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2. Previous Work
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2.3. NN(Neural Network)
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What is NN?
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A E (Input layer) : #EZKEMFMAE, BELUBMALLE,
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3.  Model
3.1.  Recurrent Neural Network
i. From NN to RNN
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i. How a RNN works?
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iii. A simple recurrent neural network

Simple Recurrent Unit
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y : & E (Output layer)
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Gated Recurrent Unit
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Gated Recurrent Unit - GRU
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gates:
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4. Discussion
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sigmoid function
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Regularization
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A%E, EREMEFA—LRegularizationf A%, il 2EHM
1B K BIweighti# S,



LT B#%FERegularizationf /5%, ELFA——fEEE,

L2-Regularization
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