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Abstract - In recent 20 years, using multi-agent models has been 
developed in many research fields, especially in social science. 
These multi-agent models allow simulating and studying a complex 
part of real world by performing insilico test, or called real 
simulation. Recently, some research has also proposed multi-
agent model for Information Retrieval problems and has achieved 
some remarkable results. In this paper, we introduce a reactive 
multi-agent model as a new approach for recommender systems in 
order to overcome some common limitations of recommender 
systems, especially recomputation problems when new data is 
added to the system. Experimental results also indicate that the 
proposed model can be applied for recommendation problems and 
our model performs more stably than collaborative filtering based 
recommender systems.  
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1. Introduction 

In daily life, people usually rely on recommendations 

from other people by spoken words, reference letters, news 

reports from news media, general surveys, travel guides, 

and so forth. Recommender systems (RS) assist and 

augment this natural social process to help people sift 

through available books, articles, webpages, movies, 

music, restaurants, jokes, grocery products, and so forth to 

find the most interesting and valuable information for 

them. The most common technique used for 

recommendations is collaborative filtering (CF). CF-based 

RS predict user preferences for products or services by 

learning past user-item relationships from a group of user 

who share the same preferences and tastes. Although 

owning many advantages in comparing to other techniques, 

CF has been facing many problems needed to be solved, 

such as data sparsity, scalability, similar items, grey-sheep, 

black-sheep, false recommendations, privacy,…. 

Until now, there have been many methods proposed to 

tackle all the problems of CF approach, such as hybrid RS 

[15], graph-based RS [11], especially multi-agents based 

RS [2, 7]. In this research, we propose a reactive multi-

agent model for RS in which user-rating list and the 

methods for computing similarity are used based on Item-

based CF technique. This solution is an new approach for 

RS which offers precise recommendations based on 

particular preferences of users with better performance 

than CF- based RS. 

The rest of this paper is organized as follows. In section 

2, we review some existing works about CF approach and 

multi-agent systems. Next, in section 3, we first give an 

overview of proposed model, reactive agents and then the 

method for determining attractive and repulsive forces as 

well as self-organized model. The results of an 

experimental evaluation are presented in section 4 with the 

use of a movie database called MovieLens 100K. The 

paper ends with a discussion of the limitations of the work 

and an outlook on possible directions for future work. 

2. Related works 

2.1. Collaborative filtering-based recommender systems 

Most of RS basically rely on three methods: content-

based, knowledge-based and CF-based where CF is the 

approach which has been used most widely. CF-based RS 

provide personalized recommendations according to user 

preferences. They maintain data about active users’ 

purchasing habits or interests and use this data to identify 

groups of similar users. They then recommend items liked 

by similar users. CF systems offer two major advantages: 

Firstly, they do not take into account content information, 

and secondly, they are simpler and easier to implement. 

Further, ignoring content information allows CF systems 

to generate recommendations based on user tastes rather 

than the objective properties of domain items. This means 

that the system can recommend items very different from 

those that the user had previously shown a preference.for. 

Mathematically, CF algorithms represent a user as an  

M-dimensional vector of items, where M is the number of 

distinct catalog items. By computing the similarity of users, 

a set of “nearest neighbours” whose known preferences 

correlates significantly with a given user are found. 

Preferences for unseen items are predicted for an active user 

based on a combination of the preferences known from the 

nearest neighbours. Filtering these neighbours is equivalent 

to computing the distance among M-dimensional vectors. 

Accordingly, CF algorithms are categorized as memory-

based filtering and model-based filtering. Memory-based 

filtering computes distance between vectors by using 

Euclide distance, Pearson correlation, … whereas model-

based filtering is considered as an approach to solve some 

limitations of memory-based filtering, especially scalability 

problem. In particular, machine learning techniques (such as 

PCA – Principal Component Analysis [10], MDS – Multi-

dimensional scaling [14] or SOM – SelfOrganizing Maps 

[9]) are used in model-based filtering in order to map  

M-dimensional vectors into 2 or 3-dimensional space in 

order help the process of computing distance, clustering or 

classification to be easier. Despite getting some effective 

results, these techniques still have some disadvantages, such 

as data sparsity, data change, computing complexity, decline 

of recommendation quality,… 

Recently, a new approach about user preference data in 

RS has been proposed by representing user preference 

matrix in form of graph and using graph theory to solve some 
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problems about computing the similarity between users [11]. 

Also, with graph-based approach, O’Donovan [13] draws a 

graph of user preferences in 2-dimensional (2D) space and 

recommendation is operated by computing the distance 

between user nodes in the space. In spite of reducing 

computation complexity, this system still uses memory-

based and model-based techniques, thus it also faces 

common problems of CF algorithms. However, the idea 

about drawing a graph and computing similarity between 

users/items in 2D space in [8, 11] will be aslo applied for 

computing the similarity between items in our system. 

2.2. Multi-agent systems 

Muti-agent systems (MAS) refer to a computer research 

domain that addresses systems which are composed of 

micro level entities (agents), which have an autonomous 

and proactive behaviour and interact through an 

environment (either virtual environment or real 

environment), thus producing the overall system behaviour 

which is observed at the macro level [6]. Until now, MAS 

have been considered as an interesting and convenient way 

of understanding, modeling, designing and implementing 

different kinds of (distributed) systems [5]. Futhermore, 

MAS also represent a very interesting modeling 

alternative, compared to equation based modeling, for 

representing and simulating real-world or virtual systems 

which could be decomposed in interacting individuals [4]. 

There are many types of agents used in MAS, such as 

assistant agents, collaboration agents, mobile agents and 

reactive agents where reactive agents have widely used in 

many fields, especially information retrieval. Two typical 

systems which use reactive multi-agents are presented in [3, 

12]. Particularly, in [12], Renault used dynamic attractive 

and repulsive multi-agent model which aims to organize 

emails in a 2D space according to similarity where each 

email is represented by an agent and there is no need to 

specify axes as well as how to organize information. The 

model allows agents to communicate with each other 

through virtual pheromones and collectively auto-organize 

themselves in a 2D space. Without much constraints, the 

system can organise (like clustering/classification) 

information and let the user intuitively interact with it. 

Based on the idea of Renault, Cao Hong Hue et al. [3] 

presented a new model for image browsing and retrieval 

which uses a reactive multi-agent system supporting 

visualisation and user interaction. Each agent represents an 

image. These agents move freely in the space which their 

routes are not predefined. They just react to external stimuli 

sent by other agents. Each agent interact to others through 

forces, either attractive forces or repulsive forces. These 

forces are generated by the visual and textual similarities 

between an agent and its neighbours. Thus, the agents are 

attracted by similar agents and repulsed by dissimilar 

agents. This model is operated according to loop steps by 

the time. In each loop step, agents change their position in 

the model. Forces between agents or neighbours cause 

these changes. Selecting neighbours in each time step 

 
1Item mentioned here is an item in RS 

makes this model operate really slowly. That is the main 

limitation of this model. 

The multi-agent systems proposed in [3, 12] are 

equivalent to the core idea of RS which use the similarity 

among agents to organize data. Also, RS use similarity 

between users or items to extract a list of recommendation 

items. However, in CF-based RS, selecting 

recommendation lists usually uses complex computing 

formulas whereas, using attractive and repulsive forces 

between agents will help computing process become easier 

by just finding neighbours (in 2D space) of each agent. 

This is the main idea used for our proposed model. 

3. Reactive multi-agent model for CF method 

Giải thích: Trong phần này, mô hình đa tác tử phản ứng 

với môi trường đã được thể hiện khá rõ qua các phần nhỏ 

mà chúng tôi đã nêu ở bên dưới. Việc trình bày phần toán 

học của mô hình chủ yếu xoay quanh việc tính độ lớn của 

lực và hợp lực tác động lên một agent. Theo đó, việc tính 

toán độ lớn của lực đã được nói rõ trong phần 3.2. Còn đối 

với hợp lực tác động lên một agent, để rõ hơn, chúng tôi đã 

có bổ sung một phần ghi chúvề việc tính tổng hợp lực tác 

động lên một agent dựa trên các lực tác động lên một agent 

và các láng giềng của nó (Figure 3). 

3.1. Model overview 

The proposed model uses reactive agents in which each 

agent represents an item1 and actions of each agent depend 

on list of users’ ratings for that item. The agents move freely 

in a 2D environment which has no pre-defined axes or 

meaning (Figure 1). They are reactive and only react to 

outside stimuli sent by other agents. Each agent interacts 

with others through forces (either attractive forces or 

repulsive forces). Forces originating between agents are 

computed based on the similarity. Two agents attract each 

other when their similarity is high and repulse each other 

when their similarity is low. According to the sum of 

attractive and repulsive forces acting upon an agent, these 

agents will move to the new position in the space. Ihere, 

agents interact to new agents and then continue moving. The 

movement of agents will be ended when they reach to stable 

status. This helps to create a self-organized model in 2D 

space. At steady status, two closed-agents are similar to each 

other and they can be used for recommendation process. 

 

Figure 1. The environment of agents. Each agent is represented 

by an image which corresponds to a poster of a movie 
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As presented above, at each time step, an agent interacts 

with its neighbours, gets forces from them and moving 

reactively. Hence, computing forces only can be done 

when we get list of neighbours for an agent. In our model, 

neighbours can be chosen according to four methods 

including proximity, sampling, random and defined area 

(Figure 2). 

 

Figure 2. Methods for choosing neighbors. Proximity: Choose 

neighbors in fixed-radius; Sampling: Choose randomly some neighbors 

in the list of closed-area; Random: Choose randomly all agents in the 

model; Defined area: Choose agents from a specific area 

From experimental process, in local level, we choose 

neighbours by using proximity approach which allows 

selecting agents in fixed radius. And in global level, we 

select agents according to random approach which 

randomly pick agents from all agents in the model. 

Once the neighbour list for an agent is known, then this 

agent can simply compute the forces received from all 

these neighbours and react according to them (Figure 3). 

 

Figure 3. An example of reaction of an agent toward two 

neighbours. This image shows the rule for summing forces, each 

agent interacts toits neighbours. The force generated from these 

interactions will be combined for making the final global force. 

This final global force for an agent is simply the vectorial 

summation of all forces between that agent and its neighbous 

3.2. Attractive and repulsive forces (item-based forces) 

A force applied between two agents can be attractive or 

repulsive and is characterised by a vector with direction 

and magnitude. However, firstly, we need to determine the 

similarity between agents. In item-based CF method, the 

similarity between agents is usually computed by using 

Pearson correlation. Implementation results obviously 

show that this method is widely used in the CF research 

community and gives better results than other methods 

[13]. The similarity between items is computed according 

to the following formula: 

𝑤𝑖,𝑗  =  
∑ (𝑟𝑎,𝑖  −  𝑟𝑖̅)(𝑟𝑎,𝑗  −  𝑟𝑗̅)𝑎∈𝑈

√∑ (𝑟𝑎,𝑖  −  𝑟𝑖̅)
2

∑ (𝑟𝑎,𝑗  −  𝑟𝑗̅)
2

𝑎∈𝑈𝑎∈𝑈

 

where wi,j is the similarity between item i and item j, U is 

the set of users rating for both item i and item j, ra,i is rating 

value of user a for item i and 𝑟𝑖̅ is the average rating value of 

all users for item i, ra,j is rating value of user a for item j and 

𝑟𝑗̅ is the average rating value of all users for item j. 

Force direction is characterized by the type of forces 

(either attractive forces or repulsive forces). These forces 

show that the behavior of an agent is toward or away from 

other agents. In local level, agents’ behavior is determined 

by the similarity or dissimilarity among agents. 

Accordingly, force direction is determined as follows: 

- If two agents are similar then they will attract each 

other. It means that they tend to be closer. 

- If two agents are not similar then they will repulse 

each other. It means that they tend to be separated. 

Force magnitude belongs to the similarity and the 

distance among them is combined to form the force 

characteristic. However, in practice, it is difficult to define 

exact value of the similarity and distance between forces. 

Thus, we determine force magnitude according to 

continuous approach as showed below (Figure 4). 

 

Figure 4. Force characteristic and magnitude basing on 

similarity and distance (continuous approach) 

As clearly seen from the Figure 4, there is always a 

neutral threshold of forces. This threshold is the basic to 

determine force types: 

If results are higher than neutral threshold, we have 

repulsive forces which are computed by: 

𝑓 =
𝑤 − 𝑤𝑚𝑖𝑛

(𝑤𝑚𝑎𝑥 − 𝑤̅)
 ×  𝑑 

If results are lower than neutral threshold, we have 

attractive forces which are computed by: 

𝑓 =
𝑤 − 𝑤̅

(𝑤𝑚𝑎𝑥 − 𝑤̅)
 × 𝑑 

where w is the similarity between two agents;𝑤̅, 𝑤𝑚𝑎𝑥, 

𝑤𝑚𝑖𝑛are respectively mean value, maximum value and 

minimum value for active agent’s neighbors; d is the 

distance between two agents computed by Manhattan [22]. 

3.3. Self-organized model 

During the evolution of the model, agents gradually 

move to a status position with indefinite route. Thus, our 

model is similar to self-organized model in machine 

learning. However, also unlike the model proposed by Cao 

Hong Hue et al. [5], our model uses two levels: local level 

and global level. 

Local level: Agents choose their neighbors according 

to proximity approach which divides the space into 

separate areas for operating independently. Local force 

generated from agents helps to create clusters which are 

disposed sparsely in the space. However, local level does 
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not offer the high accuracy for the model. So, a global level 

is needed to break down the local connections and collect 

small groups together in order to enhance the accuracy of 

the model. 

Global level: Agents choose their neighbors with 

random positions in a large area. Force originated in this 

level are called global force which is combined to a local 

force to form an associated force (according to force 

association show in Figure 3. above). 

  

Figure 5. Simulation on local level (a) and global level (b) 

4. Experimental results 

4.1. System implementation 

Giải thích: Theo yêu cầu của phản biện, ở phần này 

chúng tôi bổ sung thêm một kết quả của quá trình cài đặt 

thực nghiệm trên hệ thống tư vấn film nhằm mô tả trực 

quan kết quả của quá trình tư vấn (Figure 7). Hình này mô 

tả danh sách các bộ phim mà một người dùng nào đó có thể 

thích, kèm theo đó là giá trị dự đoán cho từng bộ phim đó. 

System is built by using Objective C and Open Graphics 

Library (OpenGL). To evaluate the performance of the 

system, we use dataset MovieLens 100K including 100000 

ratings (with scale from 1 to 5) from 943 users for 1682 

movies. Each user rated at least 20 movies and supplied 

demographics information (age, gender, occupation,…). 

 

Figure 6. Prediction algorithms with input is the item which 

needs to be predicted 

After the operation in 300 time steps, we recognize that 

forces acting upon agents are gradually decreasing to 0, 

agents do not move any more, the distances among agents 

do not change as well. At that time, the model reaches 

stable status. Because the proposed model is a  

self-organized model of agents in the space, the similarity 

of agents is shown exactly in this model. Hence, the result 

of prediction will be the rating values for nearest movies to 

the one needed to be recommended in the space. The 

prediction algorithms is illustrated in Figure 6. 

After having the prediction for items which maybe 

liked by active user, the system collects all the films which 

are unseen by active userwith highest predicted ratings. 

The list of recommended films is described in Figure 7. 

 

Figure 7. List of recommended films with predicted ratings 

(according to measurement scale from 1 to 5) 

4.2. System evaluation 

After offering prediction value for active user, we 

compute prediction accuracy (MAE) for five testing data 

sets. This result is illustrated in Figure 8. below: 

 

Figure 8. MAE for five testing data sets 

The Figure 8. shows that attractive and repulsive multi-

agent model give accurate prediction with the average of 

MAE of 0.724. Meanwhile, this value for item-based CF 

proposed by Badrul Sarwar et al. [2] is 0.723. It can be seen 

obviously that recommendation results offered by our 

proposed model and previous CF methods are equivalent. 

 

Figure 9. MAE values for the proposed model 

and traditional CF technique 

Otherwise, the quantity of selected neighbors 

significantly influences on the MAE value. Experimental 

result (Figure 2) denotes that if the number of selected 

neighbors is under 50 then MAE value is quite high, if the 

quantity of selected neighbors is over 50 then MAE value 

is quite stable and decreases regularly. This proves that our 

model works more stably than traditional CF techniques. 

Begin 

Pick list of items rated by active user 

Choose k nearest neighbors with 
item needs to be predicted 

Get mean rating value of k nearest 
neighbors 

End 



84 Tran Thi Ngoc Trang, Le Viet Man, Nguyen Minh Duc 

 

What is more, our proposed model also overcomes the 

common limitations of traditional CF methods related to 

computation time and scalability when new item or new 

user is added to the system. Indeed, adding new objects to 

our system means that adding agents to the model, then 

computation is processed and agents will move in the space 

until they find the exact position. That is the main 

advantage of our model. 

5. Conclusion and future works 

The paper proposed a reactive multi-agent model for 

item-based RS. With MovieLens 100K dataset, 

recommendation movies are the acquired result based on 

the analysis rating values of hundreds of former users. 

Experimental results also indicate that attractive and 

repulsive multi-agent model can be used as an alternative 

approach for CF techniques with more stable performance. 

Moreover, the model solves problem of recomputing when 

a new item is added to the system. This research is the basis 

for future works of reactive multi-agent model for RS with 

many improvements in the performance, the ability of 

visualization and interaction so as to enhance 

persuasiveness, transparency and satisfaction for 

explanations in RS. Furthermore, by combining item 

agents and user agents in the environment, supplementing 

knowledge/content into agents will help to give more 

intelligent and exact recommendation results. 
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