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Abstract  Although Tripartite Graph can reduce complexity among the relationships of social
tagging system, it loses some information among the three elements, and it is also difficult to
process the sparse data with missing values. In this paper, we present a Tripartite Tensor De-
composition (TTD) Algorithm to deal with these problems. We first analyzes the information
may be lost in the Tripartite Graph, then propose a lower order tensor model based on tripartite
graph to deal with the missing information and high-index sparse data. Comparing with tripartite
graph model, TTD model reveals comprehensive relations in social tagging system, not only ob-
tains the information between elements, but also gets the relation among three elements. The
model is also applied in social tagging system for tagging recommendation by dealing with the
missing value. The results of the model comparison experiment and social tagging predication ex-
periment show that TTD model reveals the relations in social tagging system more comprehensive
and the results show significant improvements in terms of effective measured through recall/pre-

cision when it is used for social tagging recommendation.
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Background

We study the social tagging system predication with ten-
sor decomposition based on tripartite model.

There are three elements{ user, tag, item}in social tag-
ging system, users use tags to present their interests in the
system, such as use cartoon to tag the film he likes. But the
data is quite sparse, and three dimension relationships among
social tagging system cannot be fully described. The current
work focuses on the methods or models to transfer complex
three-dimension into two-dimension relationship so that effi-
cient traditional models can be used in social tagging systems.
The common used model is tripartite model. but unfortunately
this model missing some useful values among three-dimension.

The paper presents the model based on tripartite model
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to meet the requirement of missing values among three ob-
jects in social tagging system, on the other hand, to solve the
problem in data sparsity, the paper presents the tensor de-
composition method. Combined with the tripartite model and
tensor decomposition method, the Tensor Decomposition
Tripartite Model is used to do the social tagging predication.
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