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Abstract Recommendation system is becoming one of the most important components in many
e-commerce websites and web applications. In the past decades, collaborative filtering (CF) is
the most success approach to handle the recommendation task, which leverage users’ historical
rating data to model users and items preference. As an early approach, the CF algorithm is
seriously affected by the data spare problem, which means that most users rate only a few items.
This problem distinctly degenerates the performance of CF-based methods. To address this problem,
introducing auxiliary information for CF algorithm becomes a necessary trend to improve recom-
mendation accuracy. Therefore, with the development of social media, social recommendation

algorithms have been proposed and presented as a potential way to solve this problem. These
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methods utilizing users’ social information to help modeling user preference for recommendation.
However, most of them simply make use of the social network information with binary format
directly, and thus ignore the fact that the trust degrees between each pair of users are full of variety.
In this paper, we propose a new method to measure trust degrees, i. e. , how much degrees will
users trust in other users, and to integrate these degrees for social recommendation. Advancing
previous works, in additional of rating similarity, we focus on the social information to estimate
trust degrees and propose the implicit similarity in trust. Specially, we take the indirect social
influence of users into account to estimate trust degrees between each pair of users. We obtain the
social preferences which contains indirect influence by factorizing the social matrix. Based on
these preferences, we propose the implicit similarity in trust for users, which exactly reflect
social relations. In addition, based on the intuition that a user plays different preferences with
role of truster and trustee, our proposed implicit similarity in trust is consist of two parts: users
as truster and as trustee. Moreover, on account of the fact that both rating and social data are
very spare, we take both rating and social data into account to enhance the evaluation of trust
degrees. In this way, after synthesizing both rating similarity and implicit similarity in trust for
each pair of users, we establish an accurate social recommendation model. Furthermore, instead
of directly estimating the trust degrees, we propose an adaptive similarity learning model based
on both rating similarity and implicit similarity in trust to evaluate trust degrees for recommender
system. We conduct several experiments on both Epinions and Ciao datasets, and compared our
model with several state-of-the-art algorithms. The experiments demonstrate that the proposed
approach fully exploits implicit information in rating data and social network, and efficiently
improves the performance of social recommendation. Specially, the results are evaluated in terms
of two error based metrics (MAE and RMSE) and rank-sensitive metrics ( precision, recall and
NDCG), and indicate that our approach is robust in both tasks of rating prediction and top-n
recommendation tasks. We also demonstrate the results in case of sparse rating data or spare
social data, which outperforms previous works. In summary, our approach, fully exploiting
implicit information in rating and social data, can efficiently improve recommendation accuracy.

Keywords recommendation system; collaborative filtering; social recommendation; latent matrix

factorization; trust propagation; implicit similarity
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Background

With the rapid development of internet technology,
information overloading is becoming a serious problem,
which makes adverse impact on user experience. As one of
the potential solutions, Recommendation system has been
wildly used in many web applications and e-commerce web
sides, aims to recommend items that fit user’s preference
by modeling user’s historical behaviour. These algorithms
always suffer from the cold start and data sparsity problem.
which means that most users rates for only a few items and
causing performance degradation. Utilizing users’ social
information is one of the efficient ways to alleviate this
problem and attract increasing attention in recent years.
However, most of them direct make use of the social
network information on binary format, and ignore the fact
that a user trusts in his friends with different degrees.

In this paper, we focus on the problem of estimating
trust degrees between each pair of users for recommendation
systems. Naturally, both ratings and social links could be
used to answer this question. Based on the assumption that
users may trust some social friends with similar ratings
or social links in high degree, there are several methods

have been proposed. To further obtains a more accurate

recommendation model, we proposed a new method to tackle
this problem, and focus on two aspects: (1) Previous works
estimated trust degrees in social links based on the common
sets of social friends, but doesn’t model the indirect relation
between users in social networks; (2) Moreover, they didn’t
make full use of both ratings and social links for each pair of
users, while they both show great potential for estimating
trust degree. We first factored the matrix social links, and
obtain the social latent vector of users which imply contain
indirect relation between users. Based these latent vectors,
we calculated the implicit similarity in trust, and then integrated
it into traditional social recommendation algorithm. Finally,
we achieved our accurate social recommendation model with
implicit similarity in trust, named as SociallT. The experi-
ment on both rating prediction and item recommendation
demonstrated that this model could achieve a more accurate
result compared to previous works, especially for users with
sparse rating data.
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