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Construction and Inference Technique of Large-Scale
Chinese Concreteness Lexicon
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Abstract To solve the resource-lack problem of Chinese word concreteness, this paper designs and implements
an automatic method to construct Chinese concreteness lexicon. By making full use of the existing resource of
English word concreteness, it builds up a large-scale Chinese concreteness lexicon based on pretrained word
embeddings and an MLP concreteness regression model. In addition, it proposes the concreteness inference tasks
on the word level and on the sentence level, and manually constructs the corresponding datasets for evaluation the
performance of the Chinese concreteness lexicon on these tasks. Experimental results show that the constructed

concreteness lexicon can perform the two inference tasks effectively.
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Fig. 1 Construction of seed list of Chinese word concreteness and the training of concreteness regression model
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regression model
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Table 2 Experimental results of Chinese concreteness
regression models
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Table 3 Accuracies of word-level concreteness inference task
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Table 4 Hard-to-judge sentence pairs in the human-annotating process
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Table 5 Examples of wrong predictions in the sentence-level concreteness inference task
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