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Abstract  In this paper, we present a graph-based recommendation, AttentionRank™ , which
considers not only the multi-behaviors but also the attention relationship between different users
by extending the basic Random Walk algorithm. First, we build a weighted user-item graph based
on the multi-behaviors, and then we build the attention graph based on the follower-followee relations
between users that have similar interests. After that, AttentionRank™ conducts a Random Walk
on the weighted user-item graph and calculates the similarities between the target user node and
any other node. If a user ( follower) pays attention to other users ( followees), we assume that
the similarities between the follower and other nodes can be affected by his/her followees. So the
similarity information of a user node can be spread along the interest edges to the followers on the
attention graph. Each follower updates his/her own similarity information, and the new similarities
are taken as the initial values for the next Random Walk. Repeat the above process until the similarity
information of each user node converge to stable values. Finally, AttentionRank™ creates a

recommendation list of items for the target user according to the similarities between the user
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node and the other nodes in descending order. We evaluate the performance of AttentionRank®

by using a YouKu dataset containing users follow, upload and collection records. The extensive

experimental results show that AttentionRank™ is capable of providing users with personalized

and high quality video recommendation even when user behaviors are sparse.
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Information overload is one of the most critical problems,
and personalized recommendation system is a powerful tool to
solve this problem. In recent years, studies of recommenda-
tion algorithms have sprung up in the field of data mining.
Taking both user behavior and follower relationship into
consideration, they allow users who face a huge amount of
information to find out information they are interested in.
Now, a variety of recommendation algorithms have been used
in different application scenarios, including recommendation
with user behaviors, tags, time, location, context-aware,
social network data, etc.

Collaborative filtering (CF) is the most successful technique
in the design of recommender systems, where a user will be
recommended with items that people with similar tastes and
preferences in the past. Despite its success, the performance
of CF is strongly limited by the scarcity of data resulted
from: (1) the huge number of items that is far beyond user’s
ability to evaluate even a small fraction of them; (2) users do
not inceptively wish to rate the purchased/viewed items.

Besides the fundamental user-item relations, some accessorial

information can be exploited to improve the algorithmic accuracy.
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In our algorithm, different user behaviors and follower
relationship are both considered when computing the nodes
similarity for improving the recommendation performance. It
is suitable for making recommendations in social network, such
as video sharing sites, e-commerce system with subscription
service and so on.
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