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Multi View Cognitive Diagnose Model: A Framework for
Student Assessment

CHEN Zhi-bin,GU Ke, GAO Shuo
( Department of Information School of Computer Science and Information, Hohai University,
Nanjing 211100, China)

Abstract; Cognitive diagnosis is one of the mainstream method in student assessment. But because it is lack of related knowledge
information and exam text information, leading to the traditional cognitive diagnosis only establish the relationship between serial number
of students and questions. In addition, due to the complexity of the exam text, its use for estimating student performance may cause
problems of information loss in the process of extracting textual information. The multi—perspective cognitive diagnosis addresses these
problems by introducing the exam text into the analysis. Using the cognitive diagnosis as a basis, the exam text is introduced to adjust the
resulting test parameters to make them more reliable. In order to avoid information loss in the extraction process,a word vector model is
defined as a perspective for extracting text information, and multi — perspective learning is used to fuse the information from each
perspective, so that the exam text can be viewed from multiple perspectives. Thus restoring the full information contained in the exam text
as much as possible in the process of extracting the test information from the text. The experiments demonstrate that multi—perspective
cognitive diagnosis improves the f—score by 0. 10 and reduces the root mean square error by 0. 10 for traditional cognitive diagnostic
models. And it improves the f-score by 0. 11 and reduces the root mean square error by 0. 01 for the latest cognitive diagnostic methods
such as the multi—task cognitive diagnostic framework , which is a significant improvement.
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