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Abstract  Literature survey of domains or topics is the foundation of scientific research. Along
with more and more researchers devoting themselves to their work, plenty of academic achieve-
ments come out continuously, which brings more difficulties to effective and efficient surveys.
This paper aims at developing an automatic literature survey framework to help researchers
survey effectively. This framework recommends papers and authors which are most worthwhile
surveyed based on the keywords given by the user. These recommended papers and authors must
be prestigious and cover different aspects of the domain or problem. This paper proposes a two-
phase ranking model by simultaneously exploring prestige and diversity. Firstly we introduce
MutualRank to learn the prestige of the papers as well as the authors by leveraging the two
heterogeneous types of information. We then rank the authors and papers by using PDRank
model which combines the prestige and diversity. Finally, we provide users with recommended
survey results with high prestige and diversity. Experiments show that MutualRank is better
than PageRank on modeling prestige, and the survey results based on two-phase ranking model is

superior to the existing baseline methods.
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Background

This paper focuses on the automatic literature survey
technology. Literature survey of domains or topics is the
foundation of scientific research. Traditional literature survey
is made manually. Researchers construct keywords based on
the surveyed topic or problem, and then search for the
relevant information (e. g. , papers) using search engine or
other academic services. But, along with more and more
researchers devoting themselves to their work, plenty of
academic achievements come out continuously, which brings
more difficulties to effective and efficient manual surveys.

This paper aims at developing an automatic literature
survey framework to help researchers survey effectively.
This framework recommends papers and authors which are
most worthwhile surveyed based on the topic given by the
user. These recommended papers and authors must be
prestigious and cover different aspects of the domain or

problem. The authors propose a two-phase ranking model by

simultaneously exploring prestige and diversity. Firstly they
introduce MutualRank to learn the prestige of the papers as
well as the authors by leveraging the two heterogeneous
types of information. Then they rank the authors and papers
by using PDRank model which combines the prestige and
diversity. Finally, they provide users with recommended
survey results with high prestige and diversity. Experiments
show that MutualRank is better than PageRank on modeling
prestige, and the survey results based on two-phase ranking
model is superior to the existing baseline methods.
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