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[ Abstract] Online review | text/ has. the characteristics of colloquialism, and its evaluation” words lack corresponding
evaluation objects, which affects’ the ‘effect of fine-grained sentiment analysisy Therefore, a method of automatic
identification of ewvaluation objects’based on deep learning is proposed. The specification of text sequence annotation in the
research field is designed,the Named Entity Recognition ( NER) of the evaluationword,as well as the evaluation object
after the comment word segmentation is annotated, and the word sequence jithe word part sequence and the tagging
sequence are achieved. Transfer the word sequence and the word partisequence to the word vectors of the neural network
language model, and‘train them with Recurrent Neural Network ( RNN). Conditional Random Field ( CRF) is used to
output the tag of the evaluation object, and the evaluation_object is achieved as well. Experimental results show that
compared with single CRF model, BiLSTM + CRF model and BiGRU + CRF model have better recognition effects and
the F1 value of BiGRU + CRF model can reach up to 0. 84.

[ Key words] implicit evaluation object;implicit feature ; deep learning; Recurrent Neural Network ( RNN) ; Conditional
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