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SENTIMENT ANALYSIS BASED ON PRE-TRAINED LANGUAGE
MODEL WORD VECTOR FUSION
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"' (Software College, Henan University , Kaifeng 475000, Henan, China)
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Abstract In order to solve the problem that the traditional sentiment classification model is not effective enough to
capture the relationship between words accurately, this paper proposes a GE-BiLSTM ( Glove-ELMO-BiLSTM) sentiment
analysis model based on pre-trained language model word vector fusion. Through the pre-trained language model ELMO,
the word vector was trained for the purpose of the language model. Then, it combined the global information and local
context information with the traditional Glove model training results to increase the density of the word vector matrix, so
that the characteristics between words could be better expressed. Combining with BiLSTM could better capture the
relationship of context information. The experimental results show that the GE-BiLSTM sentiment analysis model can
achieve better classification results. The accuracy rate is 2. 3 percentage points higher than the traditional model, and the

F1 value is increased by 0. 17.
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% (1) " All the world’s a stage and its people actors in it" —

or something like that. Who the hell said that theatre
stopped at the orchestra pit—or even at the theatre door?
Why is not the audience participants in the theatrical ex-
perience, including the story itself?
(2) I came in in the middle of this film so I had no idea
about any credits or even its title till I looked it up here,
where I see that it has received a mixed reception by your
commentators.

MM (1) I saw the capsule comment said " great acting. " In

my opinion, these are two great actors giving horrible per-
formances, and with zero chemistry with one another, for
a great director in his all-time worst effort. Robert De Niro
has to be the most ingenious and insightful illiterate of all
time.
(2) This is the biggest insult to TMNT ever. Fortunante-
ly, officially Venus does not exist in canon TMNT. There
will never be a female turtle, this took away from the trag-
ic tale of 4 male unique mutants who will never have a
family of their own, once gone no more.
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Glove-BiLSTM 87.5 0.893 0.869 0.881
ELMO-BiLSTM 87.9 0. 895 0.826 0.859
Glove-LSTM 85.3 0.840 0.826 0.855
ELMO-LSTM 86.8 0.834 0.922 0.876
GE-BiLSTM ( A< 3C) 90.6 0.908 0.905 0.906
SCHk[16 ] 7 88.3 0.842 0.826 0.882
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