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Abstract: As a huge knowledge network diagram, the knowledge graph contains entity concepts, relationships,
and other information. Although the semantic representation based on deep learning has strong generalization, it is
not sensitive to some proprietary knowledge, so many researchers try to combine knowledge graphs with neural
network. At present, most of the methods of semantic representation of knowledge graphs are based on general
domain knowledge graphs, and there is no research on the semantic representation of knowledge graphs in the
academic field. In this paper, the full-text data of academic literature is taken as the research object, and the
semantic representation method based on an academic knowledge graphs is studied. On the basis of constructing
academic knowledge graph, the research method of the general field (K-BERT) is improved (KEBERT) , and
entity knowledge is further used to enhance the semantic information of the text. By conducting comparative

experiments on downstream tasks, the performance of KEBERT, K-BERT, and ERNIE is verified on academic
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retrieval datasets. The experiment uses the NDCG evaluation index commonly used in the retrieval task to evaluate

the results. The experimental results show that the improved KEBERT is superior to other models in the retrieval task.

Key words: knowledge graph ; semantic representation ; enhanced semantics ; academic retrieval
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Fig.4 Schematic diagram of semantic representation method for enhancing academic knowledge graph
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cultural heritage ontologies

the FRBR - 00
the SAWS

8 the DM2E

9 the WordNet ontology

13 Europeana Data Model

16 Topic models

21 TMVE
22 Wikipedia the data used by

24 Bing

26 Wikipedia 's native search application program interface ( API )
document collections

1

2 a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

3 Sharing Ancient Wisdoms ( SAWS ) ontology a tool used by Improving proverb search and retrieval with a generic multidimensional ontology
4 SAWS a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

5 the CIDOC -CRM a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

6 a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

7 a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

8 a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

10 Conceptual Mapping a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

11 the Contemporary Theory of Metaphor a tool used by Improving proverb search and retrieval with a generic multidimensional ontology
12 WordNet a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

14 CM a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

15 Google a tool used by Improving proverb search and retrieval with a generic multidimensional ontology

a tool used by Evaluating topic representations for exploring document collections

17 Twitter a tool used by Evaluating topic representations for exploring document collections

18 Topic modeling a tool used by Evaluating topic representations for exploring document collections

19 LDA a tool used by Evaluating topic representations for exploring document collections

20 the publicly available Topic Model Visualization Engine a tool used by Evaluating topic representations for exploring document collections
a tool used by Evaluating topic representations for exploring document collections

Evaluating topic representations for exploring document collections

23 Google a tool used by Evaluating topic representations for exploring document collections

a tool used by Evaluating topic representations for exploring document collections

25 Wikipedia a tool used by Evaluating topic representations for exploring document collections

a tool used by Evaluating topic representations for exploring

27 Google' “sisite - restrictedisearch a tool used by Evaluating topic representations for exploring document collections
28 colordescriptor package a tool used by Evaluating topic representations for exploring document collections

29 k -means clustering a tool used by Evaluating topic representations for exploring document collections

30 Personalised PageRank a tool used by Evaluating topic representations for exploring document collections

31 PPR a tool used by Evaluating topic representations for exploring document collections

H 8 ARmit B KB
Fig.8 Sample academic knowledge graph data
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Fig.9 Schematic diagram of search word tree structure
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Fig.10 Experimental diagram of semantic representation enhanced by academic knowledge graph
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Tab.4 Experimental results of knowledge graph enhanced

semantic representation method

Wi ARSonE MR
K-BERT ERNIE
NDCG@1 29.9% 29.7% 29.7%
NDCG@3 44.2% 42.8% 37.6%
NDCG@5 52.8% 53.1% 48.0%
NDCG@10 71.5% 71.6% 69.9%
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