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Abstract— Access to relevant information adapted to the neis
and the context of the user is a real challenge Web Search,
owing to the increases of heterogeneous resourcendathe
varied data on the web. There are always certain mels behind
the user query, these queries are often ambiguousné
shortened, and thus we need to handle these queries
intelligently to satisfy the user’s needs. For impoving user
query processing, we present a context-based hybrichethod
for query expansion that automatically generates ne
reformulated queries in order to guide the informaion
retrieval system to provide context-based personaéed results
depending on the user profile and his/her contextHere, we
consider the user context as the actual state ofahask that the
user is undertaking when the information retrieval process
takes place. Thus State Reformulated Queries (SRQare
generated according to the task states and the userrofile
which is constructed by considering related concept from
existing concepts in domain ontology. Using a taskodel, we
will show that it is possible to determine the uses current task
automatically. We present an experimental study irorder to
quantify the improvement provided by our system corpared
to the direct querying of a search engine without
reformulation, or compared to the personalized refomulation
based on a user profile only. The preliminary resut have
proved the relevance of our approach in certain caexts.

Keywords-Information Retrieval; Query Reformulation;
Context; Task modeling; Personalization; user profile.

l. INTRODUCTION

The Internet offers almost unlimited access tdialtis of
information (text, audiovisual, etc.), there isasly growing
expanse of data to search, heterogeneous data,amand
expanding base of users with many diverse infoonati
needs; thus, the Information Retrieval (IR) fieldshbeen
more critical than ever. Information Retrieval st (IRS)
aims to retrieve relevant documents in responsa teer
need, which is usually expressed as a query. Ttiewed
documents are returned to the user in decreasider af
relevance, which is typically determined by weighti
models. As the volume of the heterogeneous respormehe
web increases and the data becomes more variedjvmas
response results are issued to user queries. Taige
amounts of information are returned in which itafen
difficult to distinguish relevant information frosecondary
information or even noise; this is due to inforraatretrieval
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systems IRS that generally handle user queriesoutith
considering the contexts in which users submitehpseries
[1]. Therefore it is difficult to obtain desiredstdts from the
returned results by IRS. In recent research, IRaehers
have begun to expand their efforts to satisfy tiiermation
needs that users express in their queries by amirsidthe
personalized information retrieval area and by gisihe
context notion in information retrieval.

Recent studies, like [2], have tried to enhanceser u
query with user's preferences, by creating a dyoanser
profile, in order to provide personalized resutiewever, a
user profile may not be sufficient for a variety o$er
queries. Take as an example a user who entersuiigy q
“Javd into a personalized Web search engine. Let us now
suppose that the user has an interest for computer
programming. With this information at hand, it shiblbe
possible for a personalized search engine to digarate the
original query Javd. The user should receive results about
Java programming language in the top results. But i
particular situations, the supposed user may ndechiation
about the Java Island, to prepare a trip for exampt
information about the Java Coffee that is not dj@tin his
profile. Thus the user will hardly find these resul
subjectively interesting in a particular situatioone
disadvantage of automatic personalization techsidgsiehat
they are generally applied out of context. Thus,atioof the
user interests are relevant all of the time, uguallly a
subset is active for a given situation, and thé caanot be
considered as relevant preferences.

To overcome the previous problem and to addres® som
of the limitations of classic personalization sys$e studies
taking into account the user context are curremtigertaken
[3]. The user context can be assimilated to aliofacthat can
describe his intentions and perceptions of hiscsumdings
[3]. These factors may cover various aspects: enmient
(light, services, people, etc.), spatial-temporkicdtion,
time, direction, etc.), personal (physiological, niad,
professional, etc.), social (friends, colleaguets,)e task
(goals, information task), technical, etc. FigsHows these
factors and examples for each one [4].

The user context has been applied in many fielld,od
course in information retrieval area. Context inH& been
subject to a wide scope of interpretation and appbtin [5].
The problem to be addressed here includes howptesent
the context, how to determine it at runtime, and ho use it
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to influence the activation of usergperences. It is ver
difficult to take into consideration all the contieal factors
in one information retrieval system, so the redsens ofter
define the context as certaifactor, such as desktop
information [6], physical user locatidfT], recently visited
Web pages [8], session interaction d&jadtc.

User context

‘ Task context ‘Social conlext‘PersonaI contexl‘Spatio—temporaI context‘ Envir. context‘

Location

Goalg Friends sl Light
Task Information Colleagues D_lrecllon Services
Time People

‘Physiological context‘ ‘Mental context‘

Height Mood
Weight Expertise
Age Interests

Physical ability

Figure 1. A context mode

In this paperpur definition of the context is that the cont
describes the userurrent task, its changes over time .
its states, i.e., we take intmnsideratiorthe task which the
user is undertaking when the information retriepedcess
occurs. Consequently, in this papehen we talk about tr
context,we talk about the user’s current task and its s
over times.

In the present, it has become common to seely
information on the Wb, including such tasks as us
information retrieval system for shopping, traveloking,
academic research, and so on. Thus,important to attemy
to determine not only what the user is looking tmuf alsc
the task that he is trying to accomplisideedunderstanding
the user task is critical to improve the processifigiser
needs. On the other hantthe increase of mobile devic
(such as PDA, cellular phone, laptop...) includingedse
platforms, various work environmentdave created ne
considerations and stakes to be satis So, it is expected to
use the mobile devicesywhere to seek information neec
to perform the task at handhis is the case of the mob
user. As we consider the user’s current task, the take
into account the case of mobile user when he ¢
information, needed to perform his current taskubiyng the
mobile devices. Knowing thathe information needs 1
mobile users to perform taskare related to contextu
factors such as user ingsts, user current task, locati
direction, etc. Here, theproblem is that the class
information retrieval systems do thoonsider the case
mobile users and provide same restdtshemfor different
needs, contexts, intentions and personalitie too many
irrelevant results are provided, it is often dific to
distinguish contextelevant information froi the irrelevant
results.
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User query is an element that specifies an infaomi
need, buthe majorities of these queries are short (85¢
users search with no more than 3 keywd [10]) and
ambiguousand often fail to represent the information n
especially the queriesf the mobile user, which do not
provide a complete specification of the informatioeed.
Many relevant terms can be ant from queries and terms
included may be ambiguous, thus queries must beepsec
intelligently to address more of the users inteh
requirements.Typical solution include expanding query
representatiorhiat refers to methods of query reformulati
i.e., any kind of transformation applied to a queoy
facilitate a more effective retrievaThus in the query
reformulationprocess the initial user query is reformuli
by adding relevant termsviany approaches use different
techniques to seledhese elevant terms, the difference
between them depend dhe source othese terms, which
may extractfrom results of previous research (releva
feedback) or from an external resource (semeresource,
user profile,...etc), or depend the method which is used to
select relevarierms to be added to the initial qus

The researchpresented in th paper, combines the
advantages of the two arecontext and personalization in
order to provide contexiased personalized results
appropriate answer to theear query submitted in a particu
context.In fact, the user querthat is submitted to a typical
Web search enginer information retrieval system, is r
sufficient to retrieve the desired results, thusaihto the
user to formulate his/her queryfore submitting it to the
information retrieval system will be effective, esglly in
the case of the mobile user because his/her qseofteén
short and related to a task at hand. In this stueydo nof
consider the information retrieval models timainly focus
on the match between the resource (indexed files)tha
user query to provide the relevant res, and do not attempt
to understand the user quebut the main idea of this stu
is to propose an intelligent assistant that caregea new
reformulated query before submitting it to the mnfiation
retrieval system in order to personalize and cdotdize the
access to information. Thuwe tries to improve the user
query processing based ¢me (ser profile (personalization
area) and the user contggbntext area)We will present an
algorithm to generate conte-related personalized queries
from the initial user querylhus,this paper presents a hybrid
method to reformulate user queries dependinghis/her
profile, which containghe us€’s interests and preferences,
together with the user‘sontex, which is considered as the
actual state of his/her current task. The genergtesty is
denoted: State Reformulated Query SIWe will prove that
these SRQueries will guide thelRS to provide context-
based personalized resulighich are more relevant than
those provided by using the initial user query and th
provided by using the wuser query with simg
personalization, depending only on the user profilethe
same context.

We propose that thaser querie, which are submitted
during the performance of one task at hand, asteetlto thi
task, indeed that are part ofA task is a work package that
may include one or more activities, in other woithe
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activities are required to achieve the task. Thasuser task
can be represented by using UML activity diagranorider

to detect the transitions between the task statesme

changes. The activities, in UML activity diagrame atates
of doing something. For instance, if a user hagr¢@mnize a
workshop, there are many states for this task, ssclhe
choice of the workshop topics and the choice ofpitogram

committee members, etc. Submitting two equivalergrigs

in tow different states, the relevant results atheask state
will be different, so the proposed system has twige the
different relevant results at each state.

The rest of the paper is organized as follows: iSe@
shows the related work; Section 3 introduces modal$
algorithms to reformulate a user queries and isgmts the
architecture of our system; Section 4 shows themx@ntal
study and the evaluation of our system; Finallycti®a 5
gives the conclusion and future work to be done.

II. RELATED WORK
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In fact, most of the existing query expansion frareks
have an inherent problem of poor coherence between
expansion terms and user’s search goal. User'stsegmal,
even for the same query, may be different at diffestates.
This often leads to poor retrieval performancethi@ logic
cases, the user's current search is influenced ibhéer
current context and in many instances it is infaezh by
his/her recent searches. In this paper, we propokgbrid
guery expansion method that automatically genergesy
expansion terms from the user profile and the tesst. In
our approach we exploit both a semantic knowledge
(Ontology) and a linguistic knowledge (WordNet) learn
the user’s task.

B. Task Model

One aspect of characterizing user's contexts is to
consider the tasks which have led them to engage in
information retrieval behavior. Users use documetats
understand a task and solve a specific problems,Wwhen a

Many studies have been employed to expand the usEfer begins a task, he searches the informatiamilidelp

query in information retrieval area, as far as wew these
studies do not depend on the user task, in thierpape
depend on a task model for expansion the user gthery in

solve the problem at hand. It must be distinguighetdveen
the task of information retrieval and the task ttegfuires the
information retrieval in one of its phases. In feeond type,

expansion had been investigated. In secBorwe review
studies where task model had been used.

A. Query Expansion

Query expansion is the process of augmenting tegsus

query with additional terms in order to improveuies by
including terms that would lead to retrieving moetevant

detect the related context that will aid the taskoation.
Various researchers have demonstrated that theedesi
search results differ according to types of tasksording to
[16], two types of tasks: Informational task whictvolves
the intent to acquire some information assumecetpriesent
on one or more web pages; transactional task whibased
on the intent to perform some web-mediated activitye

documents. Many works have been done for providin@pproach [17] proves that the nature of the task &wa

personalized results by query reformulation. Apphaes
based on the user profile for query enrichment haeen
proposed, this process consists in integrating ehsnof the
user profile into the user’s query [11]. The lintiva of these
approaches is that they do not take into considerahe
user context to activate elements from the usdil@ro
Studies on query reformulation by relevance feekllaae
proposed, the aim is to use the initial query ieorto begin
the search and then use information about whetheotathe
initial results are relevant to perform a new qu§tg].
Because relevance feedback requires the userect sghich
documents are relevant, it is quite common to wesgative
feedback. Furthermore the techniques of disambimuaim
to identify precisely the meaning referred by thirts of the

query and focus on the documents containing thedsvor

quoted in the context defined by the correspondiegning
[13]. But this disambiguation may cause the querynbve
in a direction away from the user’s intention andraent the
query with terms related to the wrong interprefatio

Many approaches, like [14], try to reformulate theb
gueries based on a semantic knowledge by usindogytin
order to extract the semantic domain of a word aad the
related terms to the initial query, but sometinfesse terms
are related to the query only under a particulantext.
Others use sense information (WordNet) to expaadjttery
[15].

impact on decisions of relevance and usefulness.

The task modeling consists of describing of annogti
procedure to achieve the goal, a sequence of action
operations in a given environment. Watson’'s “Jogife”
information retrieval system [18] monitors userasks,
anticipates task-based information needs, and tvedc
provides users with task-relevant information. The
effectiveness of such systems depends both on their
capability to track user tasks and on their abiiayretrieve
information that satisfies task-based needs. Heeepser's
tasks are monitored by capturing content from hger
Explorer and Microsoft Word applications.

In the approach [19], a language model of a uss i
defined as a weighted mixture of task componentisrigs,
result sets, click stream documents, and browsedrdents.
Approach [5] describes a study on the effect omienl
performance of using additional information abche tiser
and their search tasks when developing IRF (Intplici
Relevance Feedback) algorithms.

In fact, while known to be useful in the developieh
interactive systems, task models are also knowrnbeo
difficult to build and to maintain. This difficultis due to the
fact that in order to support a variety of taskleggions and
analyses, task models should include represensatiin
various levels of information, from the highest dewser
goals down to the lowest level events, and thewishbe
represented in a single, coherent representatfeense.
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1.  MODELS AND ALGORITHMS

Our aim is to provide context-based personalizedlte
in order to improve the precision of informatiortrieval
systems by reformulating the initial user queriasda on the
user context and the user profile.

The identification and the description of the userking
context when he/she initiates a search can be edducthe
identification of his/her current task and the itifazation of
related terms from his/her profile. This relies ¢ime
observation of the on-going user's current task aas
contextual factor (for example, user’s task likearghing of
a restaurant or a hotel, organize trip, etc.). Thues design
an intelligent assistant to extract relevant tetonthe current
search session, but what do we mean in relevamsgr
Terms are relevant if they are complete and specifi

e Complete: This means that the terms are related to
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document model. Hy): The probability of ternmt in the
query model.
Rq|D) =[P (t|6p)°"?

where: ¢ {; q) Frequency of termhin queryq;

The basic retrieval operation is still limited teykvord
matching, according to a few words in the queryiffiprove
retrieval effectiveness, it is important to createmore
complete query model that represents better therdtion
need. In particular, all the related and presumextdss
should be included in the query model. In theseegawe
construct the initial query model containing orthe toriginal
terms, and a new model SRQ (state reformulatediep)er
containing the added terms. We generalize thiscgubr and
integrate more models for the query.

Let us use” o to denote the original query modél,,

(2

submitted query, user profile and user's task i th for the task model created from the main predefitzeks,

same time. (Query expansion).
» Specific:

refinement).

the terms do not contain stop words, y )
duplicated terms and out of context terms. (Querymain task, and’ @ for a user profile mode

0 qs for the contextual model created from the stafe=saoh

0
IQ 9 can be
created by MLE (Maximum Likelihood Estimation). @iv

These terms are used to generate a new reformulatdftese models, we create the following final queydel by

query which will submit to the information retridwgystem
to return context-based
obligatory to be related to the next session ofdbarch at
the same user’s task.

Here, we will describe our approach which contéimse

models: Task model, user profile model and SRQ inode

which is used to generate the State Reformulateeri€al
The task model is responsible for defining the eotrr
working context by assigning one task to the ihitjgery

from the predefined tasks. The user profile modgl i

responsible for exploiting user profile by usingoimation
contained in profile to adapt the retrieved restdtthis user.
The SRQ model is responsible for collecting atteéisufrom
the current task, one attribute at least for eask state. The

values of these attributes may be retrieved frome th

operational profile. Thus, to reformulate a usegrgwe do a
query expansion with the relevant terms and theexeiide
the irrelevant terms (query refinement). The reslijuery is
denoted SRQ (State reformulated Query).

The several models will be described in the folluyvi
sections.

A. General Language Model

Before describing the models, in this section, wi# w
construct a new general language model for quepaesion
including the contextual factors and user profileorder to
estimates the parameters in the model that is aateto
information retrieval systems. In the language ninde
framework, a typical score function is defined in-K
divergence as follows [20]:

Score(q, D):E/ P(t]0,)log P(t|0p)ec -KL [, [16,) (1)
where:0p is a language model created for a docunient
0y a language model for the quegygenerally estimated by
relative frequency of keywords in the query, andthé
vocabulary. R{p): The probability of termt in the

interpolation:

results. These terms are no

P(tlg,) =2 aP(t|é,) ®)

where: X= {0, A, S, U} is the set of all component
modelsQ, (With >’ a, =1) are their mixture weights. Thus

iox

the (1) becomes:

Scor¢q,D) =33 aP(t|4,)logP(t|§,) =Y aScorgg, D) (4

i0x iOx

where the score according to each component medel i
Score, (q,D) = ) P(t]6,)log P(t|6,)

tav

®)
B. User Context Modeling

In this section, we will propose a new contextuslgsis
method which views the user context as the usensent
task and its changes over time. The stages of dbk t
performance are called task states and the trangibm one
stage to another means that the user has complhesestage
of the current task. Thus, in this study, when al& aibout
the user context we talk about the task which ther us
undertaking when the information retrieval processurs
and the states of this task. Therefore, we needddel the
user’s current task in order to expand the useryguéth
contextual task terms that orientate the sear¢haaelevant
results.

1) Current Task Modeling

The task model is used to detect and describeatbie t
which is performed by the user when he submitshais/
guery to the information retrieval system, as oriethe
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contextual factors which surround the user durithg t
information retrieval process.

Firstly, we have to distinguish between the adtidhd
the task. In fact, an activity can be something yo@ just
doing, and it may or may not have any purposes ithe
action actually performed, while a task is the psgwhich
is prescribed. Thus the activities are requireadbieve the
task. In other words, a task is a work package thay
include one or more activities. Accordingly we capresent
the user’s task by a UML activity diagram which tzons all
the activities needed to perform this task. Eaelgestwhich
is needed to accomplish the current task is calsH state.
Thus, the actual activity in the UML activity diagn
expresses the actual state of the current task.

In our task model, we depend on study questionsi§iiie
which were used to elicit tasks that were expettetle of
interest to subjects during the study. In that wt(f],
subjects were asked to think about their onlinermftion
seeking activities in terms of tasks, and to crgmesonal
labels for each task. They were provided with sexemple
tasks such as “writing a research paper,” “travelsid
“shopping” but in no other way were they directed,
influenced or biased in their choice of tasks. Aneyic
classification was devised for all tasks identifieg all
subjects, producing the following nine task grogsin
1. Academic Research; 2. News and Weather; 3p@hg
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at least one term for each task state, for instahee
user is currently in one activity “Find a Restaudtan
to do one task at hand for example travel task) the
the state term that explains the activity will be
“Restaurant”.
Terms which represent the related-task concepts
from ontology such as ODP (Open Directory
Project) taxonomyg, t, .....k>.

This index consists afterms. Table 1 shows an example
of this task terms index. We will use this indexemhusing
the vector space model.

TABLE I. INDEX OF TASK TERMS
Term_Id Term tf Occurrence (postings)
1 News 2 A2:1 A9:1
2 weather 2 A2:1 A9:1
3 Shoppint 1 A3:1
4 Restaurant 2 A4:1 A9:1
r

We suppose that each main predefined task can be
considered as one document which includes the testated
to this task from the task index. This document @en
represented by a terms vectdr. We treat weights as
coordinates in the vector space. Term’s weightoisguted
using the term frequency and the inverse document

and Selling; 4. Hobbies and Personal Interests; Srequency ff * idf” as follows:

Jobs/Career/Funding; 6. Entertainment; 7. Petsona

Communication; 8. Teaching; 9. Travel. |Al
For example, the task labels “viewing news”, “rehd Wa, =tf, DOlog(—)

news”, and “check the weather” would be classified
Group 2: “News and Weather”.

We construct a UML activity diagram for each maink
in order to detect the changes over time in thévides
needed to accomplish this task and for describihghae
sequences of the performed task. Each activity hie t
generated UML activity diagram expresses the tas&tsal
state. This state can be explained by terms tratcalied
state terms. Thus there is at least one term fdr &k state.

The task related to a specific query is selecteithele
manually or automatically) for each query.

* Manually: by the user who assigns one task from th
proposed predefined tasks to his/her query. Thi
method is effective when the user can determin
exactly his/her current task.

Automatically: in assigning one task to the user
query automatically. For that, we will conceive an
algorithm based on the vector space model and usin
advantages of existing linguistic resources

(WordNet) and semantic resources (Ontology). this

way can facilitate the process to users, we will
explain this algorithm in the following:
At first, we construct an index of terms calldésk
Terms IndexThis Task Index consists of:
Terms of the predefined main taskd, <, ....,t>.
For example: {News, Weather, Shopping, Selling,
Teaching.....}.
State terms &, t,, ....,}> for each predefined task:
the terms that describe the actual task state.eTiger

index. We present the terms related to the tgskhéws and

weather”, as an example.

where: A is a set of documents which represent the
predefined tasks. Thus |A| is the total numberhis set A.
According to our proposition [A|=9.
ag;. state term that represent the statef the current task A

i : A number of documents that represent the preeéfin

tasks in which ternag; occursj[fas‘ . is the frequency of term

a; in the task Ae A or number of times a termy; occurs in a

é}locument that represents a task A

Table 2 shows the weights of few terms in the tasis

TABLE II. EXAMPLE OF CALCULATING TERM S WEIGHTS/V
0 Counts TFag Weights, Was= TFag*
IDF a4
Terms A | A2 || As | nas | IDFag | As Ae || Ay

News 0| 1 1] 2| 0653| O 0.653 0.653
Weather 0] 1 1] 2| 0653 O 0.653 0.653
Tidings 0] 1 0| 1] 0954 ]| O 0.954 0
Program 0] 1 1] 2| 0653] O 0.653 0.653
information | 1| 1 1| 3| 0477 | 0477 0477 0.477
temperature| 0| 1 0 1| 0.954 0 0.954 0
atmospheric/ 0| 1 o 1 0.954 0 0.954 0
Meteorologi | 0 | 1 0|1 | 0954 0 0.954 0
cal
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Now, let q <t;, t,, .....t> be a query submitted by a
specific user, during the performance of one taskamd
denoted A. This query is composed of terms; it can be b
represented as a single term vedtor 4
We will use both a linguistic knowledg@/prdNej and a
semantic knowledgeQDP Taxonomy to parse the user A
query. Because linguistic knowledge doesn’t captilre Cq A
semantic relationships between terms and semantic )
knowledge doesn't represent linguistic relationshgd the A
terms. The integration of linguistic and semantiowledge
about the user query into one repository will prcelthe so-
calledquery contexthich is useful to learn user’s task. The
notion of query context has been widely mentiomedhany
studies of information retrieval [21]. The purpdsdo use a

v

variety of knowledge involving query to explore theost &
exact understanding of user’s information needs.
Thus the initial query is parsed usingVordNetin order Figure 2. Representation of the tasks and the query as tectors.

to identify the synonymous terms&,s two, ... 0w .

The query and its synonynt, are queried against the where: §, tz', ook (OIMS of task index. L
ODP taxonomy in order fo extract a set of concepts Each term's weight is computed usitfg* idf as we
<C,Ca...,G> (With men) that reflect the semantic knowledge Previously mentioned, (Table 2).

: ) For example, let's take the user qugry{weather}. We
of the user query. Thesg, concepts and its sub (_:onc_epts take again the table 2 and we determine the teumtsol'k
produce the query-contex@y- <Ci, G, ..., G, > which is

L for the query context Land their term’s weights. That is
represented as a single term vecter. shown in Table 3.

Next, to find out which task vectof is closer to the )
- TABLE Ill. EXAMPLE OF CALCULATING TERM'S WEIGHTS FOR THE
guery-context vectof. , we resource to the similarity QUERY CONTEXT AND EACH TASK

analysis introduced in [22]. The concepts in thesrgu

Counts TFag Weights,

contextCy are compared with the previous predefined nine Was= TFas* IDF ag

tasks including their task states terms, for that uge the

3]

H H : Terms C Ar Az Ag Nas |DFag C, Ar A, Ao
cosine _S|m|lar|ty to compare between the query exint e o T ol i il 2 o o o 56t 06h
vector C« and the vectors which represent the tadkdy [Weather 1] 0] 1] 1] 2| 065| 065 O 065 0.8
finding the cosine of the angle between them deipgndn | Tidings 0 | 0 1] 0] 1109 0 0 09 0
the task index which is previously explained. As tingle |Progran |0 | 0 | 1| 1 /2 1068 |0 0 |06t |062

- i information | 0 1 1 1| 3 0.48 0 0.4 048 04
betweenC. and the predefined nine tasks is shortened, [temperature] 1| 0 1 0 1| 095 09§ 0 095 0
meaning that the two vectors are getting closegmmg that |atmospherici 1 | 0] 1] 0 1| 095 09§ 0 095 0
the similarity weight between them increases. Thues |Meteorologi|1 | 0| 1| 0|1 | 095 | 095| O 09% 0

compute the similarity weights as follows: cal

SW (A,) = Cos (C,,A)) -

SW (A ,) = Cos (C,,A,) To find out which task vector is closer to the quer
....... vector, we calculate the cosine similarity. Fist €ach task
......... and query-context, we compute all vectors lengthero
......... terms ignored). For instance the length vectoheftask A
SW (A,) = Cos (C,, A,) is computed as follows:

Finally, the task A corresponding with the maximum |a =/ d65 (069 093 (065 048 0.95+ 0.95+ 0.95 =227

similarity weight (Max (SW(A.))) is automatically selected We do same thing for the others tasks to compuie [|A|,
as the current task. That means: e Al

A = argmax . SWé ,A- Ic.|=+/(065)>+ (095 )* + (0.95 )* + (0.95 )2=1.7§
9 i=1.9(SW(Cq, Ai)) Next, we compute all dot products (zero product®igd).

. For the task A
Thus the task related to a query<ty, t, ....,t> is A "~ _
which is composed of few stateg, &, ..., S. State terms Gy A, '0'65[0'65+0'95[_0'959'95[0'950'95[0'95' 8157
that represent the states S, ..., S of the current task A Now we calculate the similarity values:
are denotedy;, &y, ..., ;. Fig. 2 illustrates the comparison C A 3157
between the different vectors which represent thery Cosine 0. = 2= : =078

- c,|oa,| 1780227

contextC« and the predefined taska: DA A

.
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Finally, the task corresponding with the maximum  Accordingly, we can represent the user task inolgdi

similarity value is automatically selected as therent task.
In this example the task,Aas the maximum similarity with
the query context £

Let's take an example to extract the query cont@xt
from the initial user querg= {Tourism in Toulouse}. The
steps of our algorithm are shown in Table 4:

TABLE IV. APPLYING TASK MODEL TO THEQUERY Q= {T OURISM IN
TOULOUSE.
Description Knowledge Result
used

Parsing the initia] WordNet A set of query termsti(., t)

query q using (tourism, Toulouse) and its
WordNet synonym terms (that will be used fas
the baseline query: (services |to
tourists, touring, travel, city in
France)
The concepts inOntological Set of concepts: query-contextyQ
ontology that information <C, G ...G> with  nen)
represent thefrom ontology| relevant to the baseline query:
baseline  query(such as, ODF(Travel Guides, Travel and
terms arg taxonomy). Tourism, Vacations and Touring,
identified, in Touring Cars, Weather, Food, Maps

order to identify| and Views, hotel, University df
the query-context Toulouse, Commerce and economy,

Co o)

Thus, the assigned task to the user qugris: Ag=

“Travel' as it has the maximum similarity weight with the

query context ¢
2) Contextual Task State

A task is a work package that may include one oremo

activities needed to perform this task. A taskestata stage
of the task processing, or an efficient way of #yey a
particular behavior. Thus the actual state of thieent task
expresses the actual activity needed to accomgilishtask.
Each main task consists of several states that bman
sequential or parallel, the transition betweent#sé states is
related to the events that could occur in the state

For instance, if we have a taslshbpping, we can
consider the task states for the ugexs following:

* Si: Tell you what parts you need.

* S, where to find them relative to your location ret

store?

¢ S3:Whatis on sale?

¢ S, Do comparative pricing.

* S Use your previous profile

customize shopping and delivery.

Once the user's task is detected (either manually
automatically), as mentioned in the previous segtib is
important to determine the actual state of theenirtask in
order to use the related contextual informatiorthia task
modeling. We can consider for each task stateemt lene
term which describes this state and expresses d¢hela
activity, this state term is denoted state attebayfor the
state S. For example, if the actual state is “Find
Restaurant”, then the state attribute will be “Resant”. We
will see later that related terms from the usefilggsuch as
vegetarian, Italian, etc.) may be assigned to ttate
attribute.

information to

()

their different states by a UML activity diagram ialin
contains all the activities needed to perform taisk. This
diagram illustrates the changes in the task-needs time
and describes all the sequences of the perfornmsdd Eor
instance, for the taskTtavel' (discussed in the previous
section) we can design a UML activity diagram foe user
y; that contains all activities as shown in Fig. 3.

( Book a fight )

Book a hotel

Search for tourist
information

Find a
restaurant

News about Tourist photos
Paris city

Figure 3. Example of a “travel task” that is modeled by UMttiaity
diagram.

In fact, because a mobile device moves with the, iise
possible to take into account the actual task statghich
the user is in when submitting certain queries he t
information retrieval system IRS. Such contextual
information may come automatically from various @3
such as the user’s schedule, sensors, entitiesirtect
with the user; it may also be created by the user.

In our approach, according to our assumption that w
have 9 main predefined tasks, thus for each usee have
one UML activity diagram for each main pre-definagk.
After the user's query is submitted to our platfortne
related task is assigned automatically to the gsery. In
this time the system can generate the suitable digram
that contains all task states. Set of State Reflated
Queries SRQ related to each state are presentibe taser.
The user is then asked to choose the appropriaey @RQ
according to his state. Finally, from the selediask state,
the system will follow the UML activity diagram faresent
the next query SRQ which is appropriate to the riagk
state. Thus we need a feedback from the user ierdal
determine exactly his actual state or his actusvigc to
perform the main task. This feedback is given Heaing
the appropriate query related to the actual sthtieo user
task.

Each query session is defined by thes<q, u;, S, S.1>,
whereS: is the actual state of the current task for theru,.
S.: the previous task state. The change from one d$tat
another is done over time when the usercomplete the
actual activity and start the next one. Fig. 4 shohe query
session over times.
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an example of a tree structure that represents sdropics

| i‘sessiqg |%essign Current Ses_slion from ODP for the node “Arts”.
i Statel i i State2 1 i Actual State
PSSt $
1 1 1 1 [
| i P i i

0| Time
Figure 4. Query sessions for a current task. Architecture

In the implementation level, we can conceive thet t

change from one state to another is done whenstiealicks Interior
on the ‘Next button to start the next search session of the
queryq.

For instance, let's take the example in Fig. 3hd user
y; is in the activity: “hotel reservation”, and ifdtprevious
query session was about “book ticket to Toulousehtthe
current query session will be about the hotelsdnlduse. At
the next query session, if the usesubmits the same query,

Events

Competition:

thus for this user the query session will be abthd Figure 5. Example for tree structure of topics from ODP.
“preparation the program to visit Toulouse” whistthe next
activity in his/her UML diagram shown in Fig. 3. 2) Phases of the User profile Representation

In our system exploiting user profile is carriedt ou
through three parts, each with a specific role:

a) The Library Observer

In the library observer phase the user documertigghw
1) Ontology and Taxonom exist in one library on the user machine, are rgred and
9y y . indexed. Also the library observer is responsiblérack the

Ontology is a formal representation of a set ofcemts library evolutions

\év(')t:(':g ti ?’?\Tsal?heagisitgebuirlzliitlorl]aslcr:::iss (E)fet(\)/\llqetgp (tahose We assume that the user documents, that are used to
PIS. 9 @9 construct the user profile, are represented as XiMk in

ﬁgg(_:;?(f n%l:gi Crgllzirg?;is:r']ps(':;r;tggg)&?rlIgl\gzstgg&ﬁgr?efs Qrder to facilitate the matching bgtween the usmuments

or types) appear as nodés in the ontology grapler@és the Ilbra_ry and the ODP graph to infer the ontolpgmsler

taxonomy is a subset of ontology, it representsllection of profile denotedProf,. We index these XML files, and

concepts that are ordered in a hi’erarchical wagplReoften consequently we have a XML corpus that will be uted
construct the ontological user profile.

refer to taxonomy as a “tree”, and Ontology is ofteore of For tracking the evolutions of a user profile; whe

a foresj. Ont.ology might encompass - a nu.mber. Ofuser interacts with the system by adding new docasner
taxonomies, with each one organizing a subject in

particular way. Taxonomies tend to be a little ehsabout ?emovmg others from the user indexed documents ter

. . . L profile will be updated based on these updated meats

rygst r:Lat'g;asnh]'Sleex(')sfts,[abx%t\r']v;ﬁ; ?grg]éspargpf:l%"irtgéoryand the annotations for user profile concepts woid
y S ; . modified by spreading activation. Thus, the evolutof the
Project which is a public collaborative taxonomy tbe user profile depends on the evolution of the liprénat

http://dmoz.org/. o
“ ” : . supports it; that means when the user adds or resnov
The "DMOZ" Open Directory Project (ODP) reloresentsdocuments, these modifications are propagated ® th

some of the largest manual metadata collectionsst mo : . . X Co
comprehensive human-edited web page catalog clyrentggtgllc?géfgé profile, and the operational profileliviertainly

available. ODP’s data structure is organized age twhere ) )
the categories are internal nodes and pages dneddas. By b) The Ontological Profile
using symbolic links, nodes can appear to haverabve  The ontological profile is a semantic hierarchical
parent nodes [23]. A category in the ODP can besidened  Structure of the user profile. We use ODP taxonaaya
a concept that is defined by: label of the conc@py. basis for concepts-based part of our system. Asdkaset of
‘Microsoft Windows’), Web documents related to the ODP is available in RDF, and it is free and opbostwe can
category, parent concepts (e.g. ‘Operating Systemsreuse it to infer the ontological user profile. Shthe user
‘Computers’) and the children concepts, (e.g. ‘Wiwd  profile is represented as a graph of ODP conceéged to
XP’, ‘Windows Vista’). the user information (indexed user documents iritinary).
Since ODP truly is free and open, everybody can In consequence, we consider a dynamic ontologisat u
contribute or re-use the dataset, which is availablRDF  profile as a semi-structured data in the form dfikaite-
(structure and content are available separatedy),it can be value pairs where each pair represents a profiledperty.
re-used in other directory services. Google fomepla uses The properties are grouped in categories or coacedfir
ODP as basis for its Google Directory service. Bighows example: global category (language, address, dge, @&

C. User Profile Modeling

We use ontology as the fundamental source of arsma
knowledge in our framework. Firstly, we have totidiguish
between taxonomy and ontology.
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preference categories (preferences of restaurdmitgl, Thus: tf,;=2/80, tf,,4=1/50, tf,33=1/35.

travel, music, videos, etc.). This allows us tophesers to We can calculat&’Shy the previous formula:

understand relationships between concepts, moredwer VS = [(0025* log(40/3)) + (002* log(40/3)) + (00286* log(40/3))]
avoid the use of wrong concepts inside queries, ébga VS =0,0828

query “looking for a job as a Professor’, ODP cquse Thus the valueV of the leaf node concept in the
suggests relevant related terms such as teaclesganch, ontological user profile will be annotated with @oge V9
etc. or weight that reflects the degree of user intefestthis

From the ODP concepts, we annotate those relat8teto concept value, in our example the score of the evalu
user documents. This is done by giving values ¢és8hODP  “Dijxieland’ is VS=0.0828 as shown in Fig. 6.
related concepts and weight to each value basedmon
accumulated similarity with the index of user doeamts
[24], consequently an ontological user profile ieated
consisting of all concepts with non null value. e
Thus, a graph of related concepts of the ODP (Opel -
Directory Project) is inferred using the indexed XM IR \g
documents, this is shown in Fig.6. Each leaf nadehie I_Bi—l e @
ontological user profile is a pair, (concept, vaJughere the
annotated value for that concept infer by the caimpa Eraniple pice stiueurelotipple frumUDF) eomparicon | o
with the user documents, this value will be alsna@ated by
a score Y9 that reflects the degree of user interest. In &jg /7
for instance, we consider the noddusic’ and its children Sl o |
nodes from the ODP taxonomy nodes, we can infer the | ..
ontological user profile from these nodes based ttom 'j‘é;f:) Ontological user profile
matching with the indexed user documents in theatip <jazz> divisland<azz>
Next the concept JazZ is annotated with the value iy
“Dixieland’ from the user information because the user has | ..
shown interest in Dixieland Jazz, this value isaated with ==
a score Y which is “0.08”. We can add another value for Vs deeument: Gl corpe)
this concept JazZ and then score to this value if the user isFigure 6. Inferring the ontological profile from user docurteeand ODP.
also interested in another jazz type. ) i )

Now we will overview how we can compute the value  Thus, the ontological profile for each user cossisft a
scoreVS The score of the concept valuéy is computed list of concepts an_d their current wgghted valuEsr
using the term frequency and the inverse documerfX@mple,a user profile could look like this:
frequency € - idf) as follows: Profile = (<user>, <Concept>, <We|ghted value>)
E.g.: (Someone, sport, surf 0.8 - ski 0.2 -footbe)

ID | (Someone, restaurant, Italian 0.7- Fréh2h
VS = Z [tf, Olog (—)I (Someone, cinema, action 0.6- horror 0.4)

dop n, In fact using ontology as the basis of the pradfillews

the user behavior to be matched with existing cptscian the

where:D is the set of user documents used to construaomain ontology and relationship between these ejtsc

the user profile[|: is the total number of this d&t Based on the user’s behavior over many interactitms
ny: is a number of documents in which valueccurs. interest score of the concept values can be ingr@deor
tf,: is the frequency of valuein documentd e D, thisis  decremented based on contextual evidence. As &,rasu
computed as follows: graph of related ODP concepts is inferred by udimg
matching with the user library in order to représtbe user
n,, profile.
tf,q =N_' c) The Operational Profile
d

The operational profile is derived from the ontobtad

) profile, as a list of related relevant terms thamh de easily
where n,q is the number of occurrences of thesed by the other models.

considered term (valuev) in documenti, and the Once the ontological profile is created, the quemytext-
denominator is the sum of number of occurrenceslbf rgjated concepts, from this ontological profile, snibe
terms in documerd, that is, the size of the documenit|| activated in order to extract the operational peoffhis is

Example: done by mapping the query-contexfiCon this ontological

Let's consider a set of user documents contains 4flser profile (note that, the query context i€ computed
documents, and the valueDixieland' appear in 3 during the construction of the task model). Thitovas
documents:d7, d24, d33, (2 times ind7, only once time in  activating for each query-context concept its setivalty
d24,d33), the size of documents, d24,d33 is 80, 50, and  re|ated concepts from the ontological user profidpwing

35, sequentially. our algorithm, depending on the relevance propagdg5],
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which will discuss in the next paragraph. Hencegséh (Relevance(Prof[j], Cy)). Let us inspect this issue in the
previous activated user profile concepts with thralues will  following:
form the operational profile which will be used to a) Relevance Propagation Technique

refolrrgulage th? userquery:[ f th tional prafilesed In our user profile modeling approach, we use a new
¢ r]'c ee I ?n %/han excerpt of the %per? 'Oné"mg? fese contextual technique to select the context-relevamcepts

0 reformuiate the user query, In oraer to reauteta focus - g5 the ontological user profile that is represenés semi-
the act|v_ated concepts. The split of the profilévio aspects iy ctured data like RDF tree. RDF is metadataa(adiout
(ontological/operational) allows a clear Sep?‘fa““““ data) to describe information resources, it istemiin XML.
concerns between understanding the available us s the dataset of ODP is availablé in RDE. and our
information and taking into account that can beduselead ontological user profile is inferred from this RRfFaph of

asearch. _ _ _ ODP as shown in Fig. 6, thus we can imagine the
3) Algorithm of the Operational Profile Retrieval representation of the user profile that is showRim 7, this

_ As we mentioned previously, the ontological usefil®  4raph contains the concepts and the leaf noddsigtaph is

in our approach is represented as an instancer&fegence  5nnotated by values and interest scores for thigsa

domain ontology in which the concepts are annotdied We apply our technique, depending on relevance

interest value and scores derived and updated ditpli  ,ropagation, on this ontological profile graph ttivate for

based on the user's information. In order to exte  gach query-context concepty[§ its semantically related

operational profile, the query-context [}, which is  concepts from the ontological user profiRrof, This

computed during the construction of the task mo@l, method consists of computing the node weight, Aechbde

mapped on the ontological user proﬁ?epfu to activate for  |gjevance to the query-context concepts. This &turd

each query-context concept its semantically relaettepts  athod consists of three steps:

by applying our technique that is depended onéf@vance 1 cajculate Weight (], Prof,[j]): the weight of the query-

propagation [25]. The execution of this techniguidepicted  -ntext concepts {n the user profile conceprrof,.

in the following Algorithm: Each leaf node in the ontological profile is a pair

_ . X - (Profy[jl, V(Profy[j])), where Profy[j] is a concept in the

Input: Prof,: Profile for useru, given as a vector of reference ontology and W(of[j]) is the interest value

concepts and weighted value. annotation for that concept. The weight of the guemtext
Cq: Query-Context ¢= <G, G, ...,.G> to0 be answered by ¢oncept i] in the user profile concept nogkeof,[j] is 1, if
the algorithm. this node contains the concepfifand 0 otherwise.
Output: Res: Vector of sorted context-related user’s

concepts.

1 I Cyli]is inProfj]
0

Weight(c, (i1, Prof [ j1) ={

1: SendC, to aProf, Otherwise
2:  For j=1to SizeProfy) 2. Next we calculate the weight of query-contexhaapt
For i =1to SizeC,) Cq[i] in the ancestor nodes by thg relevance propagatin
Calculate: Weight(Cyi], Prof,[j]) from this node to the ancestor node:
End 1

Propagatiolr(Prog [i1, Prof [n]) =WeigHC [i],Prof [ ]) *

End MaxQist(Prof [j], Prof[n]) +1)
For j = 1 to Size Prof) . ]
Fori = 1 to Size C,) where: Prof[j: user profile concept aj. Prof[n]: user
IF (Weight(C{[i], Prof[jl)) # 0 profile concept ah which is one of the ancestor nodes of the
l Then: Relevance Propagation nodej (concepy).
End Dist(Prof, [j],Prof[n]) : Semantic distance between the two
nd user profile nodes.
For j = 1to Sizelprofy) 3. Aggregation:
CalculateRelevance (Prgfi], C,) Once all the weights of query-context concepisate
énd calculated for all user profile nodes (contain Hreestors
3: Reg = Vector of user profile context-related conceptsn0des), we have to calculate the relevance scoeadif user
and its Relevance score for the query contgxt C profile node for all concepts of context quen=GC,, G,
4: Sort Res using the Relevance (Prof, G, as ...,.G> denoted N. This can be estimated in two methods,
comparator. either “And method” or “OR method”.
And method:
We additionally need a function to estimate thegheof Here, the weight aggregation of nodes uses thevioil

the query-context concepts, @ the user profile concept formula: . .
Prof,: (Weight(C([i], Prof,[j])) and the relevance of the user N = Relevance(Prof,[n] ,C [i]) = D|:| [Weight(Prof, [ n], x)],
profile conceptProf, for all query-context concepts,C Xl
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Thus, depending on the previous formula, the esleg
scoreN is not null for only the nodes which contain dét
query-context concepts directly or in their ancestodes.
Thus this will give the smallest relevant sub treatains the
previous concepts£<C,, G,..., G>.

We use the formulAand, only when we need user profile
fragments that contain all the query concepts, @eglect
those contain some of query concepts. This caseois
appropriate to our system, so we will use @R method for
computing the relevance score of user profile nddeshe
guery-context concepts.

OR method:

The weight aggregation of nodes uses the followin

formula:

N" = Relevance(Prof ,[n] ,C [i]) = » [Weight (Prof [ n], x)],
x,OC,[i]

The relevance scofé is not null if the node contains one of
the query-context concepts directly or in their estor
nodes. So this will give fragments of user profitat are
sorted by decreasing orderNf
Example:

Let's consider the initial query q, and the queoytext
C, which is composed of three concepts={C;, C,, C}.

We consider also the user profile which is composed
of many concepts represented as RDF graph (meja&ea
7 shows the user profile graph

The leaf nodesxs, ng, ne, N1, Ny @annotate by values, and
interest score to these values. Now we calculae t
relevance of the user profile nodes for the quentext G
using the formulas of weight and propagation. Baneple
we calculate the relevance score fore the mgde
Weight(c, .n) =1

Weight(c,.n.)=1 Weight(c,.n,)=1

nl

Figure 7. Example of a user profile graph Profu.

Then we follow the algorithm to compute the relean
score of the node, for the concepts £ C,, C;. We have to
propagate the weight not null ig:

Weight (n,,C;) _
Max (Dist (n,,n,)+1) -
Weight (n,,C,) _
Max (Dist (n,,n,)+1)

Pr opagation C3(n7, n,) =

1
2
1
2

Pr opagation (ng,n,) =
C.
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Weight (n,,C,) _1

Max (Dist (n,,n,)+1) 3

Pr opagation (ng,n,) =
Cl

And:

Relevance(n,,C,) =

OR:

=1

Weight (n,,C,') = T

i=1,23

*1*
2

Wl
N[~

3
Relevance(n,,C,) = iz=1:Weight(n4,Cq') = %+% +% =%
We do the same steps to compute the relevance store
the other user profile nodes, the results are shiowiable 5
for the “And method” and the “Or method”.

If we consider the And’ method then the smallest

%elevant sub tree that contains all query concisptise sub-

tree that is presented by the negeand its descending nodes
to leafs, because the nodghas the most relevance score as
shown in Table 5.

But if we consider theOR’ method then the nod® has
the most relevance score, as shown in Table 5 bétothis
case the most relevant result is the sub-tree wilich
presented by the node and its descending nodes until the
leaf nodes.

As we mentioned previously, the leaf nodes may be
annotated by many values, and each one annotatesauire
VS so we select the value that has the greater ®ras a
result the concepts of the user profile relatedht query-
context concepts arey, ng, Ny, Nyp and the values afg, Nyo

hWhich have greater scoxs

These concepts and their values constitute theatbpeal
profile; we will depend on this operational profitegenerate
the reformulated queries SRQ, based on the usélepand
his/her context, those queries can be easily ustitkisearch
process to get relevant results which are needed to
accomplish the task at hand.

TABLE V. RELEVANCE SCORE OF USER PROFILE CONCEPTRROF,
USING BOTH“AND METHOD” Ny, “OR METHOD"” N* RESPECTIVELY.

Nodd] cL fc2] c3a| N Nodd[ c1 Jc2f ca T w
n1 || 0.2 Jo0.25] 0.25]0.0125 ni o2fo2500250 0.7
n2 || 0.2540.3330.3330.0277 n2 [ 0.25§0.3390.339 0.916
n3fofjofjo 0 nsfofofof o
n4 [fo.334 0.5 | 0.5 [0.0833 na 0334 05| 05 [1. 333
ns || 0 1 0 0 ns | 0 1 0 1
neff ofofj o 0 nefl o fof o] o
n7 o5 O 1 0 n7fos5f O 1] 15
ng f| 1 0 0 0 ng || 1 0 0 1
n | 0 0 0 0 no ff o 0 0 0
nl0f] O 0 0 0 ni0ff o 0 0 0
ni1f] 1 0 0 0 ni1|f 1 0 0 1
ni2f] 0 0 0 0 ni2f|f o 0 0 0
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D. SRQ Model (State Reformulated Queries)

Short queries usually lack sufficient words to capt
relevant documents and thus negatively affect gtgeval
performance, and thus fail to represent the inféionaneed.
Query expansion is a technique where original qusry
supplemented with additional related terms. Existijuery
expansion frameworks have the problem of poor eotwer
between expansion terms and user's search goal,
instance, if the querjaguar be expanded as the ternaifo,
car, model, cat, jungle.} and user is looking for documents
related to car, then the expansion terms such asrgh
jungle are not relevant to user’s search goal.

1) SRQ Definition
In the following, we will introduce a new notion &

For
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computed using the Task model which was
previously explained.

« Terms which represent the query-relevant concepts
from the ontological user profile with its values
(operational profile). The algorithm of extracting
these terms from the ontological user profile was
previously explained. These terms are denoted user

profile attributes &4, ap, ..., ay).
b) Query Refinement
After the user query is expanded by new termsjdbé
of query refinement must be applied in order tosaber only
the terms that are related to the actual task ggntnd
disregard those are out of focus for the given exiniThus
Query refinement is the incremental process ofsfaming

Reformulated Queries (SRQ) which are provided by than initial query into a new reformulated query SR@Qt

reformulation of the initial user querieg related to the
current task, depending on the actual state otaisisand the
user profile. The states of the current task apressed by
activities which are required to accomplish thisktand
grouped in UML activity diagram including the rétats
between them, each state represents one searansdse
change from one state to another is done overwihen the
useru; complete the actual activity and start the nex¢.on
Thus for two different task states, submitting siaene query
the relevant results will not be the same.

Let g= {ty, t..., t;} be an initial query which is related to
the task at hand. The state reformulated quenhattask
state§ and for a specific user profilg is: SRQ<Q,R,S>,
this quer¥ contains the initial query and the expansion
terms Eq:{tqi y 42 4 g3, ...}. Thus we have to get the
expansion terms® = {t, 1, t,2, ty3...} Which are relevant to
user’s search goal by exploiting user’'s impliciedeack at
the time of search. The relevant resifsat the state§ are
produced by applying {BQ<Q,P,S§>on an information
retrieval system. We expect that the resilfsat the task

reflects the user’s information need in more adeway.

Sometimes irrelevant attributes may be presentdtian
retrieved user profile concepts, and thus irrelevarms are
recommended by the operational profile, in ordekkéep
only the relevant user profile attributes for therent task
stateS, we compare between these generated attributes and
the actual state attributes, next we consider ttribate of
the previous task state, and then we exclude from t
generated user profile attributes those non sinuiiéin the
state attributes. Also we have to exclude the dafgid terms
if they exist in the resulting SRQ.

Another method for filtering the previous termshyg
asking the user to choose the relevant terms befdding
them to the final reformulated query.

Finally, state reformulated queries SRQ are built
according to the syntax required by the used searghme in
order to submit the queries SRQ and to retrievevesit
results to the user at the actual state of theentitask.
Boolean operators can be used to construct thé dunery
and adequate care is taken to ensure that the dunady

state§ are more relevant than those produced by using th@eets the syntax requirements, after each stepusbeis

initial queryq at the same stag

A search is handled as follows: the user exprdsiséser
query, our assistant identifies the context of #garch, and
it creates the context description and proposevaal terms
to be added to the initial query. The initial ugaery will be
reformulated depending on these relevant termsderao
generate SRQ (State Reformulated Query) to imptbee
retrieval performance. The assistant then subrhits ntew
reformulated query SRQ to a search engine on thie &vid
gets the results. The documents are then presented user
in the order of decreasing estimated relevance.

2) Query Reformulation Phases

The two phases to generate the State Reformulated e

Queries (SRQ) are: query expansion and query retiné
a) Query expansion

The initial query is expanded with two types of geted
terms which are denoted expansion ternts £ {tq 1, tq2,

[P

¢ Terms which represent the actual state of the strre
task A (asy, sy, -..8g). There is at least one term for

each task state which describes this state, this st
term is denoted state attribig These attributes are

asked if the query reflects his intension. If $® final query
is constructed using the appropriate syntax anchited to
the search engine.

For the Boolean operator, we uséntl’ with the terms
that are extracted from the actual state of theeatirtask,
and ‘Or" with the terms that are extracted from the
operational profile, because the task state temasaklvays
required while the operational profile terms can be
sometimes abandoned. For example, we can imagme th
state reformulated query as follows:

SRQ: g AND hotel OR 2 starsORsingle
where:
g is the initial user query.
« “hotel the state term that represents the task actual
state (state attribute).
e "2 stars and “singlé’ are the relevant terms from
the operational profile.

E. System Architecture

Fig. 8 illustrates the system architecture. It comab the
three models which are described in the previousicses:
The task model, the user profile model and the &RQel.
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Figure 8. System Architecture.
IV. EVALUATION reformulation, or more generally to the use of othe

assistants, we should verify that using a user estnt
improves the search results, by focusing the sysienthe
most relevant part of the profile. The standardiuateon
measures from the Information Retrieval field reguihe
comparison between the performances of retrieval:
e Using the initial user query without any
personalization and contextualization.
Using the user query with simple personalization,
depending only on the user profile, (i.e., regaslle

The evaluation of the personalized informationiegtl
in context systems is known to be a difficult anghensive
[26] due to the dynamic aspect of the system enwmient
and its strongly adaptive properties. A formal aasibn of
the contextualization techniques requires a sicguifi
amount of extra feedback from users in order to smea
how much better a retrieval system can perform it
proposed techniques than without them. Our proposed
approach which was described in this paper haven bee !
implemented in an experimental prototype, and delsyereal of the user context, more precisely regardless of
users. Evaluation in the context of an evolvingl-vearld his/her task at hand). _ _
system is always a challenge. In order to evalaaie to * Using the state reformulated queries SRQ which are
quantify the improvement provided by our system parad generated depending on the user context and his/her
to the direct querying of a search engine without
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irrelevant terms are excluded (query refinementspha
finally, the system generate the appropriate state

configurations reformulated query SRQ for each task state:

Si: Book a flight=S,RQ :{ trip Paris + “Flight” OR Ticket

agents are used simultaneously by the assistanin whe ORInexpensive

handling user query. Thus our experiments have deee
with three agents: the « default » agent simplkdah to
Google, and a « personalized » agent which usesigbe
profile to rank the results without taking the aoittinto
account. A third agent « personalization with cabiés also
used.

A. Experimental Study

In order to evaluate the use of the task conteyettwer
with the user profile to contextualize returnedutes a
prototype around the search engine, Google for plans
built using the Google API. This program buildsog bf the
initial user queries, the returned results by Geptiie result
on which the user clicked, and the summaries,stidlad
ranks of the returned
information is used to compute the evaluation roetat the
experimental queries and to evaluate the performafour
system. To conduct the experiments and calculag
evaluation metrics, 10 users are asked to useystera to
perform similar tasks by submitting initial queriekhe 10
users are classified in three groups, novice, nmediand
expert, depending on their experience levels in mder

science and search engine. Each one is asked tuoitsub

queries on 3 different scenarios, where we putusers in
specific scenariosto make them thinking about imgit
appropriate queries for these scenarios. We depeamnd
scenarios such as travel, shopping, restauranttsegr etc.
we will illustrate an example of these scenarioshi& next
section. Consequently a total of 30 queries arectsd as
experimental queries. The prototype records resultghich
the users clicked, which we use as a form of initpliser
relevance in our analysis.

After the data is collected, we remove from the

experimental queries that were no contextual in&tiom
available for that particular query, and thus wd haog of
30 queries averaging 3 queries per user. We wibizte, at
each experimental query, the evaluation metrighénthree

cases: using classic search engine Google, usidg on

personalized search without user context, and using
system based on user context and his/her profile.
1) Example of the experimental scenarios
Here we will take an example of the scenarios #rat

results from Google. This log

S;: Book a hotel=>S,RQ { trip Paris + “hotel” +2 star OR
singlg.

Ss: Search for tourist informatioa>S;RQ :{ trip Paris +
“Monument50OR WeatherOR plan OR Metro}.

Sy Find a restaurant>$4,RQ { trip Paris + “restaurant +
Italian OR Vegetaria.

Ss: Tourist photos=SRQ { trip Paris + “Photos}.

Ss: News about Paris CityySsRQ: {trip Paris+ “News” OR
Weathe}.

where:
“Flight”, “hotel”, “Monument§ “restaurant, “Photo$ and
“News” are the terms that represent task state attributes
“Ticket”, “Inexpensive”, “2 star”, “single”, “Weathe”,
‘plan”, “Metro”, “Vegetarian” and ‘“Italian” are the
relevant terms from the user operational profile.
¢ To evaluate our proposed framework we have to céenpu
r}he evaluation metrics based on the experimentgissmos.
B. Evaluation Metrics

There are many evaluation metrics in the literafarehe
classic information retrieval evaluation, these nostoften
depend on relevance judgments for the returnedtsesune
of the most known of them is the “Precision and d@Réc
(PR), this metric takes into account the rate déwvant
retrieved documents (precision) and the quantityetdvant
retrieved documents (recall). Another metric is Bmecision
atn (P@N) [27], P@N is the ration between the number o
relevant documents in the firstretrieved documents anmd
The P@N value is more focused on the quality ofttpe
results, with a lower consideration on the qualityhe recall
of the system. These evaluation metrics for cla$sican be
also applied by IIR (Interactive Information Retd)
authors [9], but IR system authors must incorgotaiman
subjective judgments, either implicitly (analyziimgeraction
logs) or explicitly (asking the users to rate thesults to
provide a best order).

The classic IR evaluation metrics are not sufficiem
evaluate our system due to the contextual aspedhef
system and the need to provision a real user judgerihus
to evaluate our proposed framework, the used nsetnigst
cover on one hand the evaluation of the proposedresion

used in the experimental study. We consider th& tasierms which are used to reformulate the initialr ugeery,

“Travel which was discussed in the sectitask modeling
(section 3). We have illustrated in Fig. 3, a UMttidty

diagram for the usey; that contains all activities needed to

perform this task. Now when the user submits hitaln
queryq, which is related to the current task, in our fplam,

let it beq: “Trip to Paris, the task model will assign the task
“Travel to this query as the first step. Next, the UML

activity diagram for this task which is shown ingFi3 is
retrieved. The system then uses the attributesiassed with
each task state and the user profile attributegfoducing
the relevant terms (query expansion phase), negt

and on the other hand they must cover the evaluaifo
returned results. Thus we will use three metrics:
Quality: measures the quality of expansion terms.

» Precision@k: measures the retrieval effectiveness.
Dynamics: measures the capability of adapting ¢o th
changing needs of users and the changing states of
his/her task at hand.

Now we will compute these three evaluation metrics:

quality, precision@k, and dynamics, based on the
thexperimental scenarios.
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1) Quality
Let g be an initial user query, given an IR systé?e(tgl), is
the set of documents actually visited by the useqf Thus

D represents the relevant results which are evaluatatie
user at his/her actual context and taking into actdis/her
profile usingq. Therefore, the ideal information retrieval

system should retrieve these documéiitsn the foreground
and present them to the user at the specific cbntex

Given a query expansion system, B be the set of
expansion terms for the quegyi.e.:

E® ={r,,,7q2 Tqgr}

Then the quality of the expansion terms is defired
follows:

‘ P (E(Q), Dc(q))‘

Quality= ‘E(q)‘

where:
p (E(q) , D(q))

that's mean:
p(E®,D@) ={rf DE®,0d 0D st. 7 O d}

For example, if we take the scenario presentechén t
previous section and the user qugsy trip Paris”, during
this scenario, we take the second statei8ch is searching
a hotel in Paris, at this actual task state we wrethe query
g by using Google and we present the returned setulthe
user, then the user visits the relevant documedrs. & the

user visits 5 documents tHQﬁq) =5 At this actual state,S

our system proposes set of expansion teﬁ%s this set
contains 5 terms which are: trip, Paris, hotelte?, ssingle.

. The matching terms betwedR” andD

Thus: E*=E. From these 5 terms, if there are 3 termsE(q)

existing in the 5 visited documenris’ at S, then:
P (E(q) , D(q)) =3
Thus the quality of the expansion terms over thisrygq is:

E(q)' D@
Quallty = p(E(q)C) =0.6

We do the same steps for the other queries atffleeetht
states of this task and then we can compute theagwe
quality of the expansion terms over 10 queries stibdnby
10 different users. In consequence, the averagéyjobthe
expansion terms by our system is 0.73 for this aten
Finally we can compute the average quality of tkigaasion
terms over all experimental queries (30 queries)that
different scenarios.

If we depend only on the user profile to generdie t

expansion term&%for the same user's queries at the same

context and the same conditions, thus 2 will be
different from the first case. In the same stepsceleulate
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the average quality of expansion terf which are
extracted from the user profile and do not takirtg account
the user context at the same user’s queries foprieous
scenario tfip Paris). In consequence the average quality is
0.34 in this case.

We notice that the average quality of the generated
expansion terms, depending on user profile and amext
(first case), is higher than that generated depgndnly on
the user profile. Thus our system has an improvémén
about 39% in the average quality of the generatpdresion
terms compared with that of standard personaligstbss.

2) Precision@k

The second metric is therecision@Kk Let DY be the set
of top n documents retrieved by the IR system using the
gueryg. To define retrieval effectiveness, we determime t

number of documents iR which are closely related to the

documents P’ . We use cosine similarity (previously
explained) to define the closeness between two rdents.

Let Or"be a set of documents froRi” for which the cosine
similarity with at least one of the documentf is above a
thresholoesim, that's mean:

D ={d|d, 0D®,0d, 0DY stSim(d,d))=0,,|

Thus, to measure the retrieval effectiveness, wWmalehe
Precision@kas follows:

‘D(q)
Lri

k

precision@ =

To facilitate the experiments, let's=20, thenPs
represents the first 20 documents from the retdeesults
by the IR system (Google for example) by using dtate
reformulated query SRQ which contains the expansions

In the previous section, we mentioned it
represents the relevant results for the initialr upeery q,

theseD” are evaluated by the user at his/her actual cbntex

and taking into account his/her profile. In ordedefine the

(SRQ (@) .
closeness betweeRz - and D:"we compute the cosine

similarity between the documents of the two setee W
determine the number of documents fr&4 ° which are
closely related to the document®ii. Let D ;SRQ’ be a set of

documents fronPs ° for which the cosine similarity with
at least one of the document® is above a threshofim.
In this study we defin® ;SRQ’ with the threshold valueSim

= 0.5], because as we know the value of cosindasiityi is
in the range of [0, 1], we consider the middle paia the
threshold value, thus:

D& ={d|d 0Dg®,m, 0D® stSim{d d,)= 05}

20
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‘D(SRQ
precision@ = r

Thus:

K

Note that, the set of relevant documehisis obtained
from the query log or from the user exploring & #mippets

of the returned results whereas the'%g?g is obtained from
our experimental retrieval system after simulating query
sequence and submitting the reformulated queries.

Now we compute the retrieval

http://www.iariajournals.org/intelligent_systems/
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experimental queries in the same experimental sicsnand
the same users. Fig. 9 shows a comparison between t
Precision@5, Precision@10, Precision@20 averagesirof
proposed system and those of the standard seathbuvi
any reformulation and personalized search basgdamthe
user profile. We notice that the precision averageour
proposed framework is more precise than the puetisi
average of the standard Google search in the speagk
state, and more precise than that of the querymefiation

performance gystem hased on the user profile in the same task Thus

(precision@k of our proposed query reformulation system ¢ retrieval system is more effective at a spedbntext

based on user profile and his/her context forxgleemental
queries of the experimental scenarios. We giveviihges 5,
10, 20 to k, in order to compute thBrecisior@5,
Precision@.0 andPrecision@20.

We consider again the scenartoaVel’ in the previous
section and the querg="trip Paris’. We take, as an
example, the second statev@ich is searching a hotel in

Paris, at this task state W’Réq)‘:f’ and the &RQ is: {trip
Paris + “hotel” + 2 star OR singlg. We execute this RQ
by using Google and then we comptl]lére”m in the three

cases (k=5, k=10, k=20) by calculating the cosinglarity

betweenD® andDs > for k=5, Dio" for k=10 andDs
for k=20. Thus:
‘D (SzRQ)‘ 3
recision@ 5 = ' =—=0.6
p @ c c

where:
D ={d|d, 0D, 0, 0D s.tSim( d, )= 05}

D;*? s the set of top 5 documents retrieved by IR syste
using $SRQ.

For K=10:

‘D(%RQ)

rlO = 1% =05
Whereb‘rw ={d|d,0D$™, 0, 0D® stsim@ d,)z 05}
‘ D (SRQ)

rzo =g = 04
where: D> ={d|d 0Dg™, 0, 0D® stSim(, d, )= 08}

0

precision@.0=

For K=20:

precision@20=

Otherwise we can computed **
judgment of relevant results from the top
returned results by using SRQ. That means theavsduates
the relevant results himself without using the gesi
similarity, but this will require more feedbacksiin the user.

In the same method, we can calculate the precifionr
system for the other task states in the actualntakenario
and for the others task states in the three expetah
scenarios.

In order to quantify the improvement provided by ou
system compared to the direct querying of a seandine
without reformulation or with simple personalizatjo
depending only on the user profile, we calculaterdtrieval
performance of the standard Google search systehtren
retrieval performance of the query reformulatiorsteyn

than that of the classic information retrieval sys$ and the
personalized retrieval systems at the same context.

1
O Reformulation
using User Context
0,8 + User Profile
(SRQ)
06 +— 1 B Reformulation
’ using only User
Profile (rq)
0,4 T T
| Without
Reformulation (q)
1 .
0

precision@5 precision@10 precision@20

Figure 9. Comparison between the Precision@k averages dfiffieeent
systems.

3) Dynamics
The third evaluation metric is the dynamics in gquer
expansion. For a query our system of query reformulation
returns different expansion terms at different cdleaessions

of the task at hand. L& and & be the set of expansion
terms for a query at two different task statésandj, we
define the dynamics between the two statpas follows:

W, j)=1-Sm(E®, E®)

For example, to calculate the dynamics in query

based on the usesxpansion terms for the two stateg S, of the previous
K experimental scenaridrével) and the querg= trip Paris,

we have to calculate the similarity between theaagpns
terms proposed in the two states. The all expartgions in
this two states S S are 9 terms, there are 2 common terms,
and thus the similarity between these two staté¥9sand
the dynamics will be:

(srq)

0 (s,s,) =1- Sim(E{

EGM)=1-(£) = 078

(NN

In the same method we can calculate the dynamics in
qguery expansion terms of the other states andhforthree
experimental scenarios. Fig. 10 shows the averdgieo
dynamics in query expansion over the experimeniatigs

based only on the user profile, by using the samgich are submitted during the three proposed sizma
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In fact the personalization-based query expansiomroviding relevant results for mobile users. Initidd, we

systems have a dynamics of zero in all cases, bedhese
systems always return the same expansion termk fask
states irrespective of user's search goal or tdskess
because the expansion terms, in this case, are logsthe
user’s profile only.

notice that our proposed system is more effectinerwthe
task has many clear and different states (sucthexsravel
task). In this case our system has high dynamieggansion
terms among the states of this task. Whereas thgoped
system is less effective with the simple tasks Hsas

We notice from Fig. 10 that our proposed systeméaas shopping task), in this case our system has smadrdics in

small dynamics in the expansion terms among thessta
the simple tasks, such as scenarigt®pping, and it has a
high dynamics in expansion terms among the stdtdbeo
complex tasks, such as task in scenaritrdv¢l). Thus our
proposed framework is able to adapt to the changeegs
of the users and generate expansion terms dyndynical

1
DOReformulation
using user
0.8 _ context + user
profile
06 17 mReformulation
| using user profile
0,4 | [ ]
0,2 1 BWithout
reformulation
0 T :
Average Average Average
Dynamics Dynamics Dynamics

(scenario_1) (scenario_2) (scenario_3)

Figure 10.The average dynamics in query expansion termsuosystem
in the three experimental scenarios.
C. Discussion

From the various experiments, we observed that o
proposed framework provides more relevant expartsions

the expansion terms among the states of this ypsist

One of the system disadvantages, which has emerged
during the experiments, that when the expansiomder
increase greatly the precision of our system wdtréase,
but we cannot determine a specific ideal number of
expansion terms. Indeed the limitation of our ekpents is
the manual relevance judgments by several uséssistidue
to the dynamic aspect of our system and the absehee
standard test collection for the context-based quetlized
information retrieval systems.

However the experiments show that our approach of
context-based information retrieval can greatly riove the
relevance of search results.

V.

We have proposed a hybrid method to reformulate use
queries depending on an ontological user profild ager
context, with the objective of generating a nevonefulated
query more appropriate than that originally expedssy the
user. The objective of the new reformulated quesgaded
State Reformulated Queries SRQ is to provide tlee with
context-based personalized results, we proved in
experimental study that these results are moreaetehan
the results provided by using the initial user guerand
those provided by using the user query with simple
personalization, depending only on the user profilethe
same context, because the user profile is notaateall the

CONCLUSION AND FUTURE WORKS

an

UYime, thus we consider only the preferences thatimrthe

semantic scope of the ongoing user activity for

compared with the query expansion mechanisms based harsonalization, and disregard those are out aisidor a

user profile only. Most importantly,
dynamically adapt to the changing needs of the ser
generating state reformulated queries for the ahitiser

qgueryq in each search session. These generated quer@s SRser context: we define the task which the user

will be different from one task state to anothertfie same

our system can

given context.
In this paper, the user context describes the siserrent
task, its changes over time and its states, bedefine the

undertaking when the information retrieval processurs

user and the same initial queryConsequently these queries gng the states of this task. The stages of thepe$krmance

SRQ provide more relevant results, in a specifiotext,

are called task states and the transition from stage to

compared with the results returned by the standardnsiher means that the user has completed thie sfatpe

information retrieval system IRS using the initiser query
g or the results returned by the personalized infdion
retrieval systems.

In fact we notice from the experiments that outeysis
more effective when the user is not expert in caepu
science because he/she needs an aide to formudatpiery
that reflects his/her needs. Also our system isctiffe when
the user needs are vague, especially when hehe icontext
of performing one task. Our system is also effectivhen
the user query is short, so the query expansiohledt to
disambiguate the query and to provide relevant lteesu
Because the queries of mobile users are often,siratttheir
information needs are often related to contextaatdrs to
perform one task, thus our system is more effective

current task.

Consequently the user queries which are submitted
during the task at hand are related to this tasleed that are
part of it. Because the queries of mobile userofiem short,
and their information needs are often related toteodgual
factors to perform task at hand, thus an intelliggssistant
that can propose new reformulated query before gtibgit
to the information retrieval system is more effeetin the
case of a mobile user. Therefore our system is meeéul in
providing relevant results for mobile users.

On the other hand, we initialize a user profile using
mass of information existing on his/her workstation
(personal files), and next we retrieve relevaninelets from
this profile to use them in query reformulation.olur system
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the user profile is ontological because it is carged by from the probability distribution of the events whihave
considering related concepts from existing concepts followed these observed events in the past. Fomplg
domain ontology (such as ODP taxonomy). Our progposewhen the task at hand consists of predicting WW\§epao
approach involves new methodology to retrieve querybe requested by a user, the last observed evetd beu
related elements from the ontological user profildis  simply the last visited WWW page or it could contai
methodology has been applied successfully to xetrie additional information, such as the link which weBowed
information from the semi-structured data. to visit this page or the size of the document.
We have constructed a general architecture thabitas In perspective we can also improve the assistént o

several models: task model, user profile model 8R)  generating reformulated queries (SRQ) to be masdlient
model. And we have constructed a new general laggua by using the ChatBot technique; that means thetassican

model for query expansion including the contexfiaators
and user profile in order to estimates the parammeétethe
model that is relevant to information retrievalteyss.

Directory Project taxonomy) and a linguistic knoedgde
(WordNet) to improve web querying processing beeahse
linguistic knowledge doesn't capture the
relationships between concepts and the semantiwlkdge
doesn't represent linguistic relationships of thenaepts.

knowledge generate the so-called query contextpYdeed
that the integration of linguistic and semanticonmfiation
into one repository was useful to learn user’s.task

chat with a user in order to focus on the actusl &iate.

Further validation by using different types of gasrand

domains is required to provide more conclusive eviz.
We use both a semantic knowledge (ODP Operirurther work is also needed to determine the cistantes
under which the approach may not yield good results

We plan also to evaluate this method by using amoth
semanticevaluation protocol by constructing a test coltattiand

determining relevant results for several queries frarticular
context, and next comparing between these relenemuits
Parsing the user query by the two previous types ofind the results that are returned by our systenthioisame
gueries in the same context.

UML activity diagram is used to represent the user’ [1]

current task in order to detect the changes owee in the
activities needed to accomplish this task and fscdbing
all the sequences of the performed task. Eachigciivthe
generated UML activity diagram expresses the tas&tsal
state.

(2]

Our “State Reformulated Query” system has been

implemented in a prototype and applied to web gseWe
had achieved an experimental study using few sEnay
several users; the preliminary results from thdqiype are
encouraging. Also we proposed an evaluation prétebach
uses three evaluation metrics to cover the evaluaif the
expansion terms and the evaluation of returnediteesthe
aim is to quantify the improvement provided by system
compared to the personalized reformulation questesys
and the standard search without reformulation. Frbm

(3]

(4]

various experiments, we have proved that the peapos [5]

framework provide more relevant results comparedhto
standard information retrieval system and the rasejuery
expansion mechanisms based only on the user profilgs,

the experiments showed that our proposed contesdeba

approach for information retrieval can greatly ion® the
relevance of search results.

A. Future Works

(6]

(71

This research can be extended in several directions

Firstly to optimize the quality of generated terarsd then
the precision of results, secondly to optimizedikeection of
the user’s task and its states by improving thle tasdel.

To facilitate the use of the contextual model, wa ase
the contextual graph [28], instead of UML activiliagram
to represent the user's current task. In our futwoek we
plan to use this contextual graph.

In future work for this research, we propose to ase

Markov models to select the actual task state witfliby
predicting from a number of observed events, the eeent

(9]

(10]
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