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Abstract

The clique partitioning problem (CPP) aims to find a partition
of vertices of a complete graph in order to maximize the sum
of edge weights within each partition (clique), which has been
proven to be NP-hard and has wide real-world applications.
In this paper, we propose an elite-guided weighted simulated
annealing algorithm called EWSA to solve the CPP. First,
EWSA employs two specific configurations and alternates
between them via an oscillation strategy, which balances the
exploitation and exploration of the search. Second, a weight-
ing strategy is introduced to improve the scoring function in
traditional simulated annealing, which is able to guide the
search to explore diverse solutions. Finally, a partition restric-
tion strategy is adopted to reduce search space and increase
the search efficiency. Experiments on 255 instances demon-
strate the competitiveness of EWSA. For 130 open instances,
EWSA discovers new upper bounds in 32 cases and matches
the best known results for the others. For the remaining 125
closed instances, EWSA achieves the best known objective
values within a short computational time.

Introduction

Given a complete edge-weighted undirected graph, the
clique partition problem (CPP) aims to find a partition of
vertices of the graph such that the sum of edge weights
that belong to each subset (clique) is maximized. The CPP
has been proven to be NP-hard (Grétschel and Wakabayashi
1990) and was widely used in various applications, such as
image processing (Ion, Carreira, and Sminchisescu 2011),
social network analysis (Alduaiji, Datta, and Li 2018; Fox
et al. 2020; Ouyang, Dey, and Zhang 2020), data min-
ing (Miyauchi, Sonobe, and Sukegawa 2018), biological
computing (Grotschel and Wakabayashi 1989; Strickland,
Barnes, and Sokol 2005), and logistics (Dorndorf, Jaehn,
and Pesch 2008; Wang et al. 2006).

Since the CPP was first introduced by Grotschel and
Wakabayashi (1989), many methods have been proposed
which can be classified into two main categories: ex-
act and metaheuristic methods. The well-known exact ap-
proaches include: cutting plane (Grotschel and Wakabayashi
1989, 1990), branch-and-bound (Dorndorf and Pesch 1994),
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branch-and-price (Mehrotra and Trick 1998), and branch-
and-price-and-cut (Ji and Mitchell 2007), etc. In addition,
Jaehn and Pesch (2013) proposed new methods for con-
straining the upper bound of the CPP, while Sukegawa, Ya-
mamoto, and Zhang (2013) reduced the problem size by
Lagrange relaxation. Although exact algorithms are able to
guarantee the optimality, they fail to solve large-scale in-
stances in a reasonable time (Sgrensen and Letchford 2024).
Therefore, metaheuristics have become the popular methods
for the CPP.

Various metaheuristic algorithms have been proposed for
the CPP. Local search is the earliest metaheuristic algorithm
applied to the CPP (Marcotorchino and Michaud 1981; Reg-
nier 1983), which used the basic neighborhood move by re-
assigning a vertex to a subgraph, and iterates until reach-
ing the local optima. With the development of metaheuris-
tic algorithms, various advanced diversification strategies
have been proposed to enhance the search capability of lo-
cal search. Among them, tabu search (Glover 1989, 1990)
and simulated annealing (Kirkpatrick, Jr., and Vecchi 1983;
Skiscim and Golden 1983) are the most popular algorithms.
Amorim, Barthélemy, and Ribeiro (1992) applied them to
solve the CPP. More powerful algorithms were subsequently
proposed for the CPP, such as noising methods (Charon and
Hudry 2001, 2006), variable neighborhood search with em-
bedded tabu search (Brusco and Koehn 2009) and others.

Apart from the above works, impressive results were ob-
tained by several recent metaheuristic algorithms. In particu-
lar, Palubeckis, Ostreika, and Tomkevic¢ius (2014) proposed
an iterated tabu search algorithm (ITS) by combining the tra-
ditional tabu search with a perturbation procedure and intro-
ducing a neighborhood move which relocates two vertices
in the same subgraph in the perturbation phase. Based on
ITS, Zhou, Hao, and Goéffon (2016) developed an effective
three-phase local search algorithm (CPP-P3) which consists
of three stages: descending search, tabu search, and direc-
tional perturbation. Hu et al. (2021) proposed a two-model
local search algorithm with a self-adaptive parameter mech-
anism (TMLS-SA), which combines local search with sim-
ulated annealing and controls the perturbation intensity by
means of an adaptive parameter during the search process.
More recently, Lu, Zhou, and Hao (2022) applied a merge-
divide memetic clique partitioning algorithm (MDMCP) to
the CPP and produced very competitive results on instances



with up to 7,000 vertices. Jovanovic, Sanfilippo, and Vof3
(2023) and Gao et al. (2022) respectively proposed a fixed
set search algorithm (FSS) and simulated annealing algo-
rithm based on configuration checking (SACC). To the best
of our knowledge, SACC and its variants are the best-
performing metaheuristics up to now for solving the CPP.

Although previous algorithms such as SACC (Gao et al.
2022), FSS (Jovanovic, Sanfilippo, and Vof 2023), and
MDMCP (Lu, Zhou, and Hao 2022) have made great
progress in solving the CPP, there are still rooms for im-
provement for large-scale instances. In this paper, we pro-
pose a new algorithm called elite-guided weighted simulated
annealing algorithm (EWSA) for solving the CPP.

Our main contributions can be summarized as follows:

(1) EWSA employs two search configurations: an elite-
guided intensification configuration and an exploratory di-
versification configuration. In addition, EWSA oscillates be-
tween these two configurations via an oscillation strategy,
which considers the quality of the current elite solution. This
balances the exploitation and exploration of the search.

(2) We propose a weighting strategy for traditional
simulated annealing, forming an effective search proce-
dure called the weighted simulated annealing (WSA). The
weighting strategy improves the scoring function in WSA
by considering both the objective value and the vertex move
frequency, which enhances the diversification of the search.

(3) EWSA adopts an adaptive partition number restriction
strategy, which reduces the search space and improves the
search efficiency.

(4) Experiments on 130 open instances show that EWSA
outperforms the state-of-the-art algorithms since it improves
and matches the previous best known results on 32 and 98
instances, respectively. For other 125 closed instances with
known optimal solutions, EWSA matches all the optimal re-
sults in the literature.

Preliminaries
Problem Description

Given a complete edge-weighted undirected graph G, the
set of N vertices is denoted as V' = {vy,v9,...,v,} and
w; ; = wj,; (w;; € R, the weights contain negative values)
is the weight of the edge between vertices v; and v;. The
clique partitioning problem aims to find a partitioning of V'
into k (k is unspecified and needs to be determined by the
algorithm) subsets (cliques) 7 = {C1,...,Cy} satisfying
the following constraints:

CiﬁCjZQ,i#j (1)
k
Uci=v )
i=1

The objective of the CPP is to maximize the sum of edge
weights over all the cliques, which can be formulated as fol-

lows:
k

max f(m) = Z Z Wy v

i=1 uw,veC;
uFv

3)
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Important Symbols of EWSA

Some important notations in EWSA are defined as follows:

p1 and ps: two preset percentages of stable vertices.

Ty and T5: two initial temperatures.

Tip: the lower bound of the final temperature.

m: the current solution.

Telite: the elite solution found in recent iterations.

7*: the best solution found so far.

listerite: the set of elite solutions.

sc: the scoring function selection indicator.

rateco: the probability of using the second configuration.
K, the partition number restriction.

K (): the number of partitions used by .

EWSA Algorithm
General Framework of EWSA

A distinguishing feature of EWSA is the adaptive alternation
between exploratory diversification configuration con fig;
and an elite-guided intensification configuration con fig
during the search process. These two configurations endow
EWSA with a better trade-off between intensification and
diversification: con fig; is designed to discover better elite
solutions, while con fig- is tailored to refine the current elite
solution. Based on the differences between the two configu-
rations, an effective and customized scoring function can be
devised for each configuration by a weighting strategy.

The general framework of EWSA is presented in Algo-
rithm 1. First, EWSA performs the initialization phase (lines
1-5). It greedily generates an initial solution 7 (line 1). The
initial temperature 7 and 75 of WSA are obtained by differ-
ent target percentages p; and py (line 3). After performing
a round of WSA under con figs, the temperature at which
the best solution is last updated from 75 to 7y, is recorded
as T'finar (line 4). Then, EWSA performs the search proce-
dures until the elapsed time exceeds timey;m;+ (lines 6-20).

At each iteration of the search procedure, EWSA selects
the search configuration based on the rate rate.s (lines 7-
12). The two configurations primarily include the initial so-
lution 7 for this round of WSA, the initial temperature 75,
and the scoring function indicator sc. Before each round of
WSA, the adaptive partition restriction strategy sets the max-
imum number of partitions K, to be the number of parti-
tions in the historical best solution found by EWSA, plus an
empty partition (line 13). EWSA ensures that all vertices are
in K, partitions by splitting the smallest partition and ran-
domly reassigning its vertices to other partitions until the so-
lution becomes valid (line 14). Afterwards, EWSA proceeds
to the weighted simulated annealing procedure to improve
the current solution 7 (line 15). Finally, EWSA updates 7*
and determines whether the current 7.;;;. needs to be reset
by an elite solution preservation procedure ElitePreserve()
(line 19).



Algorithm 1 The main framework of the EWSA algorithm

Input: A CPP instance

Output: The best solution 7* found so far

1: m <Generate an initial solution

2: T = T, Telite < T, liStepite < D, SC 4 2

3: (T1,T>) +Based on different target percentages of sta-
ble vertices (p; and ps), the corresponding initial tem-
peratures are obtained through a bisection method

4: Ttinaqi < The temperature at which the best objective
was last updated in WSA(K (7*), 7, Telite, L2, Tip, SC)
5: unImprove < 0, Tyorse < Telite
6: while elapsed time does not exceed time;;,;: do
7:  ifrand(0, 1) > rate.o then
8: Tinit < 11, sc < 1/* configy */
9: else
10: unImprove < unImprove + 1
11: T 4 Telites Linit < 132, sC < 2/* con figs */
12:  endif
13: Kp < K(m*)+1
14: 7 < Ensure all vertices in 7 are within K, partitions
15: T, Melite < WSA(Kprv T, Telites Linit, Tfinala sc)
16: iff(ﬁworse) > f(ﬂ_elite) then
17: Tworse < Telite
18:  endif
19:  ElitePreserve(meite, 7*, unImprove, listeiite)

20: end while
21: return 7*

Initialization

Since K (7*) is equal to K () at the beginning of EWSA,
the construction of the initial solution 7 is important. Start-
ing from an empty partition, at each iteration our initial solu-
tion generator randomly selects a vertex and adds it to either
a new partition or an existing one based on the principle of
maximizing the objective value in Eq. (3) (Algorithm 1, line
1). When there are multiple equal solutions, we prefer to add
the vertex to a new partition. The construction is completed
after all vertices are added to the solution.

The initial temperature is a key parameter for simulated
annealing. We propose a method for calculating the initial
temperature based on the idea of stable vertices, which ob-
tains the temperature when a certain percentage of vertices
reach a stable state. A stable vertex means that any move
of that vertex will lead to a worse objective value. The per-
centage of stable vertices at different temperatures provides
a clear indication of how temperature affects the search pro-
cess. By controlling this percentage, the initial temperature
can be adjusted more precisely to achieve better results. Our
algorithm calculates two initial temperatures 77 and 75 for
two search configurations by different target percentages p;
and py (Algorithm 1, line 3), which are described as follows.

Similar to MDMCP, we also use an automated binary
search to find a suitable 73 (7%) value in the range [1, 2000]
for a given instance. For this purpose, we run WSA where
both initial and final temperatures are set to the middle value
in the initial range [1, 2000]. If it leads to the percentage of
stable vertices in the solution near p; (p2), then 17 (T%) is set
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definitively to this value. Otherwise, we re-run WSA with
the first or second half-sized range according to whether the
percentage of stable vertices is lower or higher than p; (p2).

Partition Restriction and Neighborhood Structure

Previous algorithms, such as MDMCP and SACC, always
introduce an empty set to dynamically optimize the num-
ber of partitions during simulated annealing. This tends to
distribute vertices into more partitions due to high tempera-
ture in the early search period while the number of partitions
decreases significantly in the later search period so that the
final number of partitions is smaller than that in the early
search period.

In order to reduce the search space and increase the search
efficiency, we propose an adaptive partition strategy to re-
strict the maximum number of partitions K, in the solu-
tion. Although the optimal number of partitions is unknown,
we try to approximate it by the number of partitions of the
historical best solution K (7*). To avoid K, being over-
fitted to K (7*), an empty partition is introduced to relax the
maximum number of partitions which allows for potential
improvements. Therefore, before each round of simulated
annealing, the partition restriction strategy dynamically pre-
sets the maximum number of partitions K, as the number
of partitions of the historical best solution K (7*) plus an
empty partition. During this round of simulated annealing,
EWSA restricts all vertices to move within these K, par-
titions. This partition restriction strategy reduces the search
space and speeds up the search.

Neighborhood structure plays an important role in local
search-based metaheuristics. In previous algorithms such as
MDMCP and SACC, the best neighborhood move of a ran-
dom vertex is always performed. We still follow this best
improvement strategy in our algorithm. Since the maximum
number of partitions K, is fixed in advance, we can define
an auxiliary K, x N array W, where W}, ,, represents the
sum of the weights of vertex v with the vertices in C};:

Wk:,v = E Wy, u

u€Cy
vEu

4)

Therefore, the evaluation of each move only requires
comparing the sum of weight W, ,(1 < k < K,;) in K,
groups. When vertex v is moved from Cy4 t0 Chew, Woid,i
and W, ; need to be updated :

Woid,i = Woidi — Win (1 <7< N) )
Wnew,i = Whew,i T Wiy (1 <1< N) (6)

It is easy to find that the time complexity of updating W
is O(N) and the time complexity of each evaluation is ap-
proximately O (K,).

Weighted Simulated Annealing

We propose a weighting strategy to improve the scoring
function in traditional simulated annealing, where the best
neighborhood move of a random vertex is always performed
which is the same as previous algorithms. Despite of its good
performance, the best improvement strategy tends to drive



the search towards premature convergence, resulting in a lo-
cal optimum trap. The scoring function in traditional sim-
ulated annealing relies on the change in the objective value
and the current temperature to calculate the acceptance prob-
ability, which decides whether to accept the new solution or
not:

P = eap(7) )

This scoring function mitigates the impact of the best im-
provement strategy, but the search still tends to converge pre-
maturely, because the traditional scoring function exhibits
uneven performance at high and low temperatures in solving
the CPP: when the temperature is high, the algorithm always
performs poorly; However, when the temperature drops be-
low a threshold, the search converges rapidly.

To improve the traditional simulated annealing scoring
function, we introduce a weighting strategy that incorporates
the number of times, for which a vertex has not been moved,
as a weight in the scoring function. This approach consid-
ers not only the change in the objective value and the cur-
rent temperature but also the times for which a vertex has
not been moved, which guides WSA to explore diverse so-
lutions and thus is able to enhance the diversification of the
search. By adding this weight, the convergence of the search
process can become smooth, which avoids the drawback of
uneven performance at high and low temperatures in tradi-
tional simulated annealing. Then, we design a new scoring
function with varying levels of weighting for the two config-
urations, detailed as follows:

y T-T ina ight
p_ emp(%) + mm(Tim,’}ﬁ:a” g 0] ), sc=1
6$MW)7 sc =2
3

The scoring function increases the probability of accept-
ing new solutions with different degrees. When sc is set
to 1, the weight of the vertex is normalized with its ex-
pected evaluation count at the current temperature to gen-
erate an additional acceptance probability, which is capped
by a temperature-dependent threshold to ensure overall con-
vergence. This significantly enhances the randomness and
diversification of WSA. When scis set to 2, the weight influ-
ences the acceptance probability through slight temperature
adjustments, which enhances intensification of the search
compared to the scenario with sc = 1. By setting sc to dif-
ferent values for con fig; and con figo, respectively, EWSA
is able to strike a balance between diversification and inten-
sification of the simulated annealing search process.

The framework of WSA is presented in Algorithm 2. Sim-
ilar to traditional simulated annealing, WSA has two layers,
T'fina and I, are the cutoff parameters of the outer and in-
ner loops (lines 4,6), respectively. In WSA, vertex v is ran-
domly selected from V' (line 7). Besides, the fast neighbor-
hood evaluation is applied on 7 to find the partition C},¢y,
with the best objective value gain A according to W with-
out performing the move (line 8). Subsequently, the insertion
move and updating of the auxiliary array W (lines 11-12) are
performed only in the case of a positive gain (i.e., A > 0)
or acceptance of a poor solution (line 10). WSA records the
number of iterations for which each vertex is evaluated with-
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Algorithm 2 Weighted Simulated Annealing (WSA)

Input: The number of partitions K., solutions 7 and
Telite, initial and final temperatures Ty, and T'fipnal,
scoring function indicator sc

Output: The elite solution 7. and the current solution

T

: Initialize W according to 7 and K, by Eq. (4).

T« T’init

Iin < N - 0 /* Calculating the inner loop cutoff condi-

tion */

weps

4: while T' > T};pq do
5. weight < Array of size [N to be with value zero
6. forj=0— I;,do
7 v+ rand[1, N]
8: Chew,A +Find the best neighborhood move for

vertex v within K, partitions according to W

9: Calculate P according to sc by Eq. (8)

10: if rand(0, 1) < P then

11: T+ 7 ® Move(v, Co1q, Chew)

12: Update W by Egs. (5) and (6)

13: if f(7) > f(7elite) then

14: Telite S T

15: end if

16: weight[v] < 0

17: else

18: weight[v] < weight[v] + 1

19: end if

20:  end for

21 T+« T-\

22: end while

out being moved as its weight (line 18), and resets the weight
to zero after each vertex move (line 16).

Two Configurations and Oscillation Strategy

Since the solution space of the CPP is huge, it is important
to strive for a balance between exploration and exploitation
of the search. However, a single configuration cannot usu-
ally satisfy the above two requirements simultaneously. To
solve this problem, we design two configurations con fig;
and con figo, and alternate them by an adaptive rate rate.s.
Each configuration is designed with a specific objective:
config; aims to enhance the diversification of the search,
which extensively explores the solution space to find more
potential elite solutions, while con figs provides a strong in-
tensification for the search, which focuses on refining the
quality of the current elite solution. Although each configu-
ration has its limitations, their roles are complementary with
each other. By combining these two configurations, the al-
gorithm can not only thoroughly explore the solution space
but also effectively enhance the quality of the elite solution,
achieving a synergistic optimization effect.

The specific descriptions of the two configurations are as
follows (Algorithm 1, lines 8 and 11). config; focuses on
discovering better elite solutions by increasing the proba-
bility of vertex moving to explore wider search space. To
achieve this goal, a lower percentage of stable vertices p; is



used to generate the initial temperature 7. Besides, to fur-
ther enhance the diversification of the search, sc is set to 1.
Since con fig; is not sensitive to the initial solution, we use
the results from the previous round of search as its initial
solution. con figo, aims to improve the elite solution, so its
initial solution is set to the current elite solution. During the
search process, to take advantage of the current vertices par-
titioning, a higher percentage of stable vertices ps is used to
generate the initial temperature 75. During the refinement of
elite solutions, it is essential to avoid excessive diversifica-
tion of the seach. Hence, sc is set to 2.

EWSA alternates between the two configurations by a
rate rate.o (Algorithm 1, line 7). An oscillation strategy is
adopted to adjust the rate rate.o by the quality of the current
elite solution and the running time of EWSA. To evaluate the
quality of the current elite solution, we record both the worst
and best solutions m,,,,-s; and 7* among the past elite solu-
tions. The quality coefficient is calculated by assessing the
relative improvement of f(7eiite) compared to f(Tworst)s
and then normalizing this measure with respect to f(7*). In
addition, EWSA considers the running time. As the running
time time,,s; increases, the solution quality evaluation be-
comes more accurate. The formula for calculating the rate is
as follows:

f(ﬂ'elite) - f(ﬂ'worst) m
f(’ﬂ'*) - f(’ﬂ'worst) % % 2’ 1)
)

When rate.s is high, it indicates that the quality of the
current elite solution is good. In this case, EWSA tends to
search for potential better solutions near the current elite
solution, so EWSA will choose con figs. Conversely, when
rate.o is low, it indicates that the quality of the current elite
solution is poor. It tends to escape from the current elite so-
lution to search for the global optimal solution. In this case,
EWSA will choose con fig;. Through this oscillation strat-
egy, EWSA can achieve a fair balance between search ex-
ploration and exploitation.

timepast

in(

rate.o = -
timerimat

Elite Solution Preservation

Since con figs focuses on improving the current elite solu-
tion, to prevent the search from getting stuck near the cur-
rent elite solution, we introduce an elite solution preserva-
tion mechanism, which sets a threshold for the number of it-
erations without improvement under con figo. If this thresh-
old is exceeded, the elite solution is randomly initialized.
To avoid falling into the same local optimal trap again, the
preservation mechanism introduces a tabu strategy, which
forbids searching around the previous elite solutions.
Algorithm 3 presents the procedure of resetting the elite
solution. If 7. is updated in WSA, unImprove will be
reset. It should be noted that if the elite solution improves
the historical best solution, unImprove will be reset to a
smaller value sv (line 6); Otherwise, it will be reset to 0
(line 3). This allows EWSA to conduct more searches near
the high-quality elite solution and find better solutions. At
the same time, SimilarityCheck() will check the similarity
between 7.;;t. and each solution in list.;ze, and then return
the highest similarity rate rateg;,, (line 4). When m¢;;;. has

26908

Algorithm 3 Elite Preservation

Input: solutions ;e and 7%, unimproved counter
unImprove, the historical elite solutions [45tj;e

Output: solutions m;;e and 7, unimproved counter
unImprove, the historical elite solutions 75t cj;e

1: rategm <+ 0

2: if f(mepite) is updated then

3:  unImprove < 0

4:  rategiy, < SimilarityCheck(listeiite, Telite) accord-
ing to Egs. (10) and (11).

5: if f(merite) > f(n*) then

6: unImprove < sv

7: T 4= Telite

8: endif

9: end if

10: if rategy, > a or unImprove > maxU I then

11:  if rateg;y, < « then

12: liStelite — liStelite U Tretite

13:  endif

14:  mepite < Randomly generate a solution with K (7*)
partitions

15:  unImprove < 0

16: end if

not been improved for maxU I rounds or the similarity rate
rates;y, s higher than the upper limit o, 754 Will be ran-
domly initialized (lines 14-15). But 7¢;;¢. is only added to
elite solution set list,;;te When rateg;,, is less than « (lines
11-13). SimilarityCheck() calculates the similarity rate as
follows. First, we define the intersection function (A, B):

I(A,B) = {z|r € AN B} (10)

Then, the formula for calculating the similarity rate between
two solutions 71 and 9 is given as:

1
ratesim = 5— - ( > max{|I(4;, B)|,B € m}+
A€M
Z max{|I(A;, B)|,B € m})
A; €M

(an

Computational Results
Experimental Protocol and Benchmarks

Our EWSA! algorithm is implemented in C++ and runs on
an Intel Xeon E5-2697 processor with 2.60 GHz CPU and
2 GB RAM. We divide the instances into two categories.
The first category includes 161 instances, primarily derived
from real-world applications, including aggregation of bi-
nary relations, machine cell formation and cluster editing,
respectively. These instances are small scale ones and easy
to solve. More details can be found in Sgrensen and Letch-
ford (2024). The second category consists of 94 challenging
instances with random weights. A brief introduction to these

'The source code and detailed experimental results can be
found at https://github.com/CBer-cn/CPP



vertices cutoff time(s) vertices cutoff time(s)
n < 300 200 1000 < n < 1500 4000
300 < n <500 500 1500 < n < 2500 10000
500 < n < 800 1000 2500 < n 20000
800 < n < 1000 2000

Table 1: Cutoff time in seconds for instances with different
sizes.

Param Description Candidate values Final
T lower bound of temperature  {0.01, 0.1, 1} 0.01
p1 percentage of stable vertices {0.7, 0.75, 0.8} 0.8
D2 percentage of stable vertices {0.85,0.9,0.95} 0.9

0 coefficient for the inner loop {50, 100, 150, 200} 100
€ weighting coefficient for WSA{1.005, 1.01, 1.015, 1.02}1.01
A cooling ratio of WSA {0.96, 0.97,0.98,0.99} 0.98
a similarity rate threshold {0.6,0.7,0.8,0.9} 0.9
maxU Imaximum unimproved counter{5, 10, 15, 20, 25} 15
sv start counter {0, -5, -10, -15} -10

Table 2: Parameters tuning results.

benchmarks can be found in Gao et al. (2022). The cutoff
times in seconds of tested algorithms are listed in Table 1.

Parameter Tuning

We use the automatic configuration tool “irace” (Lopez-
Ibafiez et al. 2016) to calibrate the parameters of the EWSA
algorithm. It is conducted by running irace on 16 randomly
selected instances of different scales with a total tuning bud-
get of 3200 runs. We adopt the best parameter configuration
given by irace as shown in Table 2.

Comparison with the Best Known Solutions

Comparisons between the best solutions found by EWSA
and the best known solutions (BKS) are given in Table 3.
For the first category of instances, the BKS can be found in
Sgrensen and Letchford (2024) and Jovanovic, Sanfilippo,
and Vo (2023). In the first category of 161 instances, there
are 125 instances whose optimal solutions are known. For
these instances, EWSA is able to find all the proven opti-
mal solutions. For the remaining 36 instances, EWSA im-
proves and matches the BKS for 6 and 30 instances, re-
spectively. For the second category of instances, to the best
of our knowledge, the BKS in the literature are achieved
by MDMCP, FSS, and SACC with its variants. For these
instances, EWSA improves and matches the BKS for 26
and 68 instances, respectively. In sum, EWSA improves and
matches the previous BKS for 32 and 223 out of 255 in-
stances, respectively, without worse solutions.

Instance Comparison Better Equal Worse

. proven optimal 0 125 0
First (161) unproven optimal 6 30 0
Second (94)  unproven optimal 26 68 0

Table 3: Comparison results of EWSA with BKS on all the
tested 255 instances.
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EWSA SACC FSS MDMCP
Instance Best Avg Best Avg Best Avg Best Avg
First (161) 161 158 - - 158 157 158 158

Second (94) 94 77 67 41 57 38 53 29

Table 4: Summary of comparison among EWSA, SACC,
FSS and MDMCP on all the tested instances.

Instance  Algorithm R, R;.., p-value R},, Ry, p-value
. FSS 3 0 1.1E-1 4 2 3.5E-1
First(161) \ipMcP 3 0 83E2 2 2 7.2E-l
SACC 27 0 56E-6 50 15 1.1E-8

Second (94) FSS 37 0 1.1IE-7 55 10 6.5E-10
MDMCP 41 0 24E-8 63 8 1.6E-11

Table 5: Wilcoxon signed ranks test results of EWSA and
the reference algorithms in terms of both the best and the

average solutions on 255 instances, with a significance level
of 0.05.

Comparison with the State-of-the-Art Algorithms

To the best of our knowledge, there are three recent best-
performing CPP algorithms: SACC (Gao et al. 2022), FSS
(Jovanovic, Sanfilippo, and VoB§ 2023), and MDMCP (Lu,
Zhou, and Hao 2022). Since the source code of SACC is not
available to us, we only apply EWSA, MDMCP and FSS on
each instance with 20 independent runs in the same environ-
ment. The cutoff time (in seconds) of the tested algorithms is
listed in Table 1, which is set as that in previous algorithms,
such as SACC and MDMCP. Although the source code of
SACC is not available to us, according to the information
provided by PassMark (2024), the CPU used in SACC (Gao
et al. 2022) is 1.28 times faster than ours. Therefore, it is fair
to directly use the results reported in SACC for comparison.

Table 4 records the number of times for which EWSA,
SACC, FSS, and MDMCP achieve the best results for the
best and average objective values on the tested instances. Ta-
ble 5 presents the comparison of EWSA with SACC, FSS,
and MDMCP in terms of the average and best objective val-
ues, respectively. Ry, and R, o record the number of times
for which EWSA outperforms the reference algorithms in
terms of the best and average objective values, respectively,
while R, ., and R,,, represent the number of times for
which EWSA performs worse than the reference algorithms
in terms of the best and average objective values.

For the first category of instances, the results are not re-
ported in SACC, so we only compare the results of EWSA,
FSS, and MDMCP. From Table 4, we can find that EWSA
achieves the best results in terms of the best objective values
on all the 161 instances and EWSA performs comparably
with FSS and MDMCP in terms of the average objective
values. Table 5 shows that all the p-values are greater than
0.05. The reason might be that this category of instances is
easy to solve, and all the algorithms are able to obtain the
same objective values.

For the second category of instances, from Table 4, one
observes that EWSA significantly outperforms other algo-
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Figure 1: Evolution of objective values by EWSA and its 5 variants on three representative instances.

Comparison  Rj., Ry... Ravs Ravg
EWSA,, 20 4 25 1
EWSA: 25 0 26 0
EWSA_ 2 26 0 26 0
EWSAcn, 15 5 22 4
EWSA,, 15 6 14 12

Table 6: Comparison results of EWSA and other five vari-
ants on 26 representative instances.

rithms, since EWSA obtains the best results for the most
number of times in terms of both the average and best ob-
jective values and its hitting rate is much greater than those
of other algorithms. Table 5 shows that all the p-values are
much smaller than 0.05, which indicates that there are sta-
tistically significant differences among the four algorithms.

Discussion and Analysis
In this section, we present an analysis of each important
component in EWSA, including the weighting strategy, the
two configurations, the elite solution preservation mecha-
nism, and the partition number restriction strategy. We con-
sider five variants of EWSA, each disabling a different com-
ponent and keeping other components unchanged.

¢ EWSA,,: disable the weighting strategy in WSA.
EWSA _;: only using con fig;, and rate.s is set to 0.
EWSA .o: only using con figo, and rate. is set to 1.

EWSA.,,: disable the elite solution preservation mecha-
nism and only keep the historical best solution.

EWSA,,: use adaptive partitioning instead of the parti-
tion restriction strategy.

We carried out experiments on 26 instances of the second
category for which EWSA improves the best known solu-
tions, which are challenging and representative. The running
settings of these variants are the same as those of EWSA. Ta-
ble 6 presents the comparison of each variant with EWSA.
Rl and R}, g (Ryes and Ry, ) record the number of times
for which EWSA obtains better (worse) results than other
variants in terms of the best and average objective values.

From Table 6, we can observe that EWSA outperforms
other variants, because EWSA obtains better results with
the most number of times in terms of both the average and
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best objective values and its hitting rate is much greater
than those of other variants. This indicates that each strat-
egy in EWSA is important. To further compare each vari-
ant, Figure 1 depicts the trend of the objective value on
three representative instances (new_p7000.1, new_p7000.2,
new_p7000.3) when applying EWSA and other variants.
Due to the large value of the objective function, each point
(2, y) on the curve represents that the gap between the objec-
tive value of the current solution and the best solution found
by EWSA.

From Figure 1, we can observe that EWSA always
achieves the best results when compared with other vari-
ants. Specifically, during the convergence process, EWSA
consistently outperforms EWSA,,, EWSA_;, and EWSA 5.
Besides, EWSA > always obtains the worst solution. The
reason that EWSA outperforms EWSA,, might be that the
weighting strategy enhances the diversification of the sim-
ulated annealing search process. Additionally, con figs fo-
cuses on exploiting the current elite solution, which may
lead the search to fall into the local optimum trap, while
con figy overly explores diverse solution spaces, which re-
sult in overlooking high-quality solutions. Despite that in
the first 5000 seconds, EWSA may be slightly worse than
EWSA,,, and EWSA,,., EWSA can outperform them after
5000 seconds. The reason might lie in the fact that EWSA.,,
only retains the historical best solution, which speeds up
convergence but increases the probability of getting stuck in
the local optimum trap. However, the elite solution preser-
vation mechanism enables the search to escape from the lo-
cal optimum trap. Compared to EWSA,,,., the partition re-
striction strategy of EWSA significantly reduces the search
space, which improves the search efficiency.

Conclusions

We have proposed an elite-guided weighted simulated an-
nealing algorithm called EWSA for solving the CPP. By
combining two configurations, our EWSA helps the search
to reach a trade-off between exploitation and exploration.
In addition, the diversification of EWSA is enhanced by the
weighting strategy. Finally, the partition restriction strategy
and the elite solution preservation mechanism further en-
hance the effectiveness of the algorithm. Computational ex-
periments show the high performance of EWSA in terms of
both solution quality and search efficiency.
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