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Abstract :

Cloud computing has become the defector norm for businesses across the world.
However the clients of a particular mobile service provider do not get all thesired
services from the same providers itself. Using the capabilities of clouds to interconnect
with each other the clouds interconnect with one another and get services for the clients. It
is here recommendation systems come into the picture. So whetliemt requires a
particular service, the recommendation engine searches the services available along with
the costs included from the various cloud services providers and lists them. The proposed
model lists them very fast and also takes the context imtccount. By context it gives
filtering options to the users of the service in terms of cost, bandwidth, volume, time taken
etc. depending upon the service consumed. Thus the proposed Giiext is a hybrid
cloud-based BiObjective Recommendation Framewo(BORF) for mobile social networks
and is an effective and efficient framework model.

Introduction :

The ongoing rapid expansion of the Internet and easy availability of numerous e
commerce and social networks services, such as Amazon, Foursquare, andv&ia,
have resulted in the sheer volume of data collected by the service providers on daily
basis. The continuous accumulation of massive volumes of data has shifted the focus of
research community from the basic information retrieval problem to the filtging of
DAOOCET AT O ET &l Of AGETTh OEAOAAU [ AEETC EO 11
guery. Therefore, most research is now directed towards the designing of more
intelligent and autonomous information retrieval systems, known as Recommendation
Systens. Recommendation systems are increasingly emerging as an integral component
of e-business applications. For instance, the integrated recommendation system of
Amazon provides customers with personalized recommendations for various items of
interest. Recommendation systems utilize various knowledge discovery techniques on a
OOAOB0O EEOOI OEAAT AAOA AT A AOOOAT O Ai 1 0A@O
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networking services, such as, Fad®ok and Googld_atitude hassignificantly gained the
attraction of a large number of subscribers. A mobile social networking service allows a
OO0AO 061 bDPAOCHH ®i OHBAA Gebdbdcddboubrihellnde visited by the use

Large number of checkins on daily bases results in the accumulation of massive
volumes of data. Based on the data stored by such services, several Vebaged
Recommendation Systems (VRS) were developed. Such systems are designed to
perform recommendatE T 1T 1T £ OAT OAG O OOAOO OEAO 1100
preferences. Despite having very promising features, the VRS suffer with numerous
limitations and challenges. A major research challenge for such systems is to process
data at the realtime and extact preferred venues from a massively huge and diverse
AAOAOGAD T £ OOA o6FurteeE oMpleity foAHe prdbled /s Edded by
also taking into the account the real time contextual information, such as: (a) venue
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OAl AAGET 1 A Aperdokal prdferer@es A (B) venue closeness based on
geographic information.

CFbased recommendation systems: Cold start. The cold start problem occurs
when are commendation system has to suggest venues to the user that is newer to the
system. Insufficient check is for the new user results in zero similarity value that
degrades the performance of the recommendation system. The only way for the system
to provide recommendation in such scenario is to wait for sufficient cheelns by the
user at different venues. Data sparseness. Many existingecommendation systems
suffer from data sparseness problem that occurs when users have visited ordylimited
number of venues. This results into a sparsely filled usdo venue checkin matrix. The
sparseness okuch matrix creates difficulty in finding sufficient reliable similar users to
generate good quality recommendation. Scalability. Majority of traditional
recommendation systems suffer from scalability issues. The fast and dynamic expansion
of number of users cases recommender system to parse millions of cheak records to
find the set of similar users. Some of the recommendation systems employ data mining
and machine learning techniques to reduce thelataset size. However, there is an
inherent tradeoff betweenreduced dataset size and recommendation quality.

Mobi Context, a hybrid cloud based BObjective Recommendation Framework
(BORF) that overcomes the limitations exhibited by traditional Clbased approaches.
The Mobi Context framework combines memonbased and modelbased approach of
CF in a hybrid architectureto generate optimal recommendations for the current user.
4EA TAITOU AAOGAA #& 1 1AAI OOEI EUAQ@enudA OOAO
closeness to predict venues for the current user. To address data sparseness caused by
zero similarities, we utilize ametric known as confidence measure.

Modules Description :

V User Registration

V Service Request

V Borf Recommendation

V Results
User Registration : Use noncryptographic credential OSN provider obtains the
assertion veracity score for a user assertion. It can issue a wélsed relaxed credential
for this assertion. A credential issued by an OSN will include the assertion type and
assertion score. TheBORF modeklassifiesmines and enriches information embedded
in on-line social networks to provide lightweight and flexible digital credentials of the
identity assertions The Administrator is treated as a super user in this system. He can
have all the pivileges to do anything in this system. He is the person who received the
Profile of a User registration. He can able to see details of the Registered Member,
Uploaded images and maintain history. Authentication is nothing but providing security
to the sydem. Here every must enter into the system throw login page. The login page
will restrict the unauthorized users. A user must provide his credential like user Id and
password for log into the system. For that the system maintains data for all users.
Whenever a user enters his user id and password, it checks in the database for user
existence. If the user is exists he can be treated as a valid user. Otherwise the request
will be thrown back.
Service Request: This credential, theuser must have posted anage assertion on his
profile. User sends question request to his experts. Then requested expert sends the
confirmation of his assertion before he attempts to access the restricted content. We
also assume that a user selects as friends user that will naytto harm him by send his
honest assertion as false. The user informatiois protecting the privacy of their identity
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avoid the lower ratings. They able to shar@nswers from experts. But they can create
their personal profile information and other details.
Borf Recommendation : The common element among trust inference methods is that
trust flows from a few select trust seed users (trusted seeds) and propagates tbet
other users in the trust graph. A seed is a highly trusted user, e.g., a trusted employee of
the camp service provider that also verifies and tags assertions of many of his
acquaintances. The specifics of the trust inference method determine how trust
propagates in the graph. The trust inference scheme should assign high trust to users
that are well-connected with the trusted seeds and vote similarly to them. It should also
assign lower trust to dishonest users that happen to be wellonnected but vote
dissimilarly to the trusted seeds. Finally, it should assign low trust to Sybil users that
are often connected only to their dishonest creator users. What renders a trust
inference method Sybilresilient is the bottleneck property, which we define as follows:
OOEA OOOO0O OEAO Al T xO O OEA OACEIT 1T &£ OEA <
Sybils is limited by the edges connecting the dishonest region with the region that
AT T OEOCOO T £ OOOOOAA OAAAO AT A EIT Ttehthddth® OAOO8 ¢
ones who simply delegate the tasks.
Results;:4 EA (! ET EZAOAT AA 11T AAl EO APPIEAA 11 06O
users and venues. The higher ranked venues and users are known as popular venues
and expert users, respectively. Theframework maintains region-wise userto-venue
checkin matrix span that is utilized to compute popularity ranking scores for users
and venues. Let represent score matrices for a popular venue and an expert user,
respectively, for a region R. The folloimg formulas compute the score for popular
venues and expert users. The similarity between two experts is calculated only those
venues that are visited byboth the users. The similarity calculation in (5) results into a
very sparse similarity graph becausemajority of the venues are not visited by either of
the two users. Toaddress the data sparseness problem, we augment the similarity
computation with the confidence measure. The confidence measure can be interpreted
as a conditionalprobability that a venue visited by a one user is also visited by the other
user in the dataset.
Existing System:

In recent years, recommendation systems have seen significant evolution in the
field of knowledge engineering. Most of the existing recommendation systems based
their models on collaborative filtering approaches that make them simple to implement.
However, performance of most of the existing collaborative filteringbased
recommendation system suffers due to the challenges, such as: (a) cold start, (b) data
sparseress, and (c) scalability. Moreover, recommendation problem is often
characterized by the presence of many conflicting objectives or decision variables, such
AO OOAOOE DPOAEAOAT AAOG AT A OAT OA Al T OAT AOGO
Disadvantages:

V Cold Start: The cold start problem occurswhen a recommendation system has
to suggest venues to the user that is newer to the system.

V Data Sparseness._Many existing recommendation systems suffer from data
sparseness problem that occurs when users have visited only a limited number
of venues.

Proposed System:

We propose a clouebased framework consisting of biobjective optimization

methods named as GIBORF and greediBORF. The Genetic Algorithm based BORF (GA
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BORF) utilizes Nordominated Sorting Genetic Algorithm (NSGA) to optimize the
venue recommendation problem. We introduce a prgrocessing phase that performs
data refinement using HA
Advantages:

V Most of the existing recommendation systems utilize centralized architectures
that are not scalable enough to process large volume of geographically
distributed data.

V The centralized architecture for venue recommendations must simultaneously
consider use®d D OA /A O Ad Hshi® hand AsécialAcBntext to generate
optimal venue recommendations. Therefore, to address the scalability issue, we
introduce the decentralized cloudbased MobiContextBORF approach.

V Memory Efficiency.

Features:

In the future, we would like to extend our work by incorporating more
contextual information in the form of objective functions, such as the cheeak time,
OOAOO6 bDPOT £EI1 AOh AT A ET OAOAOGOOR ET 1060
integrate other approaches, suctas machine learning, text mining, and artificial neural
networks to refine our existing framework.

System Architecture :

An architecture description is a formal description of a systemgrganized in a
way that supports reasoning about the structuraproperties of the systemlt defines the
system components or building blocks and provides plan from which products can be
procured, and systemsdeveloped, thatwill work together to implement the overall
system.
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System Maintenance:

The proposed CFBORF utilizes a variant of the CF approach and employs the
weighted sum method to implement scalaroptimization. The function computes the
edge weights of the current user ¢ with the expert users by utilizing the similarity. The
function indicates the overall aggregate similarity with respect to preferred venues and
user toOAT OA Al 1T OAT Aidiay indtétms ofpéeferertad is Gcaled by the
AOAOACA T £ OOAOOS OEI EI AOEOU EIr The usemi A E £E A
venue closeness is scaled by the average of ugervenue closeness, and is indicated by
the parameter On completion othe N number of iterations, the algorithm generates the
top-N venues for the user by applying the traditional Glbased recommendation greedy
approach that generates a set of top N venue recommendations by traversing a graph of

the expert users.
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The basicmotivation is to extract suitable venues from a network of likeminded people
who share the similar preferences for various venues they visit in a geographical region.
The proposed approach assigns an initial weight on the links among nodes in the graph
of expert users. Subsequently, the venues are recommended by those users that are not
only the most similar to the current user, but also provide maximum contribution of the
venues that needs to be recommended to the current user. In this way, the Greedy
BOR- approach finds an optimal path on the graph that carries a collective opinion
about venues by a group of expert users. This illustrates the stdyy step procedure of
the greedy-BORF approach for online recommendations. To compute w(c,e), the edge
weights between two nodes in different levels of the graph are multiplied, and then
AEOEAAA Au OEA 1 0i AAO T &£ AACAO AAOxAAT OEA
1)) are assigned according to the noizero similarity between the current user and the
expert users. Only those neighbors of current user are selected from the graph that have
non-zero similarity computation with the current user. The current user is stored in the
list known as visited list. From here onwards, we interchangeably refer to the expdr
users as neighbor nodes.
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Figure 6: Location Map

Figure 7:Showthe Location
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