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Abstract

Aspect sentiment analysis based on deep learning is one of the hot spots in natural language processing. Aiming at aspect
sentiment, a deep hierarchical attention network model based on aspect sentiment analysis was proposed. The local
features of the text and the temporal relationship of different sentences were retained in model through the convolutional
neural network, and the emotional features within and between sentences were obtained by using the layered long short-
term memory network (LSTM). Among them, specific aspects of information were added to LSTM and a dynamic control
chain was designed to improve the traditional LSTM. A comparative experiment is conducted on the two data sets in
SemEval 2014 and the Twitter data set. Compared with the traditional model, the accuracy of sentiment classification of the

proposed model increases by about 3%.
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Abstract

In view of the increasing number of people in the digital interaction process of direct or indirect disclosure of privacy
issues, the establishment of a set of data security sharing system based on blockchain network, the access control algorithm
based on ciphertext-policy attribute-based encryption and the homomorphic encryption algorithm provides reliable chain
data sharing were mainly researched. Data sharing on chain architecture for data sharing on the chain was proposed.
Finally, simulation experiments were carried out, and the results of experimental data were analyzed. The work effectively
solves the problem of malicious parties using the transaction transparency of blockchain for data analysis and ensures the

privacy security of user data in the sharing process.
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