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Abstract Social recommendation forms a specific type of information filtering technique that attempts to suggest information
(blog, news, music, travel plans, web pages, images, tags, etc.) that are likely to interest the users.Social recommendation involves
the investigation of collective intelligence by using computational techniques such as machine learning, data mining, natural
language processing, etc. Social behavior data collected from the blogs, wikis, recommender systems, question & answer
communities, query logs, tags, etc. from areas such as social networks, social search, social media, social bookmarks, social news,
social knowledge sharing, and social games. In this tutorial, it will introduce collaborative filtering (CF) techniques, social
recommendation and hybrid random walk (HRW) method.The social recommendation system is conducted according to the
messages and social structure of target users. The similarity of the discovered features of users and products will then be calculated
as the essence of the recommendation engine. A case study will be included to present how the recommendation system works

based on real data.

Index Terms—Social recommendation, transferability, cross-domain, star-structured graph, random walk

l. INTRODUCTION

A social networking service is a platform on which
users can create and adopt different types of items such as
web posts (e.g., articles and tweets), user labels, images, and
videos. The huge volume of items generates a problem of
information overload. Traditional web post recommendation
approaches suffer from data sparsity (i.e., limited inter-action
between users and web posts) and the issue of cold start (i.e.,
giving recommendations to new users who have not yet
created any web posts).

One common type of approach to recommendations,
known as collaborative filtering (CF) techniques. For
example, users read web posts created by their community
and may adopt similar user labels to their friends. Therefore,
an effective social recommendation approach should
acknowledge social tie strength (hence-forth, tie strength)
between users and different user-item interactions. The
multiple item domains reflect users’ intrinsic preferences and
tend to be tightly connected among a massive number of
users. In this paper, it reconsider the representation of social
networks and propose a star-structured graph, where the

social domain is at the center and is connected to the
surrounding item domains, as shown in Fig. 1.The value of
the cross-domain link weight represents how often a given
user adopts a given item, while the value of the within-
domain link weight in the social domain represents the tie
strength between users. Users are more likely to have
stronger ties if they share similar characteristics. Cross-
domain links.
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Fig.1. Star - structured representation of a social network
connecting multiple item domains and one social domain.

To address the above challenges, it propose an
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innova-tive hybrid random walk (HRW) method for
transferring knowledge from auxiliary item domains
according to a star-structured configuration to improve social
recommendations in a target domain. HRW estimates
weights for (1) links between user nodes within the social
domain, and (2) links between user nodes in the social
domain and item nodes inthe item domain.

3. The domains are heterogeneous. Heterogeneity is
a challenging issue in social recommendation. Within-
domain links can be directed (“following” links in the social
domain) or undirected (semantic similarity links in the item
domains). Cross-domain links can be signed (indicating a
positive or negative connotation, such as web-post adoptions
and rejections) or unsigned (user-label adoptions). The issue
of how to transfer knowledge across heterogeneous domains
poses a challenge to method comprehensibility.

Extensive experimentation on a large real social
dataset demonstrates that HRW produces signifi-cantly
superior recommendations for web posts on social networks.
In terms of providing recommenda-tions to cold-start users,
only 30 percent of historical data from the web-post domain
is necessary to achieve a comparable performance to that of
an approach that makes use of user-label data. reflect users’
characteristics in different ways.

Cross-domain links are user-item links (item adoptions), i.e.,
links between the social domain and the item domains.

. RELATED WORK
2.1 Cross-Domain Collaborative Filtering

One-Class  Collaborative  Filtering (OCCF)
problems are more problematic than traditional collaborative
filtering problems, since OCCF datasets lack counter-
examples. Social networks can be used to remedy dataset
issues faced by OCCF applications. In this work,it compare
social networks belong to specific domains and the ones
belong to more generic domains in terms of their usability in
OCCF problems. Our experiments show that social networks
that belong to a specific domain may better be appropriate for
use in OCCF application.

2.2 Hybrid Random walk Algorithm

In this section, this introduce our random walk-
based method on social recommendation. Owing to data
sparsity in the target domain, traditional bipartite random
walk (BRW) algorithms cannot accurately derive user tie
strength to predict user behaviors in the target domain.
Fortunately, it have auxiliary domains in which user ties are
formed for the same reason as in the target domain:
homophily, trust, and influence. The key idea is to utilize rich
knowledge from the auxiliary domains to better describe user
tie strength and then more precisely predict user behaviors.
Thus, this derive HRW algorithms on star-structured graphs
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I1l. MODULES AND NOTATION

3.1 Authentication:

Authentication is a process in which the credentials
provided are compared to those on file in a database of
authorized users' information on a local operating system or
within an authentication server. In this project authentication
is done to provide more security for the users to have their
own credentials to log in.

3.2. Cache of the data:

Cache is in wide use and very stable, but has not
changed in years and is no longer actively developed. The
Cache is designed to assist a developer in persisting data for a
specified period of time. In this project it is used as the
collection of data to store which is used for various
processing.

3.3. Transferring Resource:

Users Post images, videos, status into their timeline
where the data’s are stored specifying their domain.In this the
data’s which is posted by the user are retrieved and visible to
the other users.User can like the data’s which is been posted
by the other user and can also see the likes of the data posted.

3.4. Aspects:
3.4.1 Timeline Aspects:
In this every data posted by the user is present in the
Page according to their respective domains.User can like the
data’s whichever posted on their domain.

3.4.2 Current Domain Aspects:

In this view the most liked data’s which are not
liked by the current user are recommended to the current
user.The current user can like the data’s which iS been
recommended.

3.4.3 Cross Domain Aspects:

In this view the most liked data’s of the cross
domain are recommended to the current user. The current
user can like the data’s which is been recommended if the
user is already registered.
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3.4.4 Collaborative Aspects:

In this view the data’s which are liked by their friends
are recommended to the current user .The current user can
like the data’s which is been recommended.
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Fig. 3. Our social network data represented by a
second-order hybrid star-structured graph, where within-
domain links are between users, posts, and labels, and cross-
domain links are between user and post, user and label.
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2) consistency with users’ followers, i.e., the similarity
of followers between a pair of users, denoted by
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IV.HYBRID RANDOM WALK

In this section, it introduces our random walk-based
method on social recommendation. Owing to data sparsity in
the target domain, traditional bipartite random walk (BRW)
algorithms cannot accurately derive user tie strength to
predict user behaviors in the target domain. Fortunately, it
have auxiliary domains in which user ties are formed for the
same reason as in the target domain: homophily, trust, and
influence. The key idea is to utilize rich knowledge from the
auxiliary domains to better describe user tie strength and then
more precisely predict user behaviors. Thus, this derive
HRW algorithms on star-structured graphs

4.1 Collaborative Filter

One-Class Collaborative Filtering (OCCF)
problems are more problematic than traditional collaborative
filtering problems, since OCCF datasets lack counter-
examples. Social networks can be used to remedy dataset
issues faced by OCCF applications. In this work, it compare
social networks belong to specific domains and the ones
belong to more generic domains in terms of their usability in
OCCF problems. Our experiments show that social networks
that belong to a specific domain may better be appropriate for
use in OCCF application. Collaborative filtering methods are
based on collecting and analyzing a large amount of
information on user behaviors, activity or preference and
predicting what users will like based on their similarity to
other users. It is based on the assumption that people who
agreed in the past will agree in the future and that they liked
in the past

4.2 SPARSITY

Sparsity generates code for two operations: a sparse
matrix times a dense vector and a sparse matrix times a set of
dense vectors. The strategy for choosing register blocks, for
example is to use a performance model based on: A matrix-
independent, machine-dependent performance profile.

4.3 Generic Random Walk

The plots compare the stationary probability of
finding a particle performing a random walk on a 2D square
lattice with randomly distributed defects for Generic Random
Walk (GRW) and Maximal Entropy Random Walk
(MERW). The darker a region, the lower the stationary
probability of finding a particle there
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Algorithm 1. Random Walk over a High-Order Hybrid Star-
Structured Graph
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V. CONCLUSION AND FUTURE ENHANCEMENT

In this paper, it addressed the problems of data
sparsity and cold start in social recommendation. it
reconsidered the problem from the transfer learning
perspective and alleviated the data sparsity problem in a
target domain by transferring knowledge from other auxiliary
social relational domains. By considering the special
structures of multiple relational domains in social networks,
it proposed an innovative HRW method on a star-structured
graph, which is a general method to incorporate complex and
heterogeneous link structures.

It conducted extensive experiments on a large realworld
social network dataset and showed that the proposed method
greatly boosts the social recommendation performance. In
particular, it gained improvement in  web-post
recommendation by transferring knowledge from the
userlabel domain for the user tie strength updating process,
compared with the recommendation methods, which only use
information from the web-post domain. In addition, it
demonstrated that, by using only 27.6 percent of the available
information in the target domain, our method achieves
comparable performance with methods that use all available
information in the target domain without transfer learning.
The proposed method and insightful experiments indicate a
promising and general way tosolve the data sparsity problem.
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