, and EMOS have this advantage on 46, 72, and 16 instances,
respectively. These results indicate that in terms of the convergence
time, ScBppw performs better than DmDS, and DmDS performs better
than FastDS and EMOS. Note that ScBppw and EMOS do not find the
best solution on 57 and 95 instances (out of 149), respectively, and
both DmDS and FastDS can find a best solution on the 149 instances.
This indicates that DmDS is superior to the other three algorithms on
these instances.

4.3.3. Parameter tuning
We conduct an experiment to tune the parameter 𝛼 in DmDS (Algo-

rithm 3). Specifically, we select four instances from each of the SNAP,
DIMACS10, and Network Repository benchmarks as representatives, in
total 12 instances with vertex counts from 105 to 107. We measure the
performance of DmDS on the 11 distinct values of 𝛼 in {0, 0.1, 0.2, 0.3,
0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}, and follow the experimental setup from
Section 4.2. We run DmDS with a fixed value of 𝛼 and 10 random seeds,
and report the best solution. Fig. 2 shows the experimental results,
where the 𝑥-axis represents values of 𝛼, and the 𝑦-axis represents
instances. When DmDS finds the smallest dominating set on instance
𝐴 using value 𝛼 = 𝑎, we plot a marker at coordinate (𝑎, 𝐴). It can be
seen from Fig. 2 that when 𝛼 = 0.5 DmDS finds a best solution on seven
instances, and that this is the largest number of instances DmDS solves
from this experiment. Therefore, we select 𝛼 = 0.5 for DmDS. Note that
when 𝛼 = 0.1 and 𝛼 = 1.0, each iteration of DmDS is fixed to implement
a (2, 1)-swap and (3, 2)-swap, respectively.

4.3.4. Initial solutions
Table 9 (see Appendix) reports the size of initial solutions of

large sparse real-world benchmark instances obtained by GreedyCon-
structDS() and PerturbedConstructDS(), and the running time con-
structing the initial solutions. Note that only the instances for which
the two solutions obtained by the two algorithms have different sizes
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Table 6
Experimental results on SNAP and DIMACS10.

Instance Properties DmDS FastDS ScBppw EMOS

Name |𝑉 | |𝐸| Avg. Min. Avg. Min. Avg. Min. Min.

Wiki-Vote 7,115 100,762 1,116.0 1,116 1,116.0 1,116 1,116.0 1,116 1,116
p2p-Gnutella04 10,876 39,994 2,227.0 2,227 2,227.0 2,227 2,227.0 2,227 2,245
p2p-Gnutella25 22,687 54,705 4,519.0 4,519 4,519.0 4,519 4,519.0 4,519 4,522
cit-HepTh 22,908 2,444,798 1,011.0 1,011 1,011.0 1,011 1,019.6 1,018 1,066
p2p-Gnutella24 26,518 65,369 5,418.0 5,418 5,418.0 5,418 5,418.0 5,418 5,418
cit-HepPh 28,093 3,148,447 894.0 894 894.0 894 907.0 905 972
p2p-Gnutella30 36,682 88,328 7,169.0 7,169 7,169.0 7,169 7,169.3 7,169 7,169
p2p-Gnutella31 62,586 147,892 12,582.0 12,582 12,582.0 12,582 12,582.0 12,582 12,582
soc-Epinions1 75,879 405,740 15,734.0 15,734 15,734.0 15,734 15,734.0 15,734 15,734
soc-Slashdot0811 77,360 469,180 14,312.0 14,312 14,312.0 14,312 14,312.0 14,312 14,316
soc-Slashdot0902 82,168 504,230 15,305.0 15,305 15,305.0 15,305 15,305.0 15,305 15,313
amazon0302 262,111 899,792 35,599.7 35,593 35,597.2 35,587 36,210.7 36,178 38,305
email-EuAll 265,009 364,481 17,976.0 17,976 17,976.0 17,976 17,976.0 17,976 17,976
web-Stanford 281,903 1,992,636 13,199.2 13,197 13,198.3 13,197 13,320.9 13,312 14,067
web-NotreDame 325,729 1,090,108 23,733.8 23,733 23,735.0 23,735 23,747.1 23,745 23,772
amazon0312 400,727 2,349,869 45,488.3 45,480 45,490.2 45,487 45,936.4 45,908 48,262
amazon0601 403,394 2,443,408 42,289.9 42,283 42,287.8 42,284 42,730.3 42,708 45,208
amazon0505 410,236 2,439,437 47,314.9 47,309 47,315.4 47,310 47,743.9 47,718 50,121
web-BerkStan 685,230 6,649,470 28,438.8 28,438 28,435.1 28,434 28,623.6 28,603 29,611
web-Google 875,713 4,322,051 79,699.0 79,699 79,698.0 79,698 79,758.7 79,751 80,073
wiki-Talk 2,394,385 4,659,565 36,960.0 36,960 36,960.0 36,960 36,960.0 36,960 36,960
cit-Patents 3,774,768 16,518,947 621,661.4 621,644 621,736.2 621,705 623,185.8 623,121 643,409

as-22july06 22,963 48,436 2,026.0 2,026 2,026.0 2,026 2,026.0 2,026 2,026
cond-mat-2005 39,577 175,693 5,664.0 5,664 5,664.0 5,664 5,690.9 5,686 5,710
kron_g500-logn16 55,321 2,456,071 3,885.0 3,885 3,885.0 3,885 3,885.0 3,885 3,888
luxembourg_os 114,599 119,666 37,753.2 37,751 37,751.5 37,751 38,444.8 38,421 39,460
rgg_n_2_17_s0 131,070 728,753 12,319.3 12,317 12,332.7 12,329 13,848.9 13,827 15,298
wave 156,317 1,059,331 11,681.6 11,654 11,646.3 11,609 13,927.0 13,887 14,780
caidaRouterLevel 192,244 609,066 40,523.0 40,523 40,523.0 40,523 40,580.4 40,573 41,035
coAuthorsCiteseer 227,320 814,134 33,197.0 33,197 33,197.0 33,197 33,358.1 33,343 33,267
citationCiteseer 268,495 1,156,647 43,412.0 43,412 43,412.0 43,412 43,434.3 43,430 44,022
coAuthorsDBLP 299,067 977,676 43,978.0 43,978 43,978.0 43,978 44,094.9 44,084 44,088
cnr-2000 325,557 2,738,969 22,010.4 22,010 22,011.2 22,010 22,030.9 22,027 22,100
coPapersCiteseer 434,102 16,036,720 26,082.0 26,082 26,082.0 26,082 27,008.0 26,989 26,961
rgg_n_2_19_s0 524,284 3,269,766 44,397.1 44,378 44,413.6 44,404 50,420.2 50,368 55,555
coPapersDBLP 540,486 15,245,729 35,596.7 35,595 35,598.7 35,597 37,090.3 37,060 37,439
eu-2005 862,664 16,138,468 32,287.8 32,281 32,288.4 32,284 32,325.2 32,316 32,456
audikw_1 943,695 38,354,076 9,486.2 9,469 9,467.3 9,459 10,568.5 10,534 11,375
ldoor 952,203 22,785,136 19,725.2 19,710 19,724.4 19,717 21,546.4 21,527 24,079
ecology1 1,000,000 1,998,000 202,057.3 201,491 201,664.9 201,505 238,250.4 238,052 250,334
rgg_n_2_20_s0 1,048,575 6,891,620 84,690.6 84,665 84,708.7 84,693 96,675.2 96,556 106,499
in-2004 1,382,867 13,591,473 77,781.9 77,781 77,787.0 77,786 77,861.6 77,850 77,990
belgium_osm 1,441,295 1,549,970 468,925.8 468,909 468,854.8 468,846 476,811.0 476,674 496,735
rgg_n_2_21_s0 2,097,148 14,487,995 162,242.7 162,170 162,303.2 162,273 185,435.2 185,346 204,017
rgg_n_2_22_s0 4,194,301 30,359,198 312,553.2 312,471 312,886.3 312,621 356,871.8 356,750 392,443
cage15 5,154,859 47,022,346 457,967.5 457,686 456,650.6 456,524 476,883.6 476,574 500,135
rgg_n_2_23_s0 8,388,607 63,501,393 608,116.9 607,682 609,133.6 608,149 687,953.9 687,850 755,935
rgg_n_2_24_s0 16,777,215 132,557,200 1,217,145.7 1,209,519 1,207,476.8 1,205,162 1,328,143.5 1,327,935 1,458,184
uk-2002 18,483,186 261,787,258 1,038,649.7 1,038,641 1,038,674.3 1,038,662 1,040,090.5 1,040,064 1,044,567
are reported, in total 213 instances. From the data in the table, we
can see that the GreedyConstructDS() and the PerturbedConstructDS()
have similar performance, obtaining better initial solutions than the
other approach on 99 and 114 instances, respectively. In addition, the
running time of these two algorithms is very close. This provides us
with a method of improving the quality of the initial solution, that is,
constructing two solutions by the two algorithms and selecting a better
one as the initial solution.

4.3.5. Discussion
We briefly discuss our observations, which attempt to explain the

strong performance of DmDS. First, DmDS can find a variety of solu-
tions with different sizes within the 1000-second time limit, due in
part to the intrinsic mechanism of local search. However, we have
found that using a single search strategy may lead local search to
become trapped in a local optimum, which may reduce the efficiency of
solution improvement. DmDS integrates two distinct search strategies
(i.e., (2, 1)-swaps and (3, 2)-swaps) and conducts tiny perturbations in
the process of searching solutions, by which the diversity of solutions
is enhanced and the issue of local optima is also weakened. Next, we
8

observe that a strict tabu strategy restricts the search space, which also
reduces the rate of improving a solution. Therefore, DmDS does not
use tabu strategies — all vertices have an opportunity to be searched.
The above analysis may explain why DmDS performs so well on the
benchmark instances.

5. Conclusion

We proposed an efficient local search algorithm for the MinDS
problem named DmDS. DmDS introduces a dual-mode local search
framework in the search phase, computes an improved initial solution
based on a greedy strategy and a perturbation mechanism, and intro-
duces a new criterion for vertex selection. The experimental results
show that DmDS significantly outperforms other state-of-the-art MinDS
algorithms on seven benchmark datasets, consisting of 382 instances
(or families). In the future, we would like to apply the three proposed
techniques to solve other intractable graph problems, such as the
minimum vertex cover.
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Table 7
Experimental results on Network Repository.

Instance Properties DmDS FastDS ScBppw EMOS

Name |𝑉 | |𝐸| Avg. Min. Avg. Min. Avg. Min. Min.

soc-highschool-moreno 70 274 11.0 11 11.0 11 11.0 11 11
reptilia-tortoise-network-cs 73 132 21.0 21 21.0 21 21.0 21 21
ENZYMES8 88 133 25.0 25 25.0 25 25.7 25 25
ENZYMES123 90 127 26.0 26 26.0 26 26.1 26 26
ENZYMES118 95 121 29.0 29 29.0 29 30.0 30 29
ENZYMES297 121 149 37.0 37 37.0 37 38.0 38 37
ENZYMES295 123 139 41.0 41 41.0 41 41.4 41 41
ENZYMES296 125 141 40.0 40 40.0 40 41.2 40 40
reptilia-tortoise-network-bsv 136 374 34.0 34 34.0 34 34.8 34 34
ia-enron-employees 150 1,526 9.0 9 9.0 9 9.0 9 9
soc-student-coop 185 311 48.0 48 48.0 48 48.6 48 48
soc-ANU-residence 217 1,839 17.0 17 17.0 17 17.7 17 20
bio-celegans 453 2,025 29.0 29 29.0 29 29.0 29 29
bio-celegans-dir 453 2,025 29.0 29 29.0 29 29.4 29 29
fb-pages-food 620 2,091 118.0 118 118.0 118 118.0 118 118
bio-SC-TS 636 3,959 124.0 124 124.0 124 124.0 124 125
bio-DM-LC 658 1,129 163.0 163 163.0 163 163.0 163 163
socfb-Caltech36 769 16,656 62.0 62 62.0 62 62.0 62 62
BA-1_10_60-L5 804 46,410 3.0 3 3.0 3 3.0 3 3
ia-crime-moreno 829 1,473 211.0 211 211.0 211 211.0 211 211
bio-CE-GT 924 3,239 126.0 126 126.0 126 126.8 126 126
gene 1,103 1,672 315.0 315 315.0 315 315.3 315 315
mammalia-voles-plj-trapping 1,263 3,380 280.0 280 280.0 280 281.5 280 280
bio-yeast 1,458 1,948 353.0 353 353.0 353 353.0 353 353
bio-yeast-protein-inter 1,846 2,203 514.0 514 514.0 514 514.0 514 514
bio-CE-PG 1,871 47,754 180.0 180 180.0 180 181.0 181 182
fb-messages 1,899 13,838 276.0 276 276.0 276 276.0 276 276
bio-grid-fission-yeast 2,026 12,637 280.0 280 280.0 280 280.0 280 280
tech-routers-rf 2,113 6,632 479.0 479 479.0 479 479.0 479 479
bio-CE-GN 2,220 53,683 195.0 195 195.0 195 195.7 195 202
bio-HS-HT 2,570 13,691 456.0 456 456.0 456 456.6 456 460
bio-CE-HT 2,617 2,985 690.0 690 690.0 690 690.0 690 690
bio-DM-HT 2,989 4,660 734.0 734 734.0 734 734.4 734 739
bio-DR-CX 3,289 84,940 310.0 310 310.0 310 311.2 310 344
bio-grid-worm 3,507 6,531 578.0 578 578.0 578 578.0 578 578
bio-DM-CX 4,040 76,717 513.0 513 513.0 513 513.5 513 540
ca-GrQc 4,158 13,422 776.0 776 776.0 776 778.4 776 776
bio-HS-LC 4,227 39,484 380.0 380 380.0 380 380.0 380 382
web-EPA 4,271 8,909 262.0 262 262.0 262 262.0 262 262
bio-HS-CX 4,413 108,818 495.0 495 495.0 495 495.0 495 516
web-spam 4,767 37,375 831.0 831 831.0 831 831.0 831 831
ca-Erdos992 5,094 7,515 440.0 440 440.0 440 440.0 440 440
soc-advogato 5,167 39,432 808.0 808 808.0 808 808.0 808 808
bio-grid-yeast 6,008 156,945 286.0 286 286.0 286 286.0 286 305
soc-wiki-elec 7,115 100,753 1,116.0 1,116 1,116.0 1,116 1,116.0 1,116 1,116
bio-grid-fruitfly 7,274 24,894 1,522.0 1,522 1,522.0 1,522 1,522.0 1,522 1,522
bio-dmela 7,393 25,569 1,453.0 1,453 1,453.0 1,453 1,453.0 1,453 1,454
rec-movielens-user-movies-10 m 7,601 55,384 341.0 341 341.0 341 341.0 341 341
bio-grid-human 9,436 31,182 1,785.0 1,785 1,785.0 1,785 1,785.0 1,785 1,790
tech-pgp 10,680 24,316 2,711.0 2,711 2,711.0 2,711 2,711.3 2,711 2,712
Oregon-1 11,174 23,409 992.0 992 992.0 992 992.0 992 992
Oregon-2 11,461 32,730 961.0 961 961.0 961 961.0 961 961
skirt 12,595 91,961 909.0 909 909.0 909 1,121.9 1,111 1,014
cbuckle 13,681 331,417 290.8 290 291.8 291 368.7 363 326
cyl6 13,681 350,280 241.0 241 241.0 241 308.0 301 241
bio-human-gene2 14,022 9,027,024 392.0 392 392.0 392 392.6 392 426
case9 14,453 72,171 2,403.0 2,403 2,403.0 2,403 2,403.0 2,403 3,591
bio-CE-CX 15,229 245,952 2,549.0 2,549 2,549.0 2,549 2,552.7 2,552 2,704
Dubcova1 16,129 118,440 1,024.0 1,024 1,024.0 1,024 1,183.2 1,175 1,351
olafu 16,146 499,505 285.0 285 285.0 285 364.1 349 371
bio-WormNet-v3 16,347 762,822 2,072.4 2,072 2,072.1 2,072 2,075.8 2,073 2,202
rec-movielens-tag-movies-10 m 16,528 71,067 2,992.0 2,992 2,992.0 2,992 2,992.0 2,992 2,995
ca-AstroPh 17,903 196,972 2,055.0 2,055 2,055.0 2,055 2,073.0 2,068 2,111
soc-political-retweet 18,470 48,053 3,277.0 3,277 3,277.0 3,277 3,277.0 3,277 3,277
raefsky4 19,779 654,416 322.0 322 322.0 322 404.1 393 374
raefsky3 21,200 733,784 300.0 300 300.0 300 375.4 369 308
ca-CondMat 21,363 91,286 2,990.0 2,990 2,990.0 2,990 3,011.9 3,008 3,035
bio-human-gene1 21,890 12,323,680 825.3 825 825.8 825 827.1 826 884
rgg_n_2_15_s0 32,766 160,240 3,473.4 3,472 3,475.8 3,475 3,857.2 3,838 4,258
bio-pdb1HYS 36,417 2,154,174 413.5 412 422.5 421 501.2 497 559
c-62ghs 41,731 258,806 15,161.0 15,161 15,161.0 15,161 15,248.2 15,240 15,200

(continued on next page)
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Table 7 (continued).
bio-mouse-gene 43,126 14,461,095 2,713.6 2,713 2,713.2 2,713 2,715.9 2,714 2,859
c-66b 49,989 224,509 21,183.0 21,183 21,183.0 21,183 21,224.8 21,220 21,205
sc-nasasrb 54,870 1,311,227 1,044.6 1,044 1,045.0 1,045 1,385.7 1,374 1,102
Dubcova2 65,025 482,600 4,096.0 4,096 4,096.1 4,096 4,709.8 4,698 5,373
rgg_n_2_16_s0 65,532 342,127 6,536.7 6,535 6,543.5 6,539 7,287.3 7,270 8,033
sc-pkustk11 87,804 2,565,054 2,260.0 2,260 2,260.3 2,260 2,367.6 2,361 2,591
soc-BlogCatalog 88,784 2,093,195 4,894.0 4,894 4,894.0 4,894 4,894.0 4,894 4,894
sc-pkustk13 94,893 3,260,967 1,223.2 1,222 1,223.8 1,222 1,462.3 1,449 1,468
soc-buzznet 101,163 2,763,066 127.0 127 127.0 127 127.0 127 133
soc-LiveMocha 104,103 2,193,083 1,424.0 1,424 1,424.0 1,424 1,424.0 1,424 1,464
kron_g500-logn17 107,909 5,113,985 7,468.0 7,468 7,468.0 7,468 7,468.0 7,468 7,469
web-uk-2005 129,632 11,744,049 1,421.0 1,421 1,421.0 1,421 1,421.0 1,421 1,421
sc-shipsec1 140,385 1,707,759 7,668.9 7,664 7,666.3 7,660 8,805.2 8,788 9,341
Dubcova3 146,689 1,744,980 4,096.0 4,096 4,097.0 4,096 4,725.8 4,707 5,201
soc-douban 154,908 327,162 8,364.0 8,364 8,364.0 8,364 8,364.0 8,364 8,364
web-arabic-2005 163,598 1,747,269 16,901.5 16,901 16,901.7 16,901 16,908.2 16,904 17,012
rec-dating 168,791 17,351,416 11,734.0 11,734 11,734.3 11,734 11,736.4 11,735 11,745
sc-shipsec5 179,104 2,200,076 10,310.9 10,299 10,303.3 10,296 11,879.1 11,854 12,608
soc-academia 200,169 1,022,441 28,325.0 28,325 28,325.0 28,325 28,332.1 28,329 28,659
kron_g500-logn18 210,155 10,582,686 14,268.0 14,268 14,268.0 14,268 14,268.0 14,268 14,271
sc-pwtk 217,891 5,653,221 4,198.0 4,196 4,202.1 4,201 5,520.1 5,490 4,637
rec-libimseti-dir 220,970 17,233,144 12,954.8 12,954 12,954.8 12,954 12,956.1 12,954 12,995
rgg_n_2_18_s0 262,141 1,547,283 23,354.0 23,349 23,374.1 23,367 26,427.0 26,407 29,117
ca-dblp-2012 317,080 1,049,866 46,138.0 46,138 46,138.0 46,138 46,264.6 46,254 46,249
bn-human-Jung2015_M87119044 317,252 65,582,968 6,964.8 6,961 6,964.5 6,962 7,492.0 7,481 7,895
bn-human-Jung2015_M87116523 329,521 77,777,027 6,589.4 6,586 6,591.2 6,590 7,117.0 7,104 7,510
ca-MathSciNet 332,689 820,644 65,572.0 65,572 65,572.0 65,572 65,597.2 65,592 65,650
sc-msdoor 404,785 9,378,650 8,604.3 8,600 8,605.4 8,596 10,317.0 10,282 10,583
kron_g500-logn19 409,175 21,780,787 27,748.0 27,748 27,748.0 27,748 27,748.0 27,748 –
soc-dogster 426,816 8,543,549 26,249.0 26,249 26,249.0 26,249 26,252.5 26,251 26,409
bn-human-Jung2015_M87118347 428,842 79,114,771 7,861.5 7,855 7,861.3 7,855 8,580.9 8,547 9,063
soc-twitter-higgs 456,631 12,508,442 14,689.5 14,689 14,689.5 14,689 14,690.5 14,689 15,076
soc-youtube 495,957 1,936,748 89,732.0 89,732 89,732.0 89,732 89,734.9 89,733 89,792
web-it-2004 509,338 7,178,413 32,997.0 32,997 32,997.0 32,997 32,999.4 32,998 33,000
soc-flickr 513,969 3,190,452 98,062.0 98,062 98,062.0 98,062 98,064.5 98,063 98,096
soc-delicious 536,108 1,365,961 55,722.0 55,722 55,722.0 55,722 55,728.3 55,726 55,758
ca-coauthors-dblp 540,486 15,245,729 35,597.4 35,596 35,598.2 35,597 37,092.5 37,069 37,462
bn-human-Jung2015_M87110650 628,995 40,701,380 26,584.7 26,579 26,588.7 26,583 28,651.1 28,597 30,016
soc-FourSquare 639,014 3,214,986 60,979.0 60,979 60,979.0 60,979 60,979.0 60,979 61,016
bn-human-BNU_1_0025873*1-bg 645,518 149,547,446 19,680.2 19,673 19,683.5 19,677 20,997.5 20,982 –
bn-human-Jung2015_M87124152 680,788 144,225,699 17,154.5 17,149 17,156.0 17,150 18,571.3 18,551 –
bn-human-BNU_1_0025896*2-bg 687,745 114,530,787 21,322.9 21,316 21,327.6 21,318 22,897.0 22,861 –
bn-human-BNU_1_0025869*1-bg 690,519 135,038,917 23,432.2 23,425 23,434.7 23,428 24,987.5 24,955 –
bn-human-Jung2015_M87116517 690,931 134,151,255 19,283.1 19,275 19,287.7 19,275 20,952.5 20,927 –
bn-human-BNU_1_0025914*1-bg 692,562 118,071,816 25,186.2 25,181 25,186.1 25,183 26,809.0 26,788 28,308
bn-human-BNU_1_0025864*1-bg 696,338 143,158,339 23,505.2 23,497 23,507.8 23,501 25,000.5 24,984 –
bn-human-Jung2015_M87124670 699,442 42,402,074 25,621.4 25,612 25,627.2 25,615 28,093.0 28,069 29,429
bn-human-BNU_1_0025878*1-bg 699,697 127,906,128 23,361.2 23,355 23,362.2 23,355 24,930.1 24,906 –
bn-human-BNU_1_0025914*2 701,145 103,134,404 24,485.8 24,478 24,490.0 24,483 26,114.4 26,068 27,521
bn-human-BNU_1_0025889*1 704,694 144,469,850 23,261.2 23,256 23,262.7 23,260 24,865.7 24,848 –
bn-human-BNU_1_0025917*1 706,494 144,880,821 22,010.1 22,000 22,013.6 22,004 23,524.7 23,499 –
bn-human-Jung2015_M87104201 707,284 191,224,983 15,787.2 15,781 15,787.4 15,781 17,151.9 17,132 –
bn-human-BNU_1_0025916*1 714,571 112,519,748 23,081.3 23,075 23,083.8 23,078 24,740.8 24,696 26,052
bn-human-BNU_1_0025869*2-bg 716,150 151,544,915 25,097.9 25,088 25,100.6 25,092 26,814.0 26,746 –
bn-human-BNU_1_0025890*2 723,881 158,147,409 23,809.4 23,802 23,811.0 23,803 25,377.2 25,361 –
bn-human-Jung2015_M87115663 724,456 176,054,087 18,897.3 18,889 18,899.7 18,891 20,344.6 20,323 –
bn-human-Jung2015_M87124029 724,458 43,281,705 26,998.8 26,988 27,006.5 26,995 29,432.9 29,406 30,901
bn-human-Jung2015_M87127186 725,452 165,672,643 17,676.4 17,672 17,678.8 17,671 19,173.1 19,153 –
bn-human-BNU_1_0025913*2 726,197 183,978,766 22,474.8 22,469 22,476.2 22,472 24,003.5 23,976 –
bn-human-BNU_1_0025868*1-bg 727,487 150,443,553 24,490.2 24,480 24,492.9 24,486 26,108.8 26,093 –
bn-human-BNU_1_0025868*2-bg 728,087 158,620,929 24,939.8 24,933 24,941.1 24,934 26,540.4 26,482 –
bn-human-Jung2015_M87101698 728,370 144,737,265 21,064.1 21,057 21,066.7 21,061 22,736.2 22,709 –
bn-human-BNU_1_0025911*2 730,624 148,225,147 25,251.6 25,241 25,252.2 25,245 26,940.6 26,910 –
bn-human-Jung2015_M87105966 734,186 136,408,625 21,680.3 21,675 21,686.1 21,677 23,389.2 23,355 –
bn-human-BNU_1_0025865*1-bg 734,561 165,916,089 21,631.0 21,621 21,631.8 21,622 23,122.4 23,097 –
bn-human-BNU_1_0025871*2-bg 734,729 171,005,692 23,030.7 23,026 23,034.9 23,027 24,594.4 24,559 –
bn-human-Jung2015_M87104509 737,579 50,037,313 27,461.1 27,448 27,467.2 27,459 29,796.0 29,766 31,353
bn-human-BNU_1_0025867*1-bg 747,410 145,276,294 25,429.7 25,423 25,431.2 25,426 27,115.4 27,090 –
bn-human-BNU_1_0025918*1 748,521 159,835,566 24,366.3 24,359 24,366.4 24,358 26,088.8 26,057 –
bn-human-Jung2015_M87108808 750,844 175,282,659 22,359.2 22,353 22,360.1 22,354 24,112.5 24,079 –
bn-human-Jung2015_M87125286 753,905 209,976,387 19,797.9 19,792 19,800.3 19,795 21,281.7 21,264 –
rec-epinion 755,200 13,396,042 9,037.0 9,037 9,037.0 9,037 9,038.0 9,038 –
bn-human-Jung2015_M87110148 760,221 143,436,058 20,458.2 20,448 20,466.3 20,454 22,202.1 22,179 –
bn-human-Jung2015_M87110670 761,071 52,355,271 26,034.8 26,022 26,041.0 26,021 28,495.5 28,446 30,025
bn-human-Jung2015_M87125334 763,149 40,258,003 30,331.1 30,324 30,343.3 30,333 33,271.3 33,228 34,930
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bn-human-BNU_1_0025874*2-bg 769,392 163,523,401 25,406.0 25,400 25,409.4 25,400 27,106.0 27,090 –
soc-digg 770,799 5,907,132 66,155.0 66,155 66,155.0 66,155 66,156.2 66,155 66,188
bn-human-Jung2015_M87101705 776,644 201,198,184 18,646.9 18,638 18,642.6 18,639 20,267.4 20,239 –
bn-human-Jung2015_M87124563 776,845 160,996,800 16,617.1 16,609 16,617.2 16,608 18,212.9 18,182 –
bn-human-BNU_1_0025876*2-bg 779,330 139,871,242 29,366.0 29,349 29,366.2 29,355 31,183.8 31,159 –
bn-human-Jung2015_M87125521 779,372 44,010,434 30,312.1 30,297 30,318.0 30,308 33,179.4 33,153 34,930
bn-human-BNU_1_0025886*1 780,185 158,184,747 24,542.1 24,528 24,539.2 24,534 26,228.3 26,182 –
bn-human-Jung2015_M87107242 781,156 49,597,087 31,874.1 31,862 31,882.8 31,876 34,356.0 34,326 36,189
bn-human-BNU_1_0025912*2 781,747 147,562,552 24,889.2 24,880 24,889.4 24,881 26,554.8 26,540 –
bn-human-Jung2015_M87113878 784,262 267,844,669 14,327.7 14,321 14,330.8 14,325 15,588.2 15,568 –
bn-human-Jung2015_M87121714 784,507 50,740,434 28,440.6 28,432 28,449.3 28,441 31,131.7 31,096 32,811
bn-human-BNU_1_0025876*1-bg 789,979 140,362,426 29,380.3 29,370 29,387.7 29,382 31,254.5 31,218 –
bn-human-Jung2015_M87118219 791,219 121,907,663 23,066.9 23,062 23,074.7 23,064 24,902.6 24,875 26,320
bn-human-Jung2015_M87127677 792,187 208,902,538 23,412.1 23,401 23,412.7 23,403 25,081.4 25,052 –
bn-human-Jung2015_M87118759 794,819 58,208,860 28,597.4 28,587 28,604.9 28,597 31,307.9 31,270 32,906
kron_g500-logn20 795,241 44,619,402 53,350.0 53,350 53,350.0 53,350 53,350.0 53,350 –
bn-human-BNU_1_0025870*1-bg 797,293 148,754,618 27,821.9 27,811 27,824.6 27,817 29,553.7 29,531 –
bn-human-Jung2015_M87125691 800,878 48,117,719 31,566.3 31,552 31,575.0 31,567 34,417.3 34,384 36,152
bn-human-Jung2015_M87111392 801,214 175,576,604 23,242.1 23,219 23,241.2 23,231 25,009.9 24,985 –
bn-human-Jung2015_M87109786 801,996 60,580,327 29,334.7 29,324 29,339.7 29,331 32,097.8 32,072 33,696
bn-human-Jung2015_M87102230 806,303 59,411,819 28,964.7 28,957 28,972.1 28,965 31,551.3 31,497 33,125
bn-human-BNU_1_0025870*2-bg 810,505 166,806,043 27,226.1 27,218 27,228.0 27,222 28,981.8 28,943 –
bn-human-Jung2015_M87128194 822,606 134,045,684 23,101.5 23,088 23,106.6 23,097 25,121.4 25,094 26,493
bn-human-Jung2015_M87129974 826,616 53,227,127 32,349.2 32,334 32,351.0 32,336 35,012.9 34,941 36,787
bn-human-Jung2015_M87125330 826,828 55,672,197 30,379.7 30,366 30,387.6 30,378 33,276.7 33,228 34,929
bn-human-Jung2015_M87119472 835,832 59,548,327 26,788.3 26,775 26,799.1 26,787 29,618.7 29,599 31,177
bn-human-Jung2015_M87103674 839,591 58,903,564 29,427.4 29,404 29,434.9 29,425 32,025.4 31,999 33,674
bn-human-Jung2015_M87118954 840,687 72,908,732 19,318.8 19,306 19,325.6 19,316 21,721.8 21,703 22,852
bn-human-Jung2015_M87123142 846,535 53,825,327 30,256.5 30,253 30,264.6 30,255 33,153.3 33,121 34,905
bn-human-Jung2015_M87125989 848,695 51,882,604 32,248.0 32,242 32,259.1 32,249 35,412.7 35,368 37,272
bn-human-Jung2015_M87104300 851,113 67,658,067 24,855.2 24,848 24,864.3 24,851 27,446.4 27,375 28,862
bn-human-Jung2015_M87127667 853,543 73,862,001 19,365.5 19,355 19,368.0 19,359 21,772.6 21,734 22,935
bn-human-Jung2015_M87128519 861,636 169,367,851 21,196.1 21,186 21,199.7 21,191 23,111.7 23,087 –
bn-human-Jung2015_M87113679 874,741 62,333,443 28,895.0 28,886 28,904.4 28,888 31,765.1 31,713 33,600
bn-human-Jung2015_M87115834 877,902 57,190,876 29,321.9 29,309 29,331.4 29,310 32,194.8 32,152 33,987
bn-human-Jung2015_M87117515 891,589 48,669,606 28,704.7 28,688 28,719.0 28,707 31,984.5 31,960 33,692
bn-human-Jung2015_M87123456 895,179 51,025,656 32,750.9 32,737 32,762.7 32,749 35,956.5 35,874 37,987
ca-IMDB 896,305 3,782,447 120,570.3 120,570 120,570.8 120,570 120,573.7 120,572 120,788
sc-ldoor 909,537 20,770,807 19,746.2 19,740 19,743.0 19,731 23,621.6 23,582 24,249
bn-human-Jung2015_M87122310 924,284 94,370,886 16,712.0 16,701 16,716.1 16,707 18,810.1 18,772 19,877
bn-human-Jung2015_M87102575 935,265 87,273,967 17,672.6 17,659 17,675.6 17,664 19,982.8 19,965 21,100
bn-human-Jung2015_M87117093 939,474 124,038,605 22,191.3 22,179 22,194.1 22,188 24,643.5 24,605 25,993
bn-human-Jung2015_M87126525 975,930 146,109,300 15,326.8 15,316 15,333.4 15,323 17,448.5 17,424 18,439
ca-hollywood-2009 1,069,126 56,306,653 48,733.5 48,728 48,746.6 48,743 50,369.7 50,351 51,564
inf-roadNet-PA 1,087,562 1,541,514 326,866.6 326,845 326,939.6 326,921 332,187.0 332,099 345,133
rt-retweet-crawl 1,112,702 2,278,852 75,740.0 75,740 75,740.0 75,740 75,740.2 75,740 75,740
soc-youtube-snap 1,134,890 2,987,624 213,122.0 213,122 213,122.0 213,122 213,123.0 213,122 213,133
soc-lastfm 1,191,805 4,519,330 67,226.0 67,226 67,226.0 67,226 67,226.0 67,226 67,226
kron_g500-logn21 1,544,087 91,040,932 102,238.0 102,238 102,238.0 102,238 102,238.0 102,238 –
soc-pokec 1,632,803 22,301,964 207,311.2 207,307 207,308.7 207,303 207,394.9 207,385 213,833
tech-as-skitter 1,694,616 11,094,209 181,718.0 181,717 181,717.9 181,717 181,867.8 181,856 184,351
soc-flickr-und 1,715,255 15,555,041 295,700.0 295,700 295,700.0 295,700 295,704.8 295,702 295,757
web-wikipedia2009 1,864,433 4,507,315 346,582.3 346,580 346,583.9 346,582 346,684.3 346,670 347,984
web-wikipedia-growth 1,870,709 36,532,531 116,814.5 116,814 116,814.6 116,814 116,819.7 116,817 –
inf-roadNet-CA 1,957,027 2,760,388 586,395.0 586,364 586,492.8 586,481 595,852.8 595,760 621,705
web-baidu-baike 2,140,198 17,014,946 276,745.0 276,745 276,745.0 276,745 276,748.3 276,747 –
tech-ip 2,250,498 21,643,497 154.9 154 154.8 154 156.7 155 –
soc-flixster 2,523,386 7,918,801 91,019.0 91,019 91,019.0 91,019 91,019.0 91,019 91,019
memchip 2,707,524 6,621,370 464,234.4 464,194 464,263.9 464,215 466,616.9 466,512 482,280
socfb-B-anon 2,937,612 20,959,854 187,030.0 187,030 187,030.0 187,030 187,030.2 187,030 187,082
soc-orkut 2,997,166 106,349,209 110,566.1 110,550 110,599.3 110,578 111,107.2 111,080 119,557
soc-orkut-dir 3,072,441 117,185,083 93,619.5 93,603 93,655.4 93,630 94,005.9 93,982 100,329
socfb-A-anon 3,097,165 23,667,394 201,690.0 201,690 201,690.0 201,690 201,690.3 201,690 201,845
wikipedia_link_en 3,371,708 31,024,475 212,876.0 212,876 212,876.0 212,876 212,876.0 212,876 212,880
Freescale1 3,428,754 8,472,832 597,141.5 597,132 597,162.7 597,152 598,622.1 598,580 617,222
patents 3,750,822 14,970,766 632,687.8 632,665 632,776.5 632,733 634,033.5 633,989 654,447
dblp-author 4,000,150 8,649,002 1,411,236.0 1,411,236 1,411,236.3 1,411,236 1,411,237.5 1,411,236 1,411,245
delicious-ti 4,006,816 14,976,217 140,676.0 140,676 140,676.0 140,676 140,676.4 140,676 –
soc-livejournal 4,033,137 27,933,062 793,887.9 793,887 793,888.6 793,888 793,994.6 793,987 797,153
delaunay_n22 4,194,304 12,582,869 641,622.1 641,480 641,542.6 641,394 688,804.3 688,628 760,044
channel-500 × 100x100-b050 4,802,000 42,681,372 343,731.6 343,328 343,003.4 342,733 392,503.0 392,415 434,881
ljournal-2008 5,363,186 49,514,271 1,005,858.0 1,005,858 1,005,858.0 1,005,858 1,005,986.5 1,005,974 1,008,292
soc-ljournal-2008 5,363,186 49,514,271 1,005,858.0 1,005,858 1,005,858.0 1,005,858 1,005,980.1 1,005,970 1,008,275
sc-rel9 5,921,786 23,667,162 119,305.4 119,234 119,247.4 119,208 130,424.5 123,108 150,161
indochina-2004 7,414,758 150,984,819 399,928.9 399,922 399,952.9 399,949 400,516.5 400,507 –
soc-livejournal-user-groups 7,489,073 112,305,407 1,071,123.0 1,071,123 1,071,123.0 1,071,123 1,071,124.0 1,071,123 –
delaunay_n23 8,388,608 25,165,784 1,294,633.7 1,291,532 1,295,994.0 1,293,999 1,377,716.0 1,377,473 1,519,995
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friendster 8,658,744 45,671,471 656,463.0 656,463 656,463.0 656,463 656,466.4 656,464 656,688
wb-edu 9,450,404 46,236,105 833,550.9 833,546 833,557.0 833,553 834,338.9 834,307 837,052
twitter_mpi 9,862,150 99,940,317 566,313.0 566,313 566,313.0 566,313 566,313.5 566,313 –
inf-germany_os 11,548,845 12,369,181 3,815,331.6 3,813,153 3,800,840.1 3,800,262 3,847,240.5 3,846,783 3,993,482
hugetrace-00010 12,057,441 18,082,179 3,301,282.3 3,274,050 3,256,924.8 3,253,894 3,392,443.6 3,391,758 3,649,279
dbpedia-link 13,980,908 96,786,150 1,968,836.0 1,968,836 1,968,837.9 1,968,837 1,968,839.0 1,968,839 –
inf-road_central 14,081,816 16,933,413 4,581,139.1 4,580,173 4,585,195.9 4,584,680 4,615,658.1 4,615,457 4,771,095
road_central 14,081,816 16,933,413 4,580,701.5 4,579,690 4,583,212.3 4,582,927 4,615,769.5 4,615,468 4,771,095
hugetrace-00020 16,002,413 23,998,813 4,501,029.6 4,496,071 4,428,935.2 4,412,314 4,509,342.4 4,508,908 4,893,492
delaunay_n24 16,777,216 50,331,601 2,690,868.0 2,672,734 2,661,379.5 2,651,597 2,755,337.8 2,755,004 3,040,275
hugebubbles-00020 21,198,119 31,790,179 6,082,340.5 6,037,152 6,034,858.7 6,028,600 5,985,251.5 5,984,831 6,543,902
inf-road-usa 23,947,347 28,854,312 7,817,568.8 7,804,560 7,826,434.1 7,818,748 7,855,036.8 7,854,395 8,114,432
inf-europe_os 50,912,018 54,054,660 17,385,174.3 17,359,873 17,205,514.2 17,191,561 17,019,317.7 17,017,316 17,471,789
socfb-uci-uni 58,790,782 92,208,195 865,675.0 865,675 865,675.0 865,675 865,675.0 865,675 865,678
Table 8
Averaged convergence time for instances with ties.

Instance DmDS FastDS ScBppw EMOS Instance DmDS FastDS ScBppw EMOS

Wiki-Vote 0.032 0.019 0.008 0.25 Oregon-2 0.009 0.009 0.002 0.06
p2p-Gnutella04 0.038 0.057 0.038 – skirt 3.509 7.143 – –
p2p-Gnutella25 0.028 0.016 0.005 – cyl6 0.103 0.083 – 0.08
cit-HepTh 0.602 0.444 – – bio-human-gene2 48.279 84.489 296.277 –
p2p-Gnutella24 0.038 0.032 0.048 12.09 case9 17.372 51.687 0.163 –
cit-HepPh 297.148 336.827 – – bio-CE-CX 36.664 45.116 – –
p2p-Gnutella30 0.051 0.039 0.019 0.1 Dubcova1 0.208 0.364 – –
p2p-Gnutella31 0.082 0.062 0.051 0.03 olafu 2.789 4.427 – –
soc-Epinions1 0.152 0.098 0.071 173.65 bio-WormNet-v3 194.874 390.686 – –
soc-Slashdot0811 0.176 0.129 0.176 – rec-movielens-tag-movies-10 m 0.035 0.02 0.012 –
soc-Slashdot0902 0.208 0.186 0.25 – ca-AstroPh 0.171 0.27 – –
email-EuAll 0.126 0.116 0.057 0.45 soc-political-retweet 0.014 0.018 0.007 0.04
web-Stanford 584.935 573.48 – – raefsky4 0.43 0.554 – –
wiki-Talk 2.853 2.64 1.376 96.06 raefsky3 0.162 0.292 – –
as-22july06 0.011 0.015 0.006 0.12 ca-CondMat 0.985 1.784 – –
cond-mat-2005 0.254 0.56 – – bio-human-gene1 252.077 153.672 – –
kron_g500-logn16 1.712 0.893 0.236 – c-62ghs 0.099 0.049 – –
luxembourg_os 663.454 537.778 – – bio-mouse-gene 91.291 185.752 – –
caidaRouterLevel 52.34 120.622 – – c-66b 0.074 0.048 – –
coAuthorsCiteseer 1.374 3.094 – – Dubcova2 0.356 0.369 – –
citationCiteseer 16.331 20.197 – – sc-pkustk11 599.457 441.788 – –
coAuthorsDBLP 1.192 3.308 – – soc-BlogCatalog 0.27 0.303 0.074 20.59
cnr-2000 27.704 94.148 – – sc-pkustk13 186.771 443.231 – –
coPapersCiteseer 353.499 433.596 – – soc-buzznet 794.95 628.716 0.087 –
soc-highschool-moreno 0 0 0 0.01 soc-LiveMocha 0.846 0.418 0.114 –
reptilia-tortoise-network-cs 0 0 0 0 kron_g500-logn17 1.585 1.25 1.894 –
ENZYMES8 0 0 0 0 web-uk-2005 0.503 0.491 0.191 1.62
ENZYMES123 0 0 0 0.01 Dubcova3 13.441 198.132 – –
ENZYMES118 0 0 – 0.01 soc-douban 0.096 0.088 0.055 0.19
ENZYMES297 0.008 0.013 – 2.57 web-arabic-2005 172.16 39.468 – –
ENZYMES295 0 0 0 0.07 rec-dating 25.435 196.067 – –
ENZYMES296 0 0 0 0.9 soc-academia 2.854 3.341 – –
reptilia-tortoise-network-bsv 0 0 0 0 kron_g500-logn18 4.024 2.086 0.709 –
ia-enron-employees 0 0 0 0 rec-libimseti-dir 75.205 443.944 248.972 –
soc-student-coop 0 0 0 0.02 ca-dblp-2012 4.946 12.918 – –
soc-ANU-residence 0.001 0.003 0 – ca-MathSciNet 0.919 1.424 – –
bio-celegans 0 0 0 0 kron_g500-logn19 9.599 5.073 1.759 –
bio-celegans-dir 0.001 0 0 0 soc-dogster 7.427 9.707 – –
fb-pages-food 0.001 0 0 0 bn-human-Jung2015_M87118347 926.687 892.579 – –
bio-SC-TS 0.001 0.001 0 – soc-twitter-higgs 384.006 427.345 717.939 –
bio-DM-LC 0 0 0 0 soc-youtube 1.579 1.493 – –
socfb-Caltech36 0.002 0.002 0 0.02 web-it-2004 1.169 0.664 – –
BA-1_10_60-L5 0.012 0.006 0.005 0.15 soc-flickr 5.324 11.946 – –
ia-crime-moreno 0.001 0 0 0.06 soc-delicious 1.088 1.392 – –
bio-CE-GT 0.001 0 0 0.61 soc-FourSquare 2.18 1.507 1.152 –
gene 0.001 0.001 0 0 bn-human-Jung2015_M87116517 972.048 981.889 – –
mammalia-voles-plj-trapping 0.005 0.002 0.005 638.21 bn-human-BNU_1_0025878_session_1-bg 969.876 968.036 – –
bio-yeast 0.001 0.001 0 0 bn-human-Jung2015_M87104201 972.712 945.369 – –
bio-yeast-protein-inter 0.001 0.001 0 0 bn-human-BNU_1_0025874_session_2-bg 976.101 975.953 – –
bio-CE-PG 0.026 0.035 – – soc-digg 3.453 2.326 2.08 –
fb-messages 0.003 0.003 0 0.02 kron_g500-logn20 25.652 14.377 4.697 –
bio-grid-fission-yeast 0.005 0.004 0 0.31 ca-IMDB 241.238 228.911 – –
tech-routers-rf 0.002 0.002 0.001 0.64 rt-retweet-crawl 2.863 1.662 1.334 2.77
bio-CE-GN 0.019 0.012 0.009 – soc-youtube-snap 3.14 2.631 3.729 –
bio-HS-HT 0.006 0.005 0 – soc-lastfm 2.078 2.326 1.357 16.63
bio-CE-HT 0 0.001 0 0 kron_g500-logn21 78.568 41.929 19.113 –
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Table 8 (continued).
Instance DmDS FastDS ScBppw EMOS Instance DmDS FastDS ScBppw EMOS

bio-DM-HT 0.005 0.004 0.002 – soc-pokec – 940.477 – –
bio-DR-CX 0.359 0.666 2.071 – tech-as-skitter 489.562 720.78 – –
bio-grid-worm 0.001 0.002 0 0 soc-flickr-und 10.336 7.794 – –
bio-DM-CX 0.107 0.135 8.192 – web-wikipedia-growth 486.887 550.192 – –
ca-GrQc 0.007 0.004 0.001 0.06 web-baidu-baike 25.677 23.666 – –
bio-HS-LC 0.013 0.015 0.03 – tech-ip 611.044 293.681 – –
web-EPA 0.004 0.004 0 0.25 soc-flixster 3.45 4.112 2.195 32.61
bio-HS-CX 0.218 0.142 2.076 – socfb-B-anon 24.674 15.171 12.04 –
web-spam 0.017 0.011 0.004 2.89 socfb-A-anon 30.082 27.239 41.825 –
ca-Erdos992 0.002 0.002 0.002 0 wikipedia_link_en 38.313 22.6 22.081 –
soc-advogato 0.016 0.009 0.001 4.92 dblp-author 16.355 347.831 639.67 –
bio-grid-yeast 0.057 0.046 0.062 – delicious-ti 31.237 20.971 7.518 –
soc-wiki-elec 0.035 0.019 0.008 0.27 ljournal-2008 187.72 445.812 – –
bio-grid-fruitfly 0.007 0.007 0.002 0.01 soc-ljournal-2008 127.606 422.618 – –
bio-dmela 0.004 0.006 0.004 – soc-livejournal-user-groups 190.952 126.395 300.159 –
rec-movielens-user-movies-10 m 0.02 0.011 0.004 0.27 friendster 147.051 80.066 – –
bio-grid-human 0.016 0.013 0.004 – twitter_mpi 140.402 72.306 56.794 –
tech-pgp 0.012 0.006 0.01 – socfb-uci-uni 409.628 237.207 70.993 –
Oregon-1 0.008 0.006 0.003 0.04
Table 9
Comparison of initial solutions constructed by two approaches, where PCDS() and GCDS() represent PerturbedConstructDS() and GreedyConstructDS(), respectively.

Instance PCDS() GCDS() Instance PCDS() GCDS()

Name Solution Time Solution Time Name Solution Time Solution Time

ENZYMES8 27 0.001 26 0.000 rec-libimseti-dir 13 000 3.075 12992 2.968
ENZYMES296 45 0.001 44 0.000 coAuthorsCiteseer 33 336 0.151 33327 0.134
soc-student-coop 51 0.001 50 0.000 amazon0302 38124 0.200 38 130 0.185
bio-SC-TS 126 0.002 125 0.001 rgg_n_2_18_s0 28 521 0.232 28504 0.182
bio-DM-LC 164 0.001 163 0.001 citationCiteseer 43971 0.311 43 984 0.293
bio-CE-GT 127 0.003 128 0.002 web-Stanford 13 968 0.349 13953 0.328
mammalia*trapping 283 0.002 284 0.001 coAuthorsDBLP 44 124 0.224 44120 0.204
bio-CE-PG 182 0.019 181 0.018 ca-dblp-2012 46277 0.232 46 279 0.205
bio-grid-fission-yeast 281 0.002 282 0.002 bn-human-*M87119044 7891 12.232 7877 11.666
tech-routers-rf 482 0.003 481 0.002 cnr-2000 22079 0.280 22 087 0.259
bio-CE-GN 204 0.006 202 0.005 web-NotreDame 23 777 0.151 23774 0.132
bio-HS-HT 461 0.003 462 0.002 bn-human-*M87116523 7504 14.141 7512 14.147
bio-DR-CX 341 0.011 338 0.010 ca-MathSciNet 65 659 0.216 65645 0.191
bio-DM-CX 536 0.009 538 0.010 amazon0312 47885 0.505 47 910 0.481
bio-HS-LC 384 0.006 385 0.005 amazon0601 44824 0.519 44 856 0.504
web-EPA 266 0.004 264 0.003 kron_g500-logn19 27751 4.164 27 752 3.926
web-spam 835 0.011 836 0.010 amazon0505 49692 0.521 49 718 0.506
soc-advogato 812 0.015 810 0.014 soc-dogster 26 404 1.551 26396 1.472
bio-grid-yeast 299 0.021 304 0.018 bn-human-*M87118347 9048 13.867 9052 15.092
bio-grid-fruitfly 1522 0.006 1524 0.005 coPapersCiteseer 27 359 1.466 27345 1.463
bio-dmela 1453 0.006 1454 0.005 soc-twitter-higgs 15054 2.547 15 066 2.586
bio-grid-human 1792 0.007 1789 0.006 soc-youtube 89767 0.531 89 772 0.482
p2p-Gnutella04 2249 0.006 2247 0.005 web-it-2004 33 003 0.503 33001 0.477
bio-human-gene2 419 0.725 418 0.739 soc-flickr 98092 0.656 98 102 0.598
bio-CE-CX 2681 0.033 2669 0.030 rgg_n_2_19_s0 54 466 0.437 54424 0.427
bio-WormNet-v3 2183 0.091 2184 0.089 soc-delicious 55758 0.366 55 759 0.324
rec-movie*tag*10 m 2993 0.030 2994 0.028 ca-coauthors-dblp 37 739 1.622 37726 1.601
ca-AstroPh 2121 0.021 2117 0.020 coPapersDBLP 37743 1.632 37 746 1.611
ca-CondMat 3032 0.017 3035 0.015 bn-human-*M87110650 30 108 6.786 30097 6.876
bio-human-gene1 879 1.038 880 1.026 soc-FourSquare 61 015 0.878 61013 0.804
p2p-Gnutella25 4524 0.009 4523 0.008 bn-human*25873*_1-bg 22 094 17.030 22090 17.979
cit-HepTh 1061 0.212 1063 0.209 bn-human-*M87124152 19542 30.825 19 611 30.198
cit-HepPh 960 0.271 965 0.269 web-BerkStan 29523 0.695 29 541 0.655
rgg_n_2_15_s0 4189 0.018 4186 0.016 bn-human*25896*_2-bg 24 187 12.883 24154 13.718
p2p-Gnutella30 7171 0.016 7170 0.014 bn-human*25869*_1-bg 26345 17.822 26 347 17.570
cond-mat-2005 5722 0.024 5718 0.022 bn-human-*M87116517 22120 27.513 22 125 27.647
c-62ghs 15194 0.028 15 196 0.026 bn-human*25914*_1-bg 28251 13.629 28 259 14.282
bio-mouse-gene 2837 1.746 2847 1.484 bn-human*25864*_1-bg 26 387 19.222 26337 19.254
c-66b 21193 0.026 21 197 0.024 bn-human-*M87124670 29437 7.396 29 439 6.644
kron_g500-logn16 3885 0.329 3887 0.315 bn-human*25878*_1-bg 26 378 15.334 26359 16.307
rgg_n_2_16_s0 7888 0.038 7903 0.034 bn-human*25914*_2 27510 16.953 27 521 17.632
soc-Slashdot0902 15 310 0.082 15309 0.076 bn-human*25889*_1 26243 17.245 26 270 18.275
soc-buzznet 132 0.386 133 0.372 bn-human*25917*_1 24903 18.050 24 947 17.998
soc-LiveMocha 1470 0.316 1468 0.294 bn-human-*M87104201 18 172 36.854 18125 37.286
kron_g500-logn17 7470 0.797 7471 0.763 bn-human*25916*_1 26 078 20.488 26065 17.291
luxembourg_os 40 169 0.028 40137 0.023 bn-human*25869*_2-bg 28227 20.039 28 260 19.826
rgg_n_2_17_s0 15 000 0.087 14989 0.076 bn-human*25890*_2 26721 19.507 26 795 20.023
sc-shipsec1 9267 0.178 9261 0.168 bn-human-*M87115663 21 515 38.623 21461 38.154
web-arabic-2005 17 007 0.135 16998 0.119 bn-human-*M87124029 31005 7.393 31 010 7.073

(continued on next page)
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Table 9 (continued).
Instance PCDS() GCDS() Instance PCDS() GCDS()

sc-shipsec5 12513 0.236 12 557 0.226 bn-human-*M87127186 20255 35.611 20 292 36.168
caidaRouterLevel 40907 0.142 40 929 0.130 bn-human*25913*_2 25437 22.590 25 458 23.534
soc-academia 28 610 0.234 28592 0.217 bn-human*25868*_1-bg 27543 20.935 27 558 20.854
kron_g500-logn18 14269 1.859 14 271 1.747 bn-human*25868*_2-bg 28078 22.322 28 089 21.883
sc-pwtk 4704 0.340 4709 0.320 bn-human-*M87101698 23988 25.383 24 027 25.335
bn-human*25911*_2 28 427 17.791 28409 19.042 bn-human-*093 26004 23.094 26 014 23.608
bn-human-*M87105966 24661 29.072 24 670 29.768 bn-human-*525 18 473 25.081 18461 25.324
bn-human*25865*_1-bg 24 410 22.290 24386 22.455 rgg_n_2_20_s0 104388 1.276 104 399 1.255
bn-human*25871*_2-bg 25965 20.847 25 970 21.851 ca-hollywood-2009 51409 9.349 51 437 9.035
bn-human-*M87104509 31413 9.289 31 440 8.679 inf-roadNet-PA 344 442 0.712 344398 0.534
bn-human*25867*_1-bg 28 573 20.013 28564 20.124 soc-youtube-snap 213131 1.129 213 135 1.015
bn-human*25918*_1 27466 20.545 27 535 20.855 in-2004 77 997 1.475 77990 1.350
bn-human-*M87108808 25510 35.519 25 525 35.411 belgium_osm 503 400 0.743 501650 0.673
bn-human-*M87125286 22401 42.058 22 407 42.424 kron_g500-logn21 102246 25.065 102 248 26.030
rec-epinion 9057 3.524 9055 3.366 soc-pokec 213224 8.133 213 324 8.691
bn-human-*M87110148 23 523 30.698 23499 28.078 tech-as-skitter 183884 2.916 183 889 2.697
bn-human-*M87110670 30011 8.022 30 012 7.893 soc-flickr-und 295751 4.091 295 758 3.868
bn-human-*M87125334 34962 6.482 35 064 6.111 web-wikipedia2009 347849 2.402 347 917 2.277
bn-human*25874*_2-bg 28 677 20.769 28675 21.882 web-wiki*growth 117807 15.423 117 809 14.910
soc-digg 66174 1.337 66 178 1.270 inf-roadNet-CA 619587 1.117 620 043 0.933
bn-human-*M87101705 21 453 53.213 21448 49.726 rgg_n_2_21_s0 199980 2.947 200 053 2.730
bn-human-*M87124563 19 306 31.539 19249 33.387 web-baidu-baike 277019 9.583 277 024 9.187
bn-human*25876*_2-bg 33 025 16.994 33000 17.808 tech-ip 176 5.244 177 5.096
bn-human-*M87125521 34 982 7.748 34943 7.169 memchip 479145 2.084 479 158 1.950
bn-human*25886*_1 27749 19.993 27 799 20.884 socfb-B-anon 187 069 10.239 187064 9.886
bn-human-*M87107242 36 153 9.212 36118 8.620 soc-orkut 119979 53.192 120 062 52.525
bn-human*25912*_2 28 096 17.443 28062 18.610 soc-orkut-dir 100 639 72.095 100557 71.883
bn-human-*M87113878 16467 62.757 16 470 60.195 socfb-A-anon 201827 12.328 201 832 11.944
bn-human-*M87121714 32745 8.413 32 815 8.203 wikipedia_link_en 212 878 14.861 212876 14.428
bn-human*25876*_1-bg 33023 17.369 33 033 17.889 Freescale1 608 329 2.782 608162 2.581
bn-human-*M87118219 26292 23.245 26 316 23.599 patents 653953 11.875 653 967 11.712
bn-human-*M87127677 26 478 45.005 26448 42.335 cit-Patents 641775 15.070 641 946 16.107
bn-human-*M87118759 32969 10.436 32 988 10.620 delicious-ti 140 725 12.511 140723 12.323
bn-human*25870*_1-bg 31272 20.766 31 276 20.560 soc-livejournal 796756 16.245 796 910 15.828
bn-human-*M87125691 36 231 8.042 36230 7.465 rgg_n_2_22_s0 385 079 6.192 384882 5.759
bn-human-*M87111392 26392 38.040 26 402 37.394 delaunay_n22 751637 4.741 751 665 4.507
bn-human-*M87109786 33 794 9.510 33772 10.024 channel*-b050 434264 7.336 434 313 7.266
bn-human-*M87102230 33 268 12.465 33261 10.875 cage15 503 412 30.221 503381 25.954
bn-human*25870*_2-bg 30652 23.526 30 690 23.999 ljournal-2008 1 008 173 33.097 1007911 31.118
bn-human-*M87128194 26 530 25.114 26521 25.687 soc-ljournal-2008 1 008 211 28.282 1007895 27.316
bn-human-*M87129974 36 857 9.099 36828 9.167 sc-rel9 143 570 26.014 143244 25.816
bn-human-*M87125330 34915 9.187 35 001 8.754 indochina-2004 401 559 15.083 401524 14.284
bn-human-*M87119472 31 168 11.373 31161 11.640 soc-livejo*groups 1071441 53.229 1 071 446 52.440
bn-human-*M87103674 33 791 10.547 33718 10.878 rgg_n_2_23_s0 741341 14.116 741 546 13.555
bn-human-*M87118954 22 917 12.496 22895 12.430 delaunay_n23 1 502 976 10.717 1502944 10.292
bn-human-*M87123142 34 887 9.050 34880 8.972 friendster 656 689 36.958 656688 35.978
bn-human-*M87125989 37 310 8.943 37298 8.840 wb-edu 836 877 9.882 836640 8.624
bn-human-*M87104300 28 896 11.016 28879 10.971 inf-germany_os 4 054 144 8.876 4035903 7.616
bn-human-*M87127667 22967 12.790 22 984 12.771 dbpedia-link 1968854 95.694 1 968 864 92.473
bn-human-*M87128519 24 381 34.280 24340 33.890 inf-road_central 4754295 16.641 4 754 615 15.449
eu-2005 32 415 1.672 32413 1.682 road_central 4754295 18.446 4 754 615 16.238
bn-human-*M87113679 33 590 11.447 33551 10.654 rgg_n_2_24_s0 1 430 548 31.453 1430305 30.846
web-Google 80047 1.084 80 059 1.008 delaunay_n24 3004962 28.032 3 005 258 25.657
bn-human-*M87115834 33945 10.227 33 961 9.689 uk-2002 1043790 35.016 1 043 969 33.128
bn-human-*M87117515 33690 8.270 33 695 8.378 inf-road-usa 8 093 641 26.477 8081092 22.328
bn-human-*M87123456 38 037 9.129 37970 9.283 inf-europe_os 17 810 003 47.382 17757076 41.144
ca-IMDB 120791 1.453 120 826 1.382
bn-human-*M87122310 19852 14.124 19 860 14.383
bn-human-*M87102575 21114 13.882 21 139 13.740
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