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Abstract Section 5. The last section concludes the paper and points out
We improve in this paper an algorithm that taskhe user’s possible directions for future work.

content dynamicity by modeling the CRS as a contextual bandit

algorithm. We havéncludingasituation clustering algorithito 2. RELATED WORKS

improve the precision of the CRS. The algorithm combines k- We review in the following recent relevant recommendation
mean and the ant clustering approaches. The expedment techniques that tackle the two issues mentioned above, namely:

results reveal the performance of our proposed algorithm. following the evoltion of the user’s contents using bandit
algorithm and considerinthe user’s situation on recommender

Introdution system.

H.3.3 [Information Search and Retrieval]: information filter- 21 Clustering Overview

ing, Selection process, Relevance feedback. The clustering is one of the must machine learning approaches

used to group information.

Ger_\a'a] Terms Different clustering algorithms exist and two of them are the
Algorithms most used.

The ant based algorithm provides acceptable clusters of data
KeyWOI‘dS without any knowledge of the initial clusters [14], and the K-
Recommender system; context-aware; machine learningd-expl means algorithm is more efficient for large datasets bua-it r
ration/exploitation dilemma;k-mean Clustering; Ant Clustering. quires good initialization. These initial values are provided by

the ant based algorithm [8] and keep reassigning the thata o
1. INTRODUCTION jects in the dataset to cluster centroids based on the similarity
An amount of research has been done in recommending inte between the data object and the cluster centroid.
esting content for mobile users. Earlier techniques in Context-

g\warg Rle(iomm;shnder Systtetr_ns (ICbRﬁ) [_6' Eftﬁz‘ 24 ztare d lincludes two modules, the ant module and the K-means module.
ased solely on the computational behavior of th€ USer to mo eUsing this approachwe try to improve the precision of the
his interests regarding his surrounding environment lika-loc CRS

tion, time and near people (the user’s situation). The main limi- ) ) )
tation of such approaches is that they do not take into accountThe two features cited above are not considered in the surveyed

the dyiamicity of the user’s content. approaches as far as we know.

Few works found in the literature [1, 2, 3] solve this proumn In what fO"OWS,We define brleﬂy the structure of the user’s
addressing't as a need for ba|ancing exp|0ration and ex@.loit model and the methods for inferring the recommendation-situ

tion studied in the “bandit algorithm” [21]. t?ons. Th_en,_ we explain hOV_V to manage th_e e_>ep|or
tion/exploitation strategy, according to the current situation.

We use an hybrid ant approach called antkmegreedy that

The authors on [1, 2, 3] describe a smart way to balance-expl
ration and exploitation in the field @RS However, only [3] 3. Key Notion

considershe user’s situation clustering for recommendation. The user’s model is structured as a case base. which isneo

In this setting, we propoge improve the clustering algorithm  posed of a set of situations with their corresponding user’s

used in [3] by considering ant clustering. preferences, denotdd = {(S; UP')}, whereS is a user’s situa-
The rest of the paper is organized as follows. Section 2 reviewstion (Section 3.2.1) andJP' its corresponding user’s prefer-
some related works. Section 3 gats the user’s model of our ences (Section 3.1).

CRS. Section 4 describes the algorithms involved in tloe pr

9
posed approach. The experimental evaluation is illustrated in 3.1 TheUser’s Preferences
The user’s preferences are contextual and might depend on

many factors, like the location or the current task within an
activity. Thus, they are associated to the user’s situation and the
user’s activity. Preferences are deduced during the user’s navi-



gation activities. A navigation activity expresses the following
sequence of events: (i) the user’s logs in the system and navi-

gates across documents to get the desired information; (ii) the
user expresses his/her preferences about the visited document§ormally,

We assume that a visited document is relevant, and thus b
longs to the user’s preferences, if there are some observable

user’s behaviors through two types of preference:

3.3 Theproposed CRS ( antkmean-g-
gr eedy)

our contextual-bandit algorithm proceeds in discrete
trials¢ = 7...T. For each triat, the algorithm performs thelfo
lowing tasks:

Task 1: Let S be the current user’s situation, and PS the set of

- The direct preference: the user expresses his/her interest in th@aSt situations. The system compgﬁ?with the situations in
document by inserting a rate, like for example putting starts PS in order to choose the most similg using theRetrieve-
(“*”) at the top of the document. Case() method [1, 2, 3]

- The indirect preference: it is the information that we extract 1Sk 2: LetD be the document collection aby <D the set of
from the user’s system interaction, for example the number of documents recommended in situat®h After retrievingS the

clicks on the visited documents or the time spent on a-doc SyStém observes theer’s behavior when reading each docu-
ment. mentd; €D,. Based on observed rewards, the algorithm shoo

) . , es the documert, with the greater rewang, using the Recom-
Let UP be the preferences submitted by a specific user in the mendDocuments() method [1, 2, 3]

system at a given situation. Each documendfnis represented
as a single vectad=(cy,...,c,), wherec; (i=1, .., n) is the value
of a component characterizing the preferencest We congil-
er the following components: the total number of clicksdpn
the total time spent readirdy the number of timed was re-
ommended, and the direct preference ratd.on

3.2 Context Model

A user’s context C is a multi-ontology representation where
each ontology corresponds to a context dimen€e(O, gcation,
Orime: Osocial)- Each dimension models and manages a context
information type. We focus on these three dimensions since
they cover all needed information. These ontologies are d
scribed in [1] and are not developed in this paper.

3.2.1 Stuation Model

A situation is a projection on one or sevetabr’s context
dimensionsIn other words, we consider a situation as a triple

= (OLocation-Xi» Orime-%j, Osocial-X) Wherex;, X, andx, are ontob-

gy concepts or instances. Suppose the following data are sense ) o
from the user’s mobile phone: the GPS shows the latitude and To accelerate the computing similarity between the current

longitude of a point "48.8925349, 2.2367939"; the local fisne situation S* and the situations existing on the case base, we
"Mon May 3 12:10:00 2012" and the calendar states "meeting study the existing clustering algorithm. We use an hybrid ant
with Paul Gerard". The corresponding situation is: approach that includes two modules, the ant module and the K-

means module. The ant based algorithm provides acceptable
S=(OLocaiion, "48.89,2.23", clusters of data without any knowledge of the initial clusters
Orime"Mon_May_3_12:10:00_2012", Ogya- “Paul_Gerard”). [18], and the K-means algorithm is more efficient for large
To build a more abstracted situation, we interpret the user’s datasets but it requires good initialization. These initial values
behavior from this low-level multimodal sensor data using

are provided by the ant based algorithm [19] and keeps rea
ontologies reasoning means. For example, f8me obtain the signing the data objects in the dataset to cluster centroids based
following situation:

on the similarity between the data object and the cluster ce

MeetingAtRestaur ant= (O puion REStaUraN, troigl. In the initial stage, the ant module is executed for a short
Ospua Financial_dlient). period (50 to 100 |ter_at|on_s) to dlscove_r the number of cluster

Social = and to avoid consuming high computation. The result from the
For simplification reasons, we adopt in the rest of the paper theant module is used as the initial seed of the K-means module.
following notation: The K-means algorithm is applied for refining and generating
the final result. The whole approach can be summarized as: (1)
Start the ant clustering process until the maximum number of
iterations is exceeded.(2) Inherit clustering result from ant as
the initial centroid vectors of K-means module. Start K-means
Among the set of captured situations, some of them areahara process until maximum number of iterations is reached.
terized asigh-level critical situations.

Task 3: The algorithm improves its document-selection strategy
with the new observatiordy, r;). The updating of the case base
is done using théuto_improvement() method (Section 4), to
accelerate the situation similarity computing this method i
cludes a situation clustering algorithm.

Our goal is to design the bandit algorithm so that the expected
total reward is maximized.

In the field of document recommendation, when a document is
presented to the user and this one selects it by a click, a reward
of 1 is incurred; otherwise, the reward is 0. With this definitio

of reward, the expected reward of a document is precisely its
Click Through Rate (CTR). The CTR is the average number of
clicks on a recommended document, computed dividing the
total number of clicks on it by the number of times it was re
ommended. It is important to know here that no reward rt,d is
observed for unchosen documedts dt previously displayed.

4. SituationClustering

Orime-Work_day,

S= (X, X, XJ. The previous example situation became thus:

MeetingAtRestarant=(Restaurant, Work_day,
cial_client).

Finan-



Algorithm 1 Situation clustering()

1: Input: (e, ..., &7): candidate values far
2: ck=antclustering(LS) ;

3: C=K-means(ck) ;

4: Output: (Cy, ..., Cy)

Algorithm 1 Situation clustering()

1: Input: Situations ={$...., Sp}, Agents = {a,...,
aA}, grille G

2. Scatter the situation and ants randomly on thg
board

3 for (t=1;t<=fx; t++)
4: for (ant = 1; ant <= number of ants; ant++)

5: if (antis not carrying an situation and findusit
ation Si)

6: if (probPick(ant, Si)>= threshold)

7. pickltem(ag, Si);

8: else if (ant transport situation Si and la cellule
empty)

9: if (probDrop(ag, Si) >= threshold)

10: dropltem(ag, xi);

11: the ant moves to an empty cell

12: Output: (location of situations {S1,..., Sn} on
the board G)

We have conducted a diary study with the collaboration of the
French software company Nomaly3his company provides a
history application, which records the time, the current location,
the social and navigation information of its users during their
application use. The diary study has taken 18 months and has
generated 183 diary situation entries.

In our experiments, we have firstly collected the 3000 situations
(HS with an occurrence greater than 100 to be statistically
meaningful, and thel0000 documents HID) that have been
shown on any of these situations.

The testing step consists of evaluating the existing algorithms
by giving to these last as an entry a situaﬁﬂr&;elected -
domly from the samplingdS, wheret is the identifier of the
situation,j is the number of time that the situatiSrhas selee

ed andj. is the number occurrence o in HS. The evala-

tion algorithm calculate and display the average CTR every
1000 iterations, The average CTR for a particular iteration is
computed by the methagetAVCTR and it is the ratio between
the total number of clicks and the total number of displays. The
number of documentsd\J returned by the recommender system
for each situation is 10 anee have run the simulation until the
number of iteration§) reaches 10000..

5.1 Resultsfor € Variation

In order to evaluate only thiepact of considering the user’s
situation clustering in our bandit algorithm, we have compared
the presented algorithm to a variant were we use only keam
algorithm we called the algorithm kmaemgreedy .Weomitted

also the clustering part of the antkmeagreedy that we called
e-greedy Each of the competing algorithms requires a single
parameer ¢. Figure 4 shows how the average CTR varies for
each algorithm with the respective

Algorithm 8 Situation clustering()

Input: (Cq, ...,Cy): candidate k-clustering

1. For t=1 to t,ax doO

//Assign each situation vector to the closest

cluster centroids.
//Recalculate the cluster centroid vector ¢jusing
. 1
2: _
C=n 2.,
le ES]

3: Endfor
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Figure 1. Variation ¢ tradeoff

Figure 4 shows thatvhen the parameter ¢ is too small, there is

5. EXPERI MENTA_L_ EVALUATION an insufficient exploration; consequently the algorithms have
In order to evaluate empirically the performance of opr @ fajled to identify interesting documents, and have got a smaller
proach, and in the absence of a standard evaluation frameworknymper of clicks (average CTR).

we propose an evaluation framework based on a diary set of . )

study entries. The main objectives of the experimental avalu We can conclude from the eyaluatlon that using antknsean-
tion is to evaluate the performance of the proposed algorithm w. 9r€edy perform the other algorithms

r. t. the & variation and the dataset size. In the following, we
describe our experimental datasets and then present and discussNomalys is a company that provides a graphical application
the obtained results. on Smartphones laking users to access their company’s data.




6. CONCLUSION

In this paper, we have proposed an apoche that combine k-mean

and ant clusted to improve the situation’s clusting in tcontext
awer recommender system.

In order to evaluate the performance of the proposed algorithm,

we compare it with other standard exr/exp strategies. The-expe
imental results demonstrate the positif impact of the situation
clustering in the contextual bandit algorithm. In the future, we
plan to extend our situation with more context dimension, and
we plan to evaluate our approach using an online framework.
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