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Figure 1 The model of two-dimensional Chinese

semantic analysis
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Figure 3 The model of relation extraction
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Table 1 The results of the contrast experiments
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A Question Answering Model of Food Domain Knowledge Bases
with Two-Dimension Chinese Semantic Analysis

ZUO Min, XU Zelong, ZHANG Qingchuan, BI Mingwen

(National Engineering Laboratory for Agri-product Quality Traceability, Beijing Technology and Business University, Beijing
100048, China)

Abstract : Simple Question Answering over Knowledge Bases ( KB-QA) was a hot topic in the field of Natural
Language Processing (NLP ), and it was also the most widely used case in real life. However, in the field of
Chinese KB-QA, there were still many technical challenges such as extracting relations from questions which
relation names were ambiguous, and problems such as error propagation between different processes. Based on
the self-built food domain knowledge base ( FD-KB) and the food field corpus, this paper proposed a new per-
spective based on two semantic dimensions of Chinese characters and Chinese words to extract relations and
mitigate the error propagation. Contrasting experimental results showed that the model of two-dimensional Chi-
nese semantic analysis that proposed here was 5. 83% ~13. 07% higher than the end-to-end model and the se-
mantic parsing model, and verified its rationality and validity.

Key words: natural language processing; knowledge base; question answering; entity recognition;

relation extraction
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Review of the Analysis Methods of Effective Connectivity Based on Granger Causality

SHANG Zhigang"*, SHEN Xiaoyang'*, LI Mengmeng'”, WAN Hong'"

(1.School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Henan Key Laboratory of Brain
Science and Brain-Computer Interface Technology, Zhengzhou University, Zhengzhou 450001, China)

Abstract; At present, the effective connectivity analysis methods based on Granger causality was widely used
in neural signals analysis of multiple brain regions. First of all, the calculation principle and functional charac-
teristics of representative algorithms commonly used in this kind of method were systematically introduced.
Then the key points that should be paid attention to in practical application of this kind of methods were sum-
marized. Finally, the improved algorithm for Generalized Partial Directed Coherence was taken as examples to
show the application effect on the actual electroencephalogram data set.

Key words: Granger causality; effective connectivity; neural signals; information flow



