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RNN Cell IXESER TXE 4
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class torch.nn.RNNCell(input size, hidden_size, bias=True, nonlinearity="tanh"}  [source]
An Elman RMNN cell with tanh or ReLU non-linearity.
h.’ — tanh(wihm - bih + whhh - bhh} K \
If nonlinearity is relu’,then RelU is used in place of tanh. Linear + relu ’
Parameters: = input_size - The number of expected features in the input x
* hidden_size - The number of features in the hidden state h Linear
e hias - If False ,thenthe layer does not use bias weights b_ih and b_hh. Default: k r'y J
True

nonlinearity - The non-linearity to use. Can be either ‘tanh’ or ‘relu’. Default: ‘tanh’




GRU Cell IXE _{ ixe b
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class torch.nn.GRUCell(input size, hidden size, bias=True)  [source]

A gated recurrent unit (GRU) cell

r= U{H’irﬂ: + bir + Whrh + bhf‘) v ( 0-2, q'.7, 0.4

2 = o(Wiz + by, + Wah + by) b | sigmoid | LTI ——
n=tanh(Wy,z + b, + 7% (Wi, h + byy,)) X 7y
hf:(l—z}*n+z*h v 0.8, 0.3, 0.6

| ARk

where g is the sigmoid function. \ /
Parameters: * input_size - The number of expected features in the input x

» hidden_size - The number of features in the hidden state h

—

» bias - If False, then the layver does not use bias weights b_ih and b_hh. Default] True




bidirectional RNN

1XE 4Ef] 1 X EZE ] 1 X EZE ]

<—F ] CaIxedghZiE

<1>< B4 4 %

i

[
Crp e, e

= =

i




1. Word Embedding and Prediction
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Word Embedding and Prediction
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2. Neural Machine Translation (sys2sys)
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3. Transformer
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* longterm ?

o F| FH Attention % Y 52 Rl AHALL A Th RE

* non-local

Vaswani, Ashish, et al. "Attention is all you need." NIPS 2017.
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Figure 1: The Transformer - model architecture.
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3. Transformer

 scaled dot-product attention
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Non-local Neural Networks(best performance)
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* Non-local Similarity

* Input-Dependent Matrix
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Xiaolong Wang “Non-local Neural Networks”, CVPR 2018 13



14



