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Abstract: Because of the lack of interaction between seeking mode cats and tracking mode cats in cat swarm
optimization (CSO), its convergence speed and convergence accuracy are affected. An information inter-
action strategy is designed between seeking mode cats and tracking mode cats to improve the convergence
speed of the CSO. To increase the diversity of each cat, a top-N learning strategy is proposed during the
tracking process of tracking mode cats to improve the convergence accuracy of the CSO. On ten standard
test functions, the average values, standard deviations, and optimal values of the proposed algorithm with
different N values are compared with the original CSO algorithm and the adaptive cat swarm algorithm
based on dynamic search (ADSCSO). Experimental results show that the global search ability and the
convergence speed of the proposed algorithm are significantly improved on all test functions. The proposed
two strategies will improve the convergence accuracy and convergence speed of CSO greatly.

Keywords: cat swarm optimization, information interaction, top N learning, swarm intelligence

1 Introduction

Cat swarm optimization (CSO) is a new swarm intelligence algorithm, which was designed and proposed by
Chu et al. to solve continuous and single objective optimization problems based on the observation of cat
swarm behavior in 2006 [1]. CSO algorithm adopted multiple iterations to approach target, which had the
advantages of easy implementation, global search, and fast convergence speed.

CSO had attracted the attention of many researchers and was successfully applied in various practical
optimization problems. Pradhan and Panda extended the CSO for multiobjective optimization problems [2].
Tsai et al. proposed a parallel CSO. It achieved faster convergence and better accuracy under the condition
of fewer numbers of cats and iterations [3]. Then Taguchi method was utilized to further improve the
convergence speed and global search ability in the process of cat swarm tracking mode [4]. After the
CSO was proposed, there were many variants of CSO. Sharafi et al. proposed a binary discrete version
based on CSO. It greatly improved the accuracy of 0-1 knapsack problem [5]. Then Siqueira et al. simplified
the binary discrete version by replacing the continues operators with Boolean operator to apply CSO with
limited memory and less-computation power [6]. Zhao proposed a compact version by replacing the
original mutation approach of seeking model with a differential operator [7]. Nie et al. combined CSO
with quantum mechanics and a tent map technique to improve accuracy and avoid local optima trapping [8].
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CSO was also hybridized with other algorithms. Tsai et al. proposed a framework of hybrid optimization
algorithm by combining CSO algorithm and artificial bee colony algorithm [9]. Vivek and Reddy proposed a
hybrid algorithm combining CSO algorithm, particle swarm optimization (PSO) algorithm, and genetic algo-
rithm to solve the problem of emotion recognition [10]. Nanda proposed a hybrid algorithm combining CSO
algorithm and wavelet neural network to predict chaotic and nonlinear time series [11]. Sarswat et al. pro-
posed a hybrid algorithm combining CSO algorithm, genetic algorithm, and simulated annealing algorithm to
solve social network problems [12]. These methods mainly involved multiobjective, hybrid optimization.
There were other methods to optimize key parameters (mixture rate [MR], seeking range of the selected
dimension (SRD), inertia value of velocity [w], etc.) of CSO [13]. For example, Orouskhani et al. introduced
an adjustable inertia of velocity (w) [14]. An adjustable MR was introduced, which varied linearly according to
the number of iterations [15]. Tao et al. adjusted the mixture rate (MR) according to the ratio of the current
iteration times to the maximum iteration times to enhance the self adaptability of the algorithm [16]. Chen
et al. proposed an adaptive method of MR, inertia value of velocity (w), and SRD by logistic function (called
ADSCSO) [17]. The method had significant effects on the convergence speed and solution accuracy of
CSO [18,19].

Although the convergence speed and accuracy of CSO can been improved to a certain extent by
optimizing key parameters, the algorithm has a significant property, which is there are tracing mode
cats and seeking mode cats while these two mode cats are separated and independent. To improve the
learning speed of each cat, an information interaction strategy is designed between seeking mode cats and
tracking mode cats to solve the problem that two swarm do not interact. The algorithm have another
significant property is that each cat has a fixed learning pattern and has a high chance of falling into local
optima. To increase the diversity of each cat and expand the search space of each cat, a top-N learning
strategy is proposed during the tracking process of tracking mode cats to improve convergence accuracy of
the algorithm.

In summary, an improved cat swarm optimization (IITNCSO) was proposed. First, a subgroup informa-
tion interaction method was constructed between tracing cats and seeking cats. Then, top-N cats are chosen
to update the velocity and position of tracking cats instead of choosing only one best cat. At last, the two
proposed strategies were combined into the CSO. Ten standard test functions with different shapes were
used to verify that the proposed algorithm significantly improved the performance of the convergence speed
and convergence accuracy.

2 Material and methods

2.1 CSO

CSO is an intelligent algorithm that imitates features of natural cat’s behavior. The whole cats have two
different behavior patterns: tracking mode and seeking mode. Cats of seeking mode spend most of time
resting. Cats are also observing their surroundings and are always alert. Cats of tracking mode will move
quickly to approach the target after finding the prey.

In CSO, each cat corresponds to one solution of the problem to be optimized. Each cat has three
characteristics including fitness, flag, and position. Fitness is used to evaluate how well each cat is posi-
tioned. Flag is used to distinguish between tracking and seeking behavior patterns of each cat. For the ith
cat, its position P; is a D-dimensional vector defined in the solution space. p;; represents the jth dimension of
P;. p;; has its own velocity (vy). Then the D-dimensional vector of v; constitutes the velocity vector (V;) of the
ith cat (equations (1) and (2)). D defines solution space dimensions.

Pi:{pij}, ] =1,2,.. ,D, (1)

‘/i = {Vl}}, ] = 1, 2, .o ,D, (2)
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The flow of CSO is shown in Figure 1.
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Figure 1: CSO flow.

Step 1: Initialize cats. In the D-dimensional solution space, the position, and speed of each cat are set in
a random way to form a certain number of cats.

Step 2: Initialize parameters of CSO such as MR, inertia value of velocity (w), and SRD.

Step 3: Calculate fitness of cats. The fitness for each cat is calculated, and the best fitness is recorded in pbest.

Step 4: Divide cats. Cats are randomly divided into tracking and seeking modes based on the mixture
rate. Based on the cat’s flag, the tracking and seeking processes are performed.

Step 5: Update fitness of cats. After the tracking process and seeking process is completed, the fitness
value of each cat is calculate again. The optimal fitness value is recorded in pl.

Step 6: Update pbest. Compare pbest and pl. Choose the better one to update pbest.

Step 7: If the end condition is met, the algorithm is terminated; otherwise, repeat the steps from step 4 to 7.
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2.2 Seeking mode

In the seeking mode, cats rest most of the time. However, cats are also observing their surroundings and are
always alert. If the cat wants to move its position, it always moves to the new position carefully and slowly
after observing the surrounding. Seeking process of CSO simulates the behavior of cats searching and
looking for the next location. There are three key parameters in the seeking mode.

Seeking memory pool (SMP): it defines the seeking memory size of each cat, which is used to store all
locations that can be remembered by cat.

SRD: it defines the range that can be changed in each dimension of cat position.

Counts of dimension to change (CDC): it defines the number of cat position dimensions that can mutate.
The number cannot be greater than the solution space dimension (D).

The seeking process is as follows:

Step 1: Copy K copies of the ith cat in the seeking mode to the SMP (K = SMP).

Step 2: Among the K copies, keep one copy unchanged. Moreover, K — 1 copies undergo mutation. For
each cat in K - 1 copies, the cat randomly adds or subtracts SRD percents of the present position value based
on CDC (equation (3)).

pij = (1 + SRD)*p;;, py € B, (3)

Step 3: Update and calculate the fitness of each copy in SMP.
Step 4: Choose the best fitness from the K copies, and apply the best copy to replace the position of the
ith cat.

2.3 Tracking mode

In the tracking mode, the cat will move quickly to approach the target after finding prey. Each cat will adjust
the moving speed to adjust the position so that the cat can continue to move toward the target.

The tracking process is as follows:

Step 1: Update speed of the ith cat in tracking mode (equation (4)). pbest; is the jth dimension of the best
cat in whole cats. w is the inertia value. rand is a random number with uniform distribution [0, 1], and cis a
predetermined constant between 0 and 2.

vj = w x v + rand x ¢ x (pbest; — p;), j=1,2,...,D. (4)

Step 2: Check that the updated cat speed does not exceed the speed range.
Step 3: Update the position of the ith cat in the tracking mode (equation (5))

pij = pij + Vija ] = 1, 2, ,D. (5)

2.4 Subgroup information interaction

According to MR, the whole cats are divided into two modes. Therefore, information interaction between
different mode cats also affects the effect of CSO. In the original CSO (Figure 1), the information interaction
among cats depends on best cat (pbest) of the whole cats. There is no other interaction between the two
behavior modes. To solve the problem that two mode cats do not interact directly and improve the weak-
ness, an information interaction strategy between subgroup is designed.

First, the best finesses of the two mode cats are compared. The cat swarm with better fitness is called
excellent cats, and the other swarm is called ordinary cats. Then, one learning cat (P;) is randomly selected
from the excellent cats. All ordinary cats should learn from the learning cat (P)).

The information interaction method is as following (equation (6)):
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vj = {Vij +y x(pj —py), f(B)>f(P), ©

vj =y x (pj - py)s f(R) < f(P).

The symbol f(P;) represents the fitness of the ith cat at position P;. p; represents the jth dimension of
position of the learning cat (P,). p;; represents the jth dimension of position of the ith cat (P;). According to
equation (6), it can be seen that when the fitness of the learning cat (P)) is less than the fitness of the ith
ordinary cat. The ith ordinary cat will move away from the learning cat (P;). When the fitness of the learning
cat (Py) is greater than the fitness of the ith ordinary cat, the ith ordinary cat will approach to the learning cat
(Py). y is the learning factor and is random value between [0, 1]. Then, the new position of the ith ordinary
cat is calculated using equation (5). When the fitness of new position is better than the fitness of the old
position, the ith ordinary cat will move to the new position; otherwise, it will not move.

2.5 Top-N learning strategy

To balance the convergence speed and convergence accuracy, the algorithm should increase the behavior
diversity of each cat. So a top-N learning strategy is adopted to increase the diversity of cats and expand the
search space of whole cats. The overall idea is that each cat should learn from the top-N cats with better
fitness, not just the best one. Hence, the top-N cats with the better fitness are stored in the pbesty after
calculating the fitness of the whole cats. When executing the tracking process, the set pbesty are used to
update the speed and position of each tracking cat. The updated position is randomly selected to replace the
original position of the tracking cat.

Tracking process can be adjusted as follows:

Step 1: Update the speed of the ith cat in the tracking mode based on pbesty (equation (7)).

Vl;l =W X Vij +rand x ¢ x (pbeStnj - pij)’

)
pbest, € pbesty, n=1,2,... ,N, j=1,2,...,D.
Step 2: Check that the updated cat speed does not exceed the speed range.
Step 3: Calculate the expected positions (P) of the ith cat in tracking mode (equation (8))
pi=pj+vyn=12,..,N, j=1,2,..,D. (8)

Step 4: Randomly select a position from P} to update the position of the ith cat.

2.6 IITNCSO

The flow of IITNCSO is shown as follows.

Step 1: Initialize cats. In the D-dimensional solution space, the position and speed of each cat are set in
a random way to form a certain number of cats.

Step 2: Initialize parameters of CSO such as MR, inertia value of velocity (w), and SRD, etc.

Step 3: Calculate the fitness of cats. The fitness for each cat is calculated. Top-N cats having better
fitness are recorded in pbesty.

Step 4: Divide cats. Cats are randomly divided into tracking and seeking modes based on the mixture
rate. Based on the cat’s flag, the tracking process with top-N learning strategy is done and the seeking
process is completed.

Step 5: Do subgroup information interaction and update the fitness of cats. After the tracking process
and seeking process is completed, the fitness of each cat is calculated again. The top-N better fitness cats
are recorded in ply.

Step 6: Compare pbesty and ply to update pbesty.
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Step 7: If the end condition is met, the algorithm is terminated. Select best pbest from pbesty.
Otherwise, repeat the steps from step 4 to 7.

3 Results

3.1 Algorithm settings

These experiments are done under Windows 10 operating system and Intel(R) Core(TM) i7-10700 CPU
2.90 GHz, 16 GB memory, Matlab R2021a simulation software. To fully compare the convergence accuracy
and speed of CSO [1], ADSCSO [17], and IITNCSO, ten standard test functions are used for verification (Table 1).
Algorithm parameter settings are determined in Table 2.

In Table 1, F1-F2 functions belong to the plate-shape function, and there is no local minimum except
the global minimum. F3-F6 functions belong to many local minima shape. They have many local minima;
hence, the algorithms have the risk of falling into local minima. F7 function is bowl shaped. There are D
local minima except for the global one. F8 is valley-shaped. The function is unimodal, and the global
minimum lies in a narrow, parabolic valley. However, even though this valley is easy to find, convergence to
the minimum is difficult. F9 belongs to steep ridges shape. It is unimodal, and the global minimum has a
small area relative to the search space. F10 is multimodal, with sharp peaks at the corners of the input
domain.

The parameters of the three algorithms are shown in Table 2. The cat population size is set to 100, and
the maximum number of iterations is 500. Each algorithm runs 20 times independently. Therefore, 20
values of pbest for CSO, ADSCSO, and IITNCSO can be collected in three different sets.

outyg; = {pbest’}, k=1,2,...,20, algi e {CSO, ADSCSO, ITNCSO}. 9)

Then the mean (Ave), standard deviation (Std), and optimal value (Optimal) of fitness of each algorithm
are calculated (equations (10)—(12)).

20

Ave = Y f(pbest, (10)
20 &
1 20
Std = — ) (f(phestt) - Ave)?, 11)
20,5
Optimal = min{f(pbest“)}, k=1,2,...,20. (12)

The mean value can reflect the convergence ability of the algorithm, and the standard deviation reflects
the stability of the algorithm.

3.2 Result analysis

Comparisons of IITNCSO with CSO and ADSCSO algorithms are shown in Table 3. “Ave,” “Std,” and
“Optimal” are the average value, standard deviation, and minimum of the fitness obtained after 20 inde-
pendent runs, respectively. Boldface indicates that the value obtained by the proposed algorithm is the best
in the corresponding test function. “N = 1,” “N = 2,” and “N = 3” defines the three different values of N
applied in IITNCSO.

As we can see that “IITNCSO N = 1” has significant advantages than “CSO” and “ADSCSO” in solution
accuracy on nine test functions except F2. CSO algorithm has more advantages than “IITNCSO N = 1” and
“ADSCSO” on the low-dimensional test function F2 (solution space 2 dimensions).
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Table 2: Parameter settings
Parameter CSso ADSCSO IITNCSO
SMP 5 5 5
SRD 0.2 (0.1, 0.5] 0.2
MR 0.2 [0.1, 0.4] (0.1, 0.4]
cDC 0.8 0.8 0.8
Q 1 (0.4, 0.9] [0.4,0.9]
c 2 2 2
4 0.2 * range 0.2 * range 0.2 * range
Cat population size 100 100 100
Iteration number 500 500 500
Algorithm runs number 20 20 20
Table 3: Comparisons of CSO, ADSCSO, and IITNCSO
Function Performance CcSso ADSCSO IITNCSON =1 IITNCSON =2 IITNCSON =3
F1 Ave 1.6347 x 107 5.7390 x 107%° 4.0490 x 1072 3.0258 x 107 4.0490 x 1072
Std 2.9639 x 107%  6.8147 x 10°°°  5.0979 x 107 *? 3.7145 x 107 1.3542 x 107
Optimal 43212 x 107 6.3890 x 107° 23621 x 107 2.0151 x 1076 2.5161x 107
F2 Ave 1.3117 x 10732 1.3109 x 107! 1.2057 x 10~ 2.0656 x 10747 1.1123 x 10747
Std 4.9863 x 10732 3.1683 x 107! 2.8938 x 107 3.0784 x 107%  1.4133 x 1074
Optimal 8.0489 x 107>  2.5618 x 1073® 4.3231 x 10732 3.2358 x 10°*°  5.2822 x 107*°
F3 Ave 0.7262 0.2503 0.1508 1.2405 x 107%° 2.8592 x 107%°
Std 1.3056 0.7831 0.6745 7.1043 x 107 1.6670 x 107°°
Optimal 22728 x 10°°7  9.0203 x 107°%  1.1742 x 107%° 3.4890 x 107  1.0721x 107%°
F4 Ave 0.0010 3.1086 x 107 4.6629 x 1076 0 0
Std 0.0020 1.1161 x 1076 1.1502 x 107 % 0 (]
Optimal 2.2204 x 107 .2204 x 107 0 0 (]
F5 Ave 43.7423 39.3899 40.1614 21.6424 21.6357
Std 14.4695 16.3469 15.2998 10.3648 5.9307
Optimal 21.7625 14.3640 12.6009 6.9736 11.9637
F6 Ave 0.0118 0.0193 0.0092 0.0180 0.0199
Std 0.01077 0.02736 0.0135 0.0190 0.0302
Optimal 8.1112 x 1073 2.5235 x 1073 0 0 0
F7 Ave 1.6497 x 107 6.0596 x 107° 1.0354 x 1078 3.1708 x 1072° 1.9050 x 107
Std 2.0819 x 107* 4.3703 x 107 1.32550 x 107*®  6.6799 x 1072°  2.2076 x 107*°
Optimal 1.7569 x 10°* 5.3653 x 107 4.9893 x1072°  9.3708 x 10722 2.5646 x 10%°
F8 Ave 25.1348 27.7760 17.4183 16.5550 16.5924
Std 31.0213 32.8583 15.5911 15.5906 13.6519
Optimal 16.6310 11.5716 12.4806 11.9345 12.5009
Fo Ave -0.9997 -0.9997 -0.9998 -1 -1
Std 3.9864 x 107°*  4.9837 x107°*  2.0160 x 107% 0 0
Optimal -1.0000 -1.0000 -1.0000 -1.0000 -1.0000
F10 Ave 4.2227 x 107% 1.0128 x 107% 3.6111 x 107°¢ 0 0
Std 9.2025 x 10°% 1.2231x10°% 5.5776 x 107°¢ 0 (]
Optimal 57864 x 107°%  £4.4169 x 107°%  7.8533 x 107%° 0 (]

Because the value of N is 1, it means that only subgroup information interaction strategy works, and the
top-N learning strategy does not work. The results show that the subgroup information interaction strategy
will improve the accuracy of the original CSO on most test functions.

We also can see that “IITNCSO N = 2” and “IITNCSO N = 3” methods achieve the best average value
(Ave), standard deviation (Std), and minimum (Optimal) of the fitness on nine test functions except Fé.
“N =2” and “N = 3” define that the value of N is greater than 1 (“N = 1”). Therefore, the top-N learning
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Figure 2: Comparisons of fitness change of F1-F10: (1) F1, (2) F2, (3) F3, (4) F4, (5) F5, (6) F6, (7) F7, (8) F8, (9) F9, and (10) F10.

250 300 350 400 200
Iterations

)

100 150 200 450 500 100 150

strategy will work. The results show that the top-N mechanism to increase the diversity of cats plays an
important role to expand the search space and improve search accuracy of CSO.

Changes of fitness of IITNCSO, CSO, and ADSCSO algorithms under ten different function tests are
shown in Figure 2. To clearly show the comparisons of the algorithms, the fitness of vertical axis is done
using the logarithmic transformation on other test functions except F9.

For the test functions F1, F3, F6—F10, the convergence speed and convergence accuracy of “IITNCSO N = 17
are faster than “CSO” and “ADSCSO0.” For the test functions F2, F4, and F5, although the convergence speed of
“IITNCSO N = 1” is slower than that of “CSO” and “ADSCSO0,” it still has advantages in the optimal value search
for F4 and F5.

In Figure 2, “IITNCSO N = 2” and “IITNCSO N = 3” methods achieve the fastest convergence speed of the
fitness on nine test functions except F6. The results show that the subgroup information interaction strategy
and the top-N learning strategy can greatly improve the convergence speed and convergence accuracy.

Although parameter N (N > 1) has an effect on the convergence speed and accuracy of IITNCSO, the
effect is small.

500
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4 Discussions and conclusions

On the ten standard test functions (F1-F10), the proposed methods with different top-N values are com-
pared with the traditional CSO and adaptive CSO based on dynamic search (ADSCSO).

The convergence speed, mean value, standard deviation, and optimal fitness of “IITNCSO N = 1” have
advantages than CSO and ADSCSO on the test functions except F2 function. F1 (D = 2) and F2 (D = 20)
functions belong to the plate-shape function. However, the “IITNCSO N = 1” perform poorly in low-dimen-
sional cases. The results show that the information interaction of subgroup plays a very important role on
CSO. The strategy will improve the convergence accuracy of CSO greatly.

The convergence speed, mean value, standard deviation, and optimal fitness of “IITNCSO N = 2” and
“IITNCSO N = 3” have advantages than CSO and ADSCSO on the test functions except F6 function. F6 is
Griewank function, which has many widespread local minima, which are regularly distributed. From Figure
2(6), we can see that converge speeds of “IITNCSO N = 2” and “IITNCSO N = 3” are faster than other
algorithms in the first 350 iterations. Then the convergence speed curves of “IITNCSO N = 2” and “IITNCSO
N = 3” tend to be smooth. Moreover, the two algorithm fall into local optimization.

Results also show that the convergence speed, mean value, standard deviation, and optimal fitness of
“IITNCSO N = 2” and “IITNCSO N = 3” have advantages than “IITNCSO N = 1.” The results show that the top-
N learning strategy plays a very important role on CSO. The strategy will improve the convergence accuracy
and convergence speed of CSO greatly.

Comparing convergence speed, mean value, standard deviation, and optimal fitness between “I[ITNCSO N = 2”
and “IITNCSO N = 37, it shows that the value of N chosen has an impact on the results, but the effects are slight.

Above all, an improved CSO with the information interaction strategy and the top-N learning strategy is
proposed to solve the problem that two mode cats do not interact directly and each cat had a fixed learning
pattern. On ten standard test functions, the average values, standard deviations, and optimal values of the
proposed algorithm with different N values compared with CSO and ADSCSO are greatly improved. Further,
proper nonparametric statistical analysis should been done to support the results presented. Moreover,
comparisons will be done with other swarm intelligence algorithms including particle swarm optimization
(PSO such as Chaotic HCLPSO, ensemble PSO, and others).
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