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Classification model for judging illegal and irregular
behavior for cosmetics based on CNN-BLSTM

HU Kang', HE Siyu’, ZUO Min’, GE Wei’

(1. Information Center, China National Institute for Food and Drug Control, Beijing 102629, China; 2. National Engineering Laborat-
ory for Agri-product Quality Traceability, Beijing Technology and Business University, Beijing 100048, China)

Abstract: Aiming at the difficulties in the automatic recognition and classification of illegal and irregular behaviors of
cosmetic supervision departments in sampling inspection, an automatic semantic classification model is established to
assist relevant departments in building an intelligent management system so as to realize scientific decision-making and
effective supervision with data. In this study, a Chinese word vector and character vector are used as two-way model in-
put. The convolutional neural network (CNN) model is used to train the character vector, and the bidirectional long
short-term memory (BLSTM) network model is used to train the word vector. Then, the positional attention mechanism
is introduced to BLSTM to construct a character—word double-dimensional classification model for illegal and irregular
behaviors in cosmetic sampling inspection based on CNN-BLSTM. The results of the comparative experiments on the
sampling inspection dataset of hair dye cosmetics show that the accuracy of the CNN-BLSTM model is significantly
higher than that of several commonly used deep neural network models, which verifies this model’s rationality and ef-
fectiveness.

Keywords: cosmetics; double-dimensional model; natural language processing; location awareness; attention mechan-
ism; CNN; BLSTM
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