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Abstract: This paper proposes a method

Construction of a Painting Works Valu
BERT-LDA and K- S

mining the value elements of painting works based on BERT-LDA

((Bidirectional Encoder Representatio fro'l" ransformers-Latent Dirichlet Allocation) and K-means clustering in view

of the lack of standard value e jomindex system in the current painting field. The hyperplane method is applied to
filter out stop words in erature, fusion feature vectors containing textual semantic information are
constructed by using tl DA model, and the K-means algorithm is employed for dimensionality reduction and
visualization of the fu re vectors. Subsequently, a valuation index system for painting works is established. The
results indicate that, compared to the traditional LDA model, the precision, recall, and F-value of the themes and
keywords identified by the BERT-LDA model and K-means algorithm increase by 28.5%, 10%, and 21.5%,
respectively. The index system is validated by algorithm such as Random forest, verifying the scientific nature of the
constructed valuation index system for painting works.
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Fig. 1 The overall framework for constructing and validating a painting

work valuation index system based on BERT-LLDA and K-means
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