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Abstract Network big data refers to the massive data generated via interaction and fusion of the
ternary human-machine-thing universe in the cyberspace and available on the Internet. There is a
large amount of knowledge elements in big data, such as entities representing specific objects,
relations depicting logic connections between entities, classes annotating entities semantics, etc.
The very fast development of knowledge in big data environment has presented the characteristics of
heterogeneity, variety and fragmentation. How to extract and fuse knowledge from large and
fragmented data, to effectively organize the knowledge elements obtained from the big data, have
become a technical difficulty to solve and also a hot research topic in knowledge base construction.
This paper presents a survey on the techniques and algorithms of knowledge fusion in decades,
and expects to provide alternative options for further research by analyzing the existing methods.
Firstly, the most commonly knowledge evaluation methods used to judge the authenticity of
knowledge in knowledge fusion are introduced. Secondly, the research progress of knowledge

population is reviewed in detail from entity population, relation population and taxonomy population
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aspects. Thirdly, the overall framework of knowledge fusion is discussed. Finally, this paper

summarizes the key challenges and possible solutions, and further gives a future outlook on the

research of knowledge fusion for network big data.
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With the coming of the era of network big data, this has
motivated the research on the construction of open network
data oriented knowledge base. Although a large number of

knowledge bases have been constructed., these knowledge
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bases are still much limited in knowledge coverage and
{reshness. Therefore, in order to better support a wide range
of knowledge base based applications, such as knowledge
search, knowledge recommendation and so on., researching
on adaptive heterogeneous knowledge fusion for open
network is of great significance. However, the knowledge in
network data has a few typical features, such as multi-
sourced, temporal evolution and ambiguity, so the task of
adaptive knowledge fusion is challenging. This has motivated
the research on the network big data oriented knowledge
fusion to improve the utility of knowledge bases. The

authors’ main objectives are to provide a complete overview

on methods for knowledge fusion.

In this paper, the authors present a survey on the
techniques and algorithms of knowledge fusion in decades.
They indicate the most commonly knowledge evaluation
methods used to judge the authenticity of knowledge in
knowledge fusion, and introduce the research progress of
knowledge population in detail from entity population,
relation population and taxonomy population aspects. The
authors also discuss the overall framework of knowledge
fusion. Finally, the authors give some concluding remarks on
new and challenging directions for future and potential

research of knowledge fusion for network big data.



