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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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agent systems; reactive multi-agent model; reactive agent;
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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

Litem 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

Giai thich: Trong phan nay, mé hinh da tac tir phan Gng
v6i mdi truong da dugc thé hién kha rd qua cac phan nho
ma ching toi da néu & bén dudi. Viéc trinh by phan toan
hoc cua mé hinh chii yéu xoay quanh viéc tinh d6 lon caa
luc va hop luc tac dong 1én mot agent. Theo do, viéc tinh
toan do 1on cua luc da duoc noi rd trong phan 3.2. Con ddi
vé6i hop luc tac dong 1én mot agent, dé rd hon, ching toi da
¢6 bd sung mét phan ghi chiveé viéc tinh tong hop luc tac
dong Ién mot agent dwa trén cac lyc tdc dong 1én mot agent
va céc lang giéng cua né (Figure 3).
3.1. Model overview

The proposed model uses reactive agents in which each
agent represents an item* 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).

Proximity Defined area

Sampling Random

L J
° ® ° L L] *

L] L . . *®
...

® Candidatencighbors
Selection area for candidares

Agents in the space
@  Ssclected agent

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).

Reaction to neighbour 2 Result
(Repulsion)

Reaction fo neighbour 1
(Repulsion)

Neighbour 2 Neighbour 2 Neighbour 2

Neighbour 1 Agent + Neighbour 1 Agent -
-

o 6 o? 0

Neighbour 1 Agent

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:

- 7)(raj — )

ZaEU(Ta,i
Wi,j = > 2
\/Zaeu(ra,i - 7_'1) Zaeu(ra,j - 7_})

where wij; is the similarity between item i and item j, U is
the set of users rating for both item i and item j, r;is rating
value of user a for item i and 7; is the average rating value of
all users for item i, r,jis rating value of user a for item j and

7, 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).

Unsimilar Strong repulsion
Weak repulsion

Neutral

Weak attraction

SIMILARITY

AL ATTRACTIVE
Similar ESHOLD FORCE

Near Far

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 — W.miz % d
(Winax — W)
If results are lower than neutral threshold, we have
attractive forces which are computed by:
w—-w
f (Wmax - VT’)
where w is the similarity between two agents;w, wy,qy,
Wpinare 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

Strong attraction

X d
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not offer the high accuracy for the model. So, a global level After having the prediction for items which maybe
is needed to break down the local connections and collect  liked by active user, the system collects all the films which
small groups together in order to enhance the accuracy of  are unseen by active userwith highest predicted ratings.
the model. The list of recommended films is described in Figure 7.

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
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Figure 7. List of recommended films with predicted ratings
Figure 5. Simulation on local level (a) and global level (b) (according to measurement scale from 1 to 5)

) 4.2. System evaluation
4 Experlme_ntal results_ After offering prediction value for active user, we
4.1. System implementation compute prediction accuracy (MAE) for five testing data
Giai thich: Theo yéu cau cua phan bién, ¢ phan nay  sets. This result is illustrated in Figure 8. below:
chdng téi b6 sung thém mot két qua caa qud trinh cai dat 0733

0.7
thuc nghiém trén hé théng tu van film nham md ta tryc oy 073
quan két qua cua qua trinh tu van (Figure 7). Hinh nay mo ' 0.724 I
us

5 , z A - N A IRE N , s 2 0.725
ta danh sach cac bo phim ma mét nguoi dung nao do co thé

thich, kém theo do Ia gié tri du doan cho ting bo phim do. g 07
= X 071
System is built by using Objective C and Open Graphics o I
ul u2 u3 ud

Library (OpenGL). To evaluate the performance of the o
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 8. MAE for five testing data sets

’ The Figure 8. shows that attractive and repulsive multi-

0.705

0.7

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.
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Figure 6. Prediction algorithms with input is the item which The quantity of selected neighbors
needs to be predicted —a—MAM ——CF

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 ~ Otherwise, the quantity of selected neighbors
stable status. Because the proposed model is a significantly influences on the MAE value. Experimental

self-organized model of agents in the space, the similarity ~ result (Figure 2) denotes that if the number of selected
of agents is shown exactly in this model. Hence, the result ~ N€ighbors is under 50 then MAE value is quite high, if the

of prediction will be the rating values for nearest moviesto ~ duantity of selected neighbors is over 50 then MAE value

the one needed to be recommended in the space. The is quite stable and decreases regularly. This proves that our
prediction algorithms is illustrated in Figure 6. model works more stably than traditional CF techniques.

Figure 9. MAE values for the proposed model
and traditional CF technique
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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
anew 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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