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Abstract 
                                                                                    

Nowadays, recommendation systems (RSs) are applied to all aspects of online life. In order to 

overcome the problem that individuals who do not meet the constraints need to be regenerated 

when the many-objective evolutionary algorithm (MaOEA) solves the hybrid recommendation 

model, this paper proposes a many-objective particle swarm optimization algorithm based on 

multiple criteria (MaPSO-MC). A generation-based fitness evaluation strategy with diversity 

enhancement (GBFE-DE) and ISDE+ are coupled to comprehensively evaluate individual 

performance. At the same time, according to the characteristics of the model, the regional 

optimization has an impact on the individual update, and a many-objective evolutionary 

strategy based on bacterial foraging (MaBF) is used to improve the algorithm search speed. 

Experimental results prove that this algorithm has excellent convergence and diversity, and 

can produce accurate, diverse, novel and high coverage recommendations when solving 

recommendation models. 
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1. Introduction 

One of the  most serious challenges posed by the growth of mobile networks is the information 

overload caused by massive amounts of data. Recommendation system (RS) [1] as a 

technology that automatically processes enormous amounts of data to mine user preference 

can effectively deal with the problem of information overload. Up till the present moment, RS 

is used in various areas of life, including entertainment [2-4], shopping [5], learning [4], travel 

[6], and so on. 

Traditional RSs [7] only pay close attention to how to provide accurate recommendation 

to users [8, 9]. With the increase of user demand, it becomes more and more significant to 

provide users with recommendations that include a variety of excellent performance [10]. In 

recent years, some researchers have begun to optimize multiple recommended performances. 

Most of these studies optimize the accuracy and diversity of recommendations to provide users 

with recommendation lists that meet user preferences and attract users’ continuous attention. 

Geng [11] provided users with a set of candidate items through collaborative filtering (CF) 

[12] and then used NNIA to combine recommendation lists. Zuo [13] adopted a variety of 

different MaOEA to optimize the items in the Top-N recommendation list. Nevertheless, 

novelty [10] can recommend long-tail items (non-popular items) as much as possible, and 

coverage can make as many items in the system recommended as possible, which are all 

essential indicators in the RS [14]. Therefore, some models that can simultaneously optimize 

recommendation accuracy, diversity, novelty, and coverage are put forward as many-objective 

optimization problem (MaOP) [15]. 

Intelligent optimization algorithms are divided into three categories according to the 

number of optimization objectives: single evolutionary algorithm [16-18], multi-objective 

evolutionary algorithm (MOEA) [19] and MaOEA [20-22]. The increase of optimization 

objectives will lead to a large number of non-dominated solutions during the algorithm 

execution process [23]. Therefore, the convergence and diversity of the algorithm cannot be 

well balanced when the strategy of MOEA is used to deal with the MaOPs, which results in 

the population cannot move rapidly towards the Pareto-optimal Front (PF). As a consequence, 

intelligent optimization algorithms that optimize problems containing more than 4 objectives 

are termed as MaOEA. 

Most of the existing research on MaOEA focus on the algorithm mechanism based on 

evolutionary behavior. The purpose of these mechanisms is to enhance the pressure of 

environmental selection by designing appropriate environmental selection strategies to make 

individuals move towards PF. NSGA-III [24] set up uniformly distributed reference points in 

the decision space and combined non-dominated sorting strategies to maintain the 

convergence and diversity of the algorithm. RVEA [25] proposed the concept of reference 

vector and selects individuals by judging the angle of individuals and reference vectors. Yang 

[26] proposed a grid-based evolutionary algorithm (GrEA), which uses grid-based evaluation 

metrics to enhance selection pressure, to solve MaOPs. However, this kind of algorithm 

generates the offspring through crossover and mutation operators (such as simulated binary 

crossover), and there is no direct correlation between the individual in current generation and 

the previous generation. The MaOEA based on swarm intelligence optimization makes the 

individuals in the population move to achieve the function of updating the individual. These 

methods can keep the historical information and individuality of the solution in the population. 

NMPSO [27], which belong to many-objective particle swarm optimizers (MaPSO) [28-30], 

proposed a novel BFE to balance the convergence and diversity of individuals in the 

population.  
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Due to MaOEA based on swarm intelligence optimization needs to select excellent 

individuals in the population, the remaining individuals move towards the direction of the 

excellent individuals. The judgment of excellent individuals is affected by individual 

convergence and diversity, which also determines the performance of the algorithm. The 

archive strategy is introduced to store the excellent individuals in the population, but the 

archive strategy with a single individual evaluation criterion results in the algorithm 

performance being determined only by the selected evaluation criterion. Commonly used 

evaluation criteria include: HV [31, 32], IGD [33], GD, etc. HV is used to calculate 

hypervolume to comprehensively evaluate the convergence and diversity of individuals, but it 

requires a lot of computing power. Cai [34] adopted a generation-based fitness evaluation 

(GBFE) criterion, which emphasizes convergence in the early stage of the algorithm and 

diversity in the later stage of the algorithm. On this basis, an archiving strategy containing 

multiple criteria can effectively solve this problem, and the results of the algorithm can be 

improved from multiple perspectives through the coupling of multiple evaluation criteria.  

For the research of many-objective optimization recommendation algorithm, Cai 

introduced GBFE and partition-based knowledge mining strategy based on NSGA-III. When 

NSGA-III as a MaOEA based on evolutionary behavior [35] solves the constraint problem, 

there are a large number of individuals who do not meet the constraint in the offspring 

generated by the parent. Although there are corresponding constraint processing strategies, it 

greatly affects the performance of the algorithm. However, the MaOEA based on swarm 

intelligence optimization [36] records the individual personal-best position and global-best 

position of each solution in the population. Even if the individual update in a position beyond 

the constraint range, it can be replaced by the individual personal-best position and global-best 

position. Therefore, MaPSO-MC is proposed to deal with the DTLZ test suite and hybrid 

recommendation model. Our contributions are summarized as follows: 

1) For traditional MaPSO, a single individual evaluation strategy is used to select archive. 

We present a MaPSO-MC, which uses GBFE-DE and ISDE+ [37] as individual 

evaluation criteria to choose outstanding individuals in population from multiple 

perspectives. 

2) To solve the hybrid RS with MaOEA, partition-based particle swarm updating strategy 

(PBPS) and MaBF are proposed. During the mating process, the individual will be 

affected by the personal-best, global best and regional-best. Meanwhile, superior 

individuals will be copy through MaBF in late-stage of algorithm. 

3) Aiming at the problem that the proportion of diversity in the early-stage individual 

evaluation of the algorithm in the generation-based fitness evaluation strategy is too 

small. A GBFE-DE is proposed to enhance the diversity of algorithm and prevent the 

algorithm from falling into a local optimum in the early stage. 

The remainder of this paper is organized as follows. Section 2 introductions the 

background including hybrid recommendation model and the many-objectives particle swarm 

optimization algorithm. In Section 3, we describe in detail the many-objective particle swarm 

optimization algorithm based on multiple criteria. Section 4 shows the mechanisms of GBFE-

DE strategy and PBPS strategy and their applications in MaOEAs in details. In Section 5, we 

show the settings and results of the experiment. Finally, the conclusion is given in Section 6.  
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2. Background 

2.1 Hybrid Recommendation Model Based on MaOEA 

Since user’s demand for recommendation performance is not limited to accuracy and diversity, 

and recommendation results directly affects the profit of merchants. The hybrid 

recommendation model based on MaOEA proposed by Cai [34] can concurrently optimize the 

accuracy, recall, diversity, novelty, and coverage.  

Hybrid model can be applied to most recommendation scenarios through linear 

combination of item-based CF, user-based CF, and hybrid recommendation techniques by 

content-based and CF. The formula is shown in (1): 

 

 - -fin U cf I cf hybR R R R  =  +  +   (1) 

   

where  ,  , and   respectively denote the combination coefficients of the three basic 

techniques. Therefore, there are the following constraints: 

 

 1   = + +
 

(2) 

 

Moreover, in order to reduce the number of decision variables to improve the optimization 

speed,   and   are used as decision variables, and   is obtained by (3): 

 

 1 , + 1    = − −       
 (3) 

 

MaOEA is used to train the parameters that combine the three basic algorithms to make 

the predicted rating fit closer to the actual rating.  

Accuracy, recall, diversity, novelty, and coverage are used as optimization objectives of 

the hybrid model to improve the performance of recommendation. The accuracy and recall are 

calculated by the precision and recall in the confusion matrix of the classification problem. 

Diversity describes the average similarity between items in the recommendation list. The 

novelty is used to calculate the proportion of non-popular items in the recommendation list. 

The coverage is the proportion of recommended items to the total items in the entire system. 

2.2 Many-objective particle swarm optimizers 

The essence of problems in real life are MaOPs, which are defined as follow: 

 

 1 2( )  ( ( ), ( ), , ( )) 4nmin F x f x f x f x n=           
 (4) 

 

where 1 2( , , , )mx x x x=    is n-dimension decision variable.   and ( ) nF x R  are 

decision space and objective space. MaOEA has distinguished performance when solving such 

problems. MaPSO is a common method in MaOEA based on swarm intelligence optimization.  

       MaPSO is to design a many-objective optimization strategy based on the individual 

location update strategy of single-objective particle swarm optimization algorithm. MaPSO is 

mainly divided into Pareto-based MaPSO and decomposition-based MaPSO. However, their 

core idea is to judge the optimal solution in the population, so that the update of the individuals 

in the population is affected by the global-best and the personal-best. The speed update formula 

of individual i  is as follows: 
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 1 1 2 2( 1) ( ) ( ( )) ( ( ))
i ii i pbest i gbest iv t wv t c r x x t c r x x t+ = + − + −

 
 (5) 

 

where t  is the generation number; w , c , and r  are the inertia weight, learning factors and a 

random number between 0 and 1, respectively; 
ipbestx  and 

igbestx  respectively represent the 

personal-best position and global-best position of individual i . The individual position is 

update as shown in (6): 

 

  ( +1)= ( )+ ( 1)i i ix t x t v t +
 

        (6) 

       

        In MaOPs, the quality of an individual is often affected by multiple evaluation indicators. 

Therefore, in MaPSO, the global-best often contains many solutions, namely archive, for 

storing the optimal solutions in the population. 

3. Many-objective Particle Swarm Optimization Algorithm based on 
Multiple Criteria 

3.1 The Multiple Criteria 

In MaPSO, individual evaluation criteria will directly affect the performance of the algorithm. 

Therefore, multiple criteria (GBFE-DE and ISDE+) are used to select excellent individuals for 

archive to optimize individuals in the population from different perspectives. GBFE-DE pays 

attention to the influence of algorithm generation when evaluating individuals, so that the 

algorithm focuses on individual convergence in the early stage and diversity in the later stage. 

ISDE+, as a criterion for comprehensively assessing individual convergence and diversity, 

evaluates individual performance by calculating individual objective function sequence and 

SDE. 

A. Generation-based Fitness Evaluation with Diversity Enhancement 

In MaOEA, individual evaluation is often affected by its convergence and diversity. In order 

to comprehensively evaluate the convergence and diversity of individuals and overcome the 

problem of the small proportion of individual diversity in the early stage of the standard GBFE 

strategy, this paper proposes a GBFE-DE strategy. In this strategy, when evaluating 

individuals, the early stage of the algorithm is biased toward the convergence of the individuals, 

and the individuals in the population move toward the PF. On the contrary, the diversity of the 

individual evaluation in the later stage of the algorithm is more important, so that the 

individuals in the population are distributed as evenly as possible. The GBFE-DE calculation 

formula of individual i  in population P  is as follows: 
 

 
max

1 ( ( ) (0.05,1)) (1 )i i i

t
GBFE - DE M N Div Con

t

 
= +  +   − 
 

 (7) 

 

where M  is the number of objectives; t  and 
maxt  represent the current generation and 

maximum generation of algorithm; 
iDiv  and 

iCon  denote the diversity and convergence of 

individual i ; (0.05,1)N  is gaussian distribution.  

       The diversity 
iDiv  of individual i  is determined by its shift-based density estimation 
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(SDE) value. It is shown in (8): 

 

 
min

max min

i
i

SDE SDE
Div

SDE SDE

−
=

−
 (8) 

 

where 
maxSDE  and 

minSDE  are the maximum and minimum SDE  of all individuals in the 

population. The 
iSDE  for individual i  is shown as follow: 

 

 
,

' ' 2

,
1

min ( ( ), ( ))
i j

m

i k i k j
p P j i

k

SDE sde f p f p
 

=

=   (9) 

   

 

' ' ' '

' ' ( ) ( ) ( ) ( )
( ( ), ( ))

0

k j k i k j k i

k i k j

f p f p if f p f p
sde f p f p

otherwise

 − 
= 


   

             
 (10) 

 
' ( )k if p  is the normalized result of individual 

ip  in the population P  on the k-th objective: 

 

 
' min

max min

( )
( ) k i k

k i

k k

f p f
f p

f f

−
=

−
 (11) 

 

where 
maxkf  and 

minkf  are the maximum and minimum value of kth objective in the 

population. The convergence iC  of individual i  is calculate by (12)： 

 

 

*
( , )

i

Dis i z
Con

m
=  (12) 

 

where 
*z  are the ideal point; 

*( , )Dis i z  represent the distance between the individual I and 

ideal point. In addition, since all individuals in the population need to be normalized on each 

objective during the running of the algorithm, the 
*( , )Dis i z  is calculated as follows: 

 

 
* ' 2

,

1

( , )
m

i k

k

Dis i z f
=

=   (13) 

  

In the early stage, the coefficient of diversity is small, and individual convergence directly 

affects the quality of individuals; in the later stage of the algorithm, individuals in the 

population converge to the PF, and the individual convergence indicators are not much 

different, and diversity mainly determines the individual’s GBFE-DE value.  

B. Individual Shift-based Density Estimation  

As an indicator to evaluate diversity, SDE considers the influence of convergence in its 

calculation. The relative density relationship between individuals is judged by shifting 

individual positions, and it can be calculated as shown in (9) and (10). 

Since SDE is an evaluation indicator based on diversity, ISDE+ adds sum of objectives 

(SB) strategy to SDE to enhance the proportion of individual convergence. The individual SB 
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value is obtained by normalizing and summing its multiple objective values, as follows: 

 

 
'

1

m

i kk
SB f

=
=  (14) 

 

Individuals that affect the ISDE+ value of an individual i  are these in the population 

whose SB value is better than it. It can be calculated by (15): 

 

 
( )

' ' 2

,
1

min ( ( ), ( ))
i

j SB p i ji

m

k i k j
p P p p

k

ISDE sde f p f p+

 
=

=   (15) 

 

where ip P  and ( )ij SB pp P . Meanwhile, ( ) ( )i jSB p SB p . A larger ISDE+ means that the 

individual  i  has better performance. 

3.2 The Structure of MaPSO-MC 

In the MaOP, individual evaluation cannot use the objective function to directly select 

outstanding individuals. MaPSO-MC uses multiple different evaluation criteria to select 

personal-best position and global-best position. At the same time, multiple objectives will 

result in the global-best position containing multiple individuals instead of one individual. 

Therefore, the archive strategy is used to store individuals in the global-best position. The 

pseudo code of Algorithm 1 is shown as follows: 

 

Algorithm 1: The complete algorithm MaPSO-MC 

1 initialization: randomly generate population 0 1 2 3{ , , ,..., }NP p p p p= ; 

2 -P best  = tP ; 

3 0P  = Non-dominated Sorting (layer=1, 0P ); 

4 Archive  = UpdateArchive (ISDE+, 0P  ); 

5 for max1 to tt =    

6     for 1 to Ni =    

7         ,t iP = UpdataPopulation ( iArchive , - iP best , 1,t iP− ); 

8         if - iP best  cannot dominate ,t iP  

9             set - iP best  = ,t iP ; 

10         end if  

11     end for 

12     Archive  = UpdateArchive (GBFE-DE, Archive , tP ); 

13     S  = UpdataPopulation ( Archive ); 

14     Archive  = UpdateArchive (ISDE+, Archive , S ); 

15     1t t= + ; 

16 end for 

17 output: Archive ; 

  

      During the population update process, the individual position update will be affected by 

the global-best position and the personal-best position. Different from the standard PSO, a new 

direction is added to increase disturbance for individual updating. It is shown as (16): 
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 1 1 2 2 3 3( 1) ( ) ( ( )) ( ( )) ( )
i i i ii i pbest i gbest i gbest pbestv t wv t c r x x t c r x x t c r x x+ = + − + − + −  (16) 

 

where the meaning of the parameter is the same as (5). The archive in the pseudo code stores 

the global-best individuals, which is the top 10% of the individuals in the population ranked 

according to the evaluation criteria. The individual position update formula is shown in (6). 

The new term in the velocity update formula increases the direction of individual update and 

disturbs the individual, thereby improving the global search ability of the algorithm. 

4. MaPSO-MC for Recommendation System 

Many-objective particle swarm optimization algorithm based on multiple criteria for 

recommendation system (MaPSOMC-RS) is proposed for this hybrid recommendation model 

with constraints. At the same time, a partition-based particle swarm updating strategy (PBPS) 

and MaBF have been proposed to improve the search ability of the algorithm. The pseudo code 

of MaPSOMC-RS is shown as follows: 
 

Algorithm 2: The complete algorithm MaPSOMC-RS 

1 initialization: randomly generate population 0 1 2 3{ , , ,..., }NP p p p p= ; 

2 -P best  = t
P ; 

3 
0P  = Non-dominated Sorting (layer=1, 0

P ); 

4 Archive  = Update Archive (ISDE+, 
0P  ); 

5 for max1 to 2 t 3t =    

6     MaPSO-MC with PBPS  (Algorithm 1, line6 - 15); 

7 else 

8     for 1 to Ni =    

9         
,t iP = PBPS ( i

Archive , -
i

P best , 
1,t iP−

, -
i

R best ); 

10         if -
i

P best  cannot dominate 
,t iP  

11             set -
i

P best  = 
,t iP ; 

12         end if  

13     end for 

14     Archive  = Update Archive (GBFE-DE, Archive , 
tP ); 

15     Archive  = Reproduction operator ( Archive ) (Algorithm 3); 

16     S  = Updata Population ( Archive ); 

17     S  = Dispersal operator ( S ); 

18     Archive  = Update Archive (ISDE+, Archive , S ); 

19     1t t= + ;     

20 end for 

21 output: Archive ; 

4.1 Partition-based Particle Swarm Updating Strategy 

In the hybrid recommendation model, the combined parameter sum of the three basic 

recommendation algorithms is 1, and the specific constraint is shown in Formula 3. Therefore, 

the decision space will be divided into four regions according to the proportions of three 

different basic recommendation algorithms. When the proportion of a certain basic 

recommendation algorithm in the linear model is more than 50%, the basic recommendation 
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algorithm is considered as the dominant technology and is the key factor affecting the 

prediction rating in this individual. The entire decision space is partitioned as shown in Fig. 1: 







①

②④

③

 
Fig. 1.  Partitioned decision space 

  

       As shown in Fig. 1, regions 1-3 respectively represent the regions where user-based CF, 

item-based CF, and the hybrid recommendation techniques that feature combine content-based 

and CF technique. Region 4 indicates that none of the three basic recommendation techniques 

is dominant. It means that the three basic recommendation techniques have similar effects on 

model prediction ratings. The region where individual i  in the population is judged is as 

follows: 

 

 ,

1, 0.5

2, 0.5
, 1

3, 0.5

4,

i

i

i k i i

i

k

k
R

k

k else




 



= 


= 
= + 

= 
 =

          (17) 

 

       After partitioning the decision space, the influence of the regional-best on their speed 

update will be added in the update process of the individuals in the population to improve the 

convergence of the algorithm. The individual speed update is shown in (18): 

 

1 1 2 2

3 3 4 4

( 1) ( ) ( ( )) ( ( ))

( )+ ( ( ))

i i

i i i

i i pbest i gbest i

gbest pbest rbest i

v t wv t c r x x t c r x x t

c r x x c r x x t

+ = + − + −

+ − −        
 (18) 

 

where 
irbestx  represents regional-best position where individual i  is located. The regional-best 

position is the position of the best individual evaluated according to ISDE+ in this region. The 

influence of the regional-best position on the individual velocity update will enhance the local 

search ability of the algorithm. 

4.2 Many-objective Evolutionary Strategy based on Bacterial Foraging 

The MaPSO-MC simulates the foraging behavior of fish swarm and bird flock to perform 

global search to solve the optimal solution. However, in the process of individual update of 

this algorithm, the individual position update is affected by the global-best, local-best, and 

regional-best, and the algorithm has better global search capabilities. In the later stage of the 

algorithm, the individuals in the population tend to the position of the optimal solution, so an 

individual update strategy with stronger local search capabilities is required.  
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Bacterial foraging optimization algorithm (BFO) as a swarm intelligence single-object 

optimization algorithm has strong local search ability. Aiming at this feature, a MaBF is 

constructed. In the later stage of the algorithm, individuals in the population gradually 

approach the optimal position. This strategy is used to perform a local search to accelerate the 

algorithm's convergence speed. BFO mainly includes three operations by imitating the 

foraging behavior of bacteria: chemotaxis operator, reproduction operator, and dispersal 

operator.  

In the partition-based MaBF strategy, two behaviors of bacterial foraging are used: 

reproduction and dispersal. The chemotaxis operator (individual update strategy) in bacterial 

foraging is replaced by a partition-based particle swarm updating strategy. The following will 

specifically introduce reproduction operator and dispersal operator: 

A. Reproduction Operator 

During foraging, bacteria tend to gather in places where food is abundant. Bacteria in a place 

with a lot of food will split due to rich nutrition, while bacteria in a position lacking nutrition 

will die. Based on this behavior, a partition-based reproduction operator is constructed, in 

which the top half of the individuals in each partition are copied according to the evaluation 

criteria, and the latter half of the individuals are deleted.  

 

Algorithm 3: Reproduction operator 

1 sort individuals according to the evaluation criteria; 

2 place better individuals at the front of the population; 

3 for 1 to Ni =    

4     determine that individual iP  belongs to region ,i kR  according to (17); 

5 end if 

6 for 1 to Ni =    

7     for 1 to 4k =    

8         if / 2ki R     

9             copy individual iP ; 

10         else  

11             delete individual iP ; 

12         end if  

13     end for 

14 end for 

15 return P  

       

       The reproduction strategy speeds up the local search ability of the algorithm by 

reproduction outstanding individuals in the region. 

B. Dispersal Operator 

Dispersal operations simulate the migration of bacterial individuals to new areas due to large 

food reductions or local temperature increases during bacterial foraging. In MaBF, the bacteria 

in the population will dispersal according to the (19): 

 

,

,

new dix if q p
x

x otherwise


= 


  

    
 (19) 
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where dip  is dispersal probability; q  is a random number between 0 and 1 subject to uniform 

distribution; newx  represents the position where individual i  is regenerated, and the probability 

( )
kRP i  of individual i  regenerating in the region k  is shown as follows: 

 

 
_ ,

0 0
( )

k

t N

m j k

m j

R

R

P i
N t

= =
=




 

(20) 

 

where t  and N  respectively represent the current generation of algorithm and population size; 

_ ,m j kR  is shown in (17). The probability of an individual regenerating in the region is based 

on the proportion of the number of individuals in each region of the current generation to the 

total number of individuals. 

5. Experiments Studies 

Firstly, MaPSO-MC is tested on the benchmark problems to verify the comprehensive 

performance of the algorithm. Secondly, we tested the effect of MaPSOMC-RS on the hybrid 

recommendation model. 

5.1 The Performance of MaPSO-MC for Benchmark Problems 

A. Experimental Settings 

In this study, DTLZ1- DTLZ7 was used to test the performance of MaPSO-MC. In each 

problem, the algorithm is tested for performance in the range of 4 to 10 dimensions of the 

objective function, specifically (4,6,8,10)m . The corresponding interval of the PF of 

DTLZ1 is [0,0.5]if  , and the corresponding interval of the PF of the remaining DTLZ 

problems is [0,1] . The dimension of the decision variable 1n m k= − + , where m  is the 

number of objectives; k  is set to 5 and 20 in DTLZ1 and DTLZ7 respectively, and set to 10 

in the remaining problems according to [NMPSO43]. 

Four MaOEAs (NSGA-III, RVEA, MaOEA-SIN, NSGAIII-GBFE) were used to compare 

algorithm performance. Refer to the corresponding cited reference for the parameter settings 

of the four comparison algorithms. In the algorithm NMPSO-MC proposed in this paper, 
cp  

and 
mp

 
are set to 1 and 1/n as the crossover probability and mutation probability; inertia 

weight  0.1,0.5w ; learning parameters  1 2 3, , 1.5,2.5c c c  ; the generation influence 

parameter   in GBFE-DE is 2. 

The IGD was used as an indicator to comprehensively evaluate the convergence and 

diversity of the algorithm to test the performance of the algorithm. The IGD comprehensively 

evaluates the convergence and diversity of the algorithm by calculating the average distance 

from the individual on the PF to the closest individual in the algorithm solution set. A smaller 

IGD represents a better performance of the algorithm. 

B. The Performance of MaPSO-MC in Benchmark Problems 

The five algorithms in the comparison experiment were independently run 30 times, and the 
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results are shown in Table 1. 
 

Table 1. The Comparisons results of MaPSO-MC with four current MaOEAs 

Problem M NSGA-III RVEA MaOEA-SIN NSGAIII-GBFE NMPSO-MC 

DTLZ1 

4 2.3738e+1 (5.45e+0) + 1.7928e+1 (6.25e+0) + 1.5735e+1 (4.19e+0) + 1.8255e+1 (3.97e+0) + 2.6238e+1 (5.03e+0) 

6 2.1117e+1 (6.76e+0) + 1.6878e+1 (6.13e+0) + 1.4082e+1 (3.37e+0) + 1.7678e+1 (4.70e+0) + 2.5729e+1 (5.16e+0) 

8 2.7190e+1 (7.75e+0) = 1.6227e+1 (3.91e+0) + 1.7509e+1 (3.98e+0) + 1.8989e+1 (5.26e+0) + 2.3584e+1 (4.66e+0) 

10 2.6669e+1 (6.40e+0) = 2.3039e+1 (8.29e+0) = 2.1247e+1 (5.43e+0) = 2.3286e+1 (7.50e+0) = 2.3310e+1 (5.03e+0) 

DTLZ2 

4 4.9890e-1 (4.24e-2) - 5.2454e-1 (3.22e-2) - 4.6360e-1 (2.49e-2) = 4.8997e-1 (4.23e-2) - 4.5841e-1 (3.54e-2) 

6 7.3121e-1 (3.49e-2) - 7.6044e-1 (4.23e-2) - 7.0021e-1 (3.37e-2) - 7.2872e-1 (3.79e-2) - 6.3120e-1 (3.09e-2) 

8 8.9765e-1 (5.10e-2) - 9.5335e-1 (4.86e-2) - 8.6296e-1 (3.24e-2) - 9.1071e-1 (4.58e-2) - 8.0955e-1 (4.72e-2) 

10 9.9525e-1 (4.63e-2) = 9.9484e-1 (3.26e-2) = 9.9641e-1 (3.44e-2) = 9.9169e-1 (3.08e-2) = 9.9980e-1 (3.95e-2) 

DTLZ3 

4 2.5517e+2 (4.99e+1) - 2.2925e+2 (5.13e+1) - 1.9261e+2 (3.33e+1) = 2.2303e+2 (3.90e+1) - 2.0093e+2 (2.13e+1) 

6 3.1101e+2 (5.07e+1) - 2.3659e+2 (4.56e+1) - 1.8485e+2 (4.00e+1) + 2.3485e+2 (4.84e+1) - 2.0720e+2 (1.27e+1) 

8 3.4705e+2 (6.20e+1) - 2.2936e+2 (4.63e+1) - 2.2601e+2 (4.38e+1) - 2.3035e+2 (5.81e+1) - 2.0250e+2 (1.28e+1) 

10 3.6539e+2 (5.70e+1) - 2.9671e+2 (5.80e+1) - 2.8636e+2 (5.36e+1) - 2.9767e+2 (6.27e+1) - 2.1443e+2 (1.02e+1) 

DTLZ4 

4 8.7076e-1 (8.71e-2) - 7.3519e-1 (6.32e-2) + 8.4724e-1 (1.05e-1) = 9.3023e-1 (1.06e-1) - 8.1556e-1 (8.79e-2) 

6 1.0529e+0 (1.14e-1) - 1.0818e+0 (9.30e-2) - 1.0532e+0 (7.14e-2) - 1.0634e+0 (7.89e-2) - 9.7393e-1 (6.96e-2) 

8 1.1001e+0 (5.89e-2) - 1.1436e+0 (8.29e-2) - 1.0709e+0 (5.05e-2) = 1.1013e+0 (7.11e-2) - 1.0662e+0 (6.74e-2) 

10 1.1453e+0 (3.94e-2) = 1.1575e+0 (5.80e-2) = 1.1483e+0 (5.26e-2) = 1.1466e+0 (4.10e-2) = 1.1489e+0 (4.84e-2) 

DTLZ5 

4 3.4183e-1 (3.74e-2) - 4.2028e-1 (7.17e-2) - 2.9460e-1 (2.94e-2) - 3.2701e-1 (5.37e-2) - 2.7665e-1 (4.19e-2) 

6 3.8591e-1 (4.29e-2) - 4.8829e-1 (6.05e-2) - 3.5653e-1 (4.65e-2) - 3.9427e-1 (4.41e-2) - 2.9250e-1 (3.70e-2) 

8 3.7108e-1 (4.96e-2) - 5.5594e-1 (8.92e-2) - 3.4830e-1 (3.44e-2) - 3.7488e-1 (4.76e-2) - 2.8392e-1 (3.62e-2) 

10 3.7670e-1 (3.94e-2) = 3.7352e-1 (3.29e-2) = 3.6701e-1 (5.21e-2) = 3.5780e-1 (3.51e-2) = 3.6665e-1 (3.05e-2) 

DTLZ6 

4 7.9897e+0 (3.16e-1) - 8.0620e+0 (2.04e-1) - 7.4449e+0 (4.72e-1) - 7.9359e+0 (2.98e-1) - 2.9607e+0 (6.39e-1) 

6 8.2003e+0 (2.77e-1) - 8.4863e+0 (2.25e-1) - 7.9037e+0 (1.86e-1) - 8.1085e+0 (2.63e-1) - 3.2891e+0 (7.28e-1) 

8 8.1921e+0 (2.30e-1) - 8.5131e+0 (2.53e-1) - 7.8934e+0 (3.62e-1) - 8.1122e+0 (2.03e-1) - 3.4864e+0 (5.86e-1) 

10 8.4063e+0 (1.08e-1) - 8.3784e+0 (1.07e-1) - 8.3787e+0 (1.02e-1) = 8.3893e+0 (1.17e-1) - 8.3075e+0 (1.21e-1) 

DTLZ7 

4 1.0717e+1 (1.05e+0) - 9.6135e+0 (9.21e-1) - 9.6701e+0 (7.35e-1) - 1.1336e+1 (8.93e-1) - 7.2254e+0 (2.37e+0) 

6 1.7051e+1 (1.58e+0) - 1.6741e+1 (1.82e+0) - 1.6907e+1 (1.26e+0) - 1.7475e+1 (1.39e+0) - 1.2188e+1 (2.04e+0) 

8 2.3103e+1 (1.63e+0) - 2.3423e+1 (1.93e+0) - 2.2044e+1 (2.12e+0) - 2.4962e+1 (1.43e+0) - 1.9318e+1 (2.79e+0) 

10 2.9963e+1 (2.04e+0) - 2.8877e+1 (2.96e+0) = 2.8165e+1 (2.38e+0) = 2.8476e+1 (2.30e+0) = 2.8460e+1 (2.71e+0) 

+/-/= 2/21/5 4/19/5 4/14/10 3/20/5  

 

The bold results in Table 1 represent that the algorithm has the best performance in a 

certain dimension of a certain problem set. “+”, “-”, and “=” represent, respectively, the 

number of comparison algorithms that are better, worse, and similar than the results of the 

algorithm proposed in the paper. It can be clearly seen from Table 1 that MaPSO-MC has 

obvious advantages in solving the various dimensions of the DTLZ2 - DTLZ7 problems. Since 

DTLZ2-DTLZ5 and DTLZ7 focus on the ability of algorithms to deal with different shapes 

and distribution problems, the algorithms have excellent performance in this regard. DTLZ1 

and DTLZ6 are used to evaluate the convergence ability of the algorithm. Although the 

proposed algorithm has general results on DTLZ1, it also has a good performance in dealing 
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with the problems with many-objectives. DTLZ1 mainly focuses on evaluating the ability of 

algorithms to optimize multi-modal and linear problems. But this linear relationship refers to 

the relationship between the objectives, and the linear relationship in the model is a way of 

weighting three basic recommendation techniques. Therefore, although this algorithm 

performs slightly worse on DTLZ1, it does not prove that the performance of the optimized 

model is also poor. At the same time, MaOEA-SIN and NSGAIII-GBFE are newly proposed 

algorithms in recent years. Even though some of the results are better than MaPSO-MC, most 

of those differences are small. 

5.2 The Performance of MaPSOMC-RS for Hybrid Recommendation model 

A. Experimental Settings  

As the most classic data set for testing recommendation performance, MovieLens is used to 

evaluate the effectiveness of the hybrid recommendation model. “MovieLens 1M Dataset” 

with 1,000,209 ratings from 6040 users on 3952 movies is adopted to test performance (it can 

be downloaded from https://grouplens.org/datasets/movielens/). This data set contains 5 

ratings. In this experiment, we consider that items with a predicted rating greater than 3 are 

the items that users prefer. Different test set and training set division methods are used to 

obtain MovieLens1, MovieLens2, MovieLens3, and MovieLens4. 

The precision and recall are both indicators used to evaluate the accuracy of 

recommendations, and to a certain extent these two indicators will conflict, so the F-measure 

is used to evaluate the accuracy of recommendations. It can be calculated as follow: 

 

 
2 recall precision

F measure
recall precision

 
− =

+
 (21) 

 

       The F-measure, diversity, and novelty of the recommendation system is the average value 

of the F-measure, diversity, and novelty of each target user recommendation list in the system. 

As an indicator for evaluating the entire system, the coverage is calculated directly after 

recommendation for all users in the system. 

       Moreover, the recommended module uses Python to run on Pycharm, the optimization 

algorithm module uses Matlab to run on MATLAB, and the interface to make the two 

platforms interoperate. In the algorithm parameter setting, the decision variable 2D = ; 

population size 35m = ; the maximum generation max 20t = ; items that have been rated more 

than 500 times are defined as popular items; the remaining parameter settings of the algorithm 

are the same as in section 5.1. 

B. the performance of MaPSOMC-RS in hybrid recommendation model 

Table 2 shows the comparison effect of the NSGA-III [24], RVEA [25], MaOEA-SIN [38], 

NSGAIII-GBFE [34], and MaPSOMC-RS on the F-measure, diversity, novelty, and coverage 

of the recommendation model. At the same time, since each algorithm will produce a set of 

solutions (providing users with multiple recommendation lists), each recommendation list has 

different performance in the 4 evaluation indicators. Therefore, the maximum, minimum and 

average of the solution set on each evaluation indicator are adopted to evaluate the 

performance of different algorithms to solve the model. 
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Table 2. Performance of five algorithms in this model 

Algorithm F-measure Diversity Novelty Coverage 

Three basic 

recommendation 
algorithms 

User-based CF 95.996% 0.90439 37.805% 77.249% 

Item-based CF 96.576% 0.90772 40.187% 87.019% 

Content-based 96.875% 0.90548 38.861% 83.595% 

Best 

MaPSOMC-RS 97.376% 0.90981 41.843% 88.787% 

NSGAIII-GBFE-RS 97.336% 0.90980 41.457% 87.515% 

NSGA-III 97.190% 0.90618 41.700% 87.699% 

RVEA 97.300% 0.90708 41.317% 87.539% 

MaOEA-SIN 97.340% 0.90958 42.040% 88.515% 

Worst 

MaPSOMC-RS 96.473% 0.90873 39.372% 81.831% 

NSGAIII-GBFE-RS 96.652% 0.90866 39.274% 81.464% 

NSGA-III 96.422% 0.90450 39.022% 80.104% 

RVEA 96.532% 0.90543 39.212% 80.088% 

MaOEA-SIN 96.572% 0.90772 39.362% 80.168% 

Mean 

MaPSOMC-RS 97.063% 0.90935 40.769% 85.905% 

NSGAIII-GBFE-RS 97.043% 0.90930 40.644% 85.542% 

NSGA-III 96.873% 0.90560 40.315% 84.915% 

RVEA 96.985% 0.90648 40.359% 84.368% 

MaOEA-SIN 97.023% 0.90897 40.655% 84.989% 

 

From Table 2, it can be shown that MaPSOMC-RS has better overall performance when 

solving hybrid recommendation models. The average performance of the solutions obtained 

by MaPSOMC-RS in solving the model is superior to that of the comparison algorithm in the 

four evaluation indicators. Compared with the other four algorithms, the maximum and 

minimum solutions obtained by the proposed algorithm also have better results. Although 

MaPSOMC-RS does not achieve optimal results on some evaluation indicators, it is not much 

different from the optimal results. The boxplots of the five algorithms on different evaluation 

indicators are shown in Fig. 2: 
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 (a)                                                                      (b) 

 
(c)                                  (d) 

Fig. 2.  The boxplots of the five algorithms on: (a) F-measure, (b) diversity, (c) novelty,  

(d) coverage  
 

In Fig. 2, there are four black lines and one red line in each box respectively representing 

the maximum value, the first quartile value, the last quartile value, the minimum value and the 

median value of the data in this box, and the circle in the figure represents the discrete 

individual. The three dotted lines represent the performance of the three basic recommended 

technologies on different evaluation indicators. From the perspective of median value and 

convergence, compared to the other four algorithms, MaPSOMC-RS has the best effect. Since 

MaPSO contains the least discrete individuals, the algorithm has the strongest stability. By 

using a variety of evaluation criteria, MaPSOMC-RS can focus on the convergence of the 

algorithm in the early stage of the algorithm, focus on the diversity in the later stage of the 

algorithm, and comprehensively evaluating the multiple performance of the algorithm. The 

regional-best also has an impact on individual update. Therefore, MaPSOMC-RS has excellent 

convergence and recommendation results when dealing with this problem. 

       The number of users in this data set is greater than the number of items, and Fig. 2 also 

proves that item-based CF can provide better recommendation lists on multiple evaluation 

indicators. Meanwhile, each solution in the population represents a recommendation list, and 

the decision maker can select the required training parameters according to his own 

preferences to make recommendations for the user. 

5.3 The Performance of the PBPS and MaBF 

Table 3 shows performance comparison MaPSOMC-RS (with PBPS and MaBF) and MaPSO-

MC (without PBPS and MaBF) in five evaluation indicators. 
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Table 3. The performance of PBPS and MaBF 

Test set Evaluation indicators 
MaPSOMC-RS MaPSO-MC 

Best Mean Worst Best Mean Worst 

MovieLens2  

F-measure 95.238% 95.101% 94.698% 95.224% 95.096% 94.713% 

Diversity 0.93112 0.92984 0.92876 0.93082 0.92973 0. 92859 

Novelty 42.187% 41.583% 39.713% 41.825% 41.430% 39.238% 

Coverage 90.021% 88.287% 82.565% 89.398% 87.901% 82.368% 

MovieLens3 

F-measure 97.370% 97.147% 96.640% 97.239% 97.001% 96.631% 

Diversity 93.887% 0. 93723 0.93611 0.93691 0.93547 0.93448 

Novelty 44.241% 43.620% 41.122% 43.983% 43.087% 40.981% 

Coverage 89.798% 89.467% 84.261% 89.802% 88.549% 84.137% 

MovieLens4 

F-measure 96.365% 95.985% 95.450% 96.128% 95.776% 95.300% 

Diversity 0.93766 0.93701 0.93571 0.93706 0.93677 0.93493 

Novelty 43.022% 42.642% 40.831% 42.967% 42.538% 41.149% 

Coverage 87.421% 86.245% 81.877% 87.115% 86.015% 81.059% 

 

It has been proven that the PBPS and MaBF are effective for this hybrid recommendation 

model. In different data set, the solution set optimized by MaPSOMC-RS is almost better than 

MaPSO-MC in the best, mean and worst results. PBPS considers the influence of region-best 

during the individual update process, and MaBF accelerates the local search speed of the 

algorithm in the later stage of the algorithm.  

      The experimental results show that PBPS and MaBF improve the overall recommended 

performance. These strategies provide users with accurate, diverse and novel 

recommendations by accelerating the search speed of the algorithm, and at the same time can 

help suppliers recommend more products to increase profits.  

6. Conclusion 

In this paper, in order to solve the hybrid recommendation model with constraints, MaPSO-

MC, as a MaOEA with swarm intelligence optimization, includes two evaluation criteria is 

proposed to improve the recommendation performance of hybrid models. Two evaluation 

criteria, ISDE+ and GBFE-DE, are coupled and used to comprehensively evaluate individual 

performance. Experimental results also prove that this algorithm has good performance in 

solving the benchmark problems and the recommendation problem. At the same time, in view 

of the feature that this decision space can be partitioned, the PBPS and MaBF is designed to 

improve the local search speed in the later stage of the algorithm. MaPSOMC-RS, which is 

modified to address the characteristics of the model, shows significant advantages in 

addressing this recommended model. Therefore, this algorithm can provide users with accurate, 

diverse, novel, and as many types of items as possible when solving the hybrid 

recommendation model. 
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