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GRU

| . GRU is short for a gated recurrent unit (Cho et al., 2014)

) It can capture long dependence by a reset gate and

an update gate

® It introduces a new candidate state

® Reset gate: Controls how much past information we use to generate the
candidate state

Update gate: Balances candidate and past hidden states when generating the new

hidden state

(Cho, K., van Merrienboer, B., Bahdanau, D. and Bengio, Y.(2014). On the properties of neural machine translation: Encoder-decoder approaches. arXiv preprint arXiv:1409.1259.]
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Reset gate

| . Reset gate controls how much we forget the past

D Reset gate consists of
e =o {Wr ' (39{1} a~'m ) + br} of the same dimension as a<*~'~
’ ' T - _ ™ T
&{%> — tanh {W (CC{T'} j(I\:‘L} o a{z—l}) ) b}
®* I'™" controls how much we “forget” the past when obtaining a <"~
=

3. Model parameters:

W, b, for the reset gate I'="”

* W,b for obtaining a<*~
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Update gate

| . Update gate aggregate information to obtain a<"~

7 . Reset gate consists of

'\
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I‘u 1> o {Wu, ) (m<z> ja<% > ) + b’u,

> of the same dimension as a
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3. Model parameters:

-

W.,, b, for the update gate I‘:D
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Flowchart
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LSTM

| . LSTM is short for a long short-term memory unit

2 It allows for capturing dependence of various time scales using an update gate,

a forget gate and an output gate

3. First generate a candidate memory
~<i> f <i>T <i—1>T\ ' N
C —tanh< W, |@ , a + b, ;

® It has the same length with
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LSTM

| . Input gate is

- T s s T . . -
LY =0 W;- (CB<%> ,a~' "> ) + b; ¢ of the same dimension as ¢<'~ '~

7 Forget gate is
. i T . T\ 1 1 _ _
I‘?D’ =ogqW;. (a:<1>' a~'1” ) + by p of the same dimension as ¢
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3. Both gates are used to obtain a final memory

: ; . : 1
c<z>— s I\i<3>' o c~<?,> _I_ F?%> o c<z >

« 9 <1>
4. Thus, the memory can be “erased” by the forget gate I'}



LSTM

| . Output gate is

'\

T
: T T - . -
I‘ED =g {W:] : (il?<%> ca~' 1> ) + b, 5 of the same dimension as ¢~ 1~

/

7 The output gate is used to obtain

<1> — I1<i>' O <i1>
O

a C

3. Thus, the memory can be further “controlled” by the output gate I‘jb

4. Initialize a<°” = ¢~ =0



LSTM

| . Model parameters are

W., b, for the candidate memory
®* W,,b; for the input gate
* Wy, by for the forget gate

* W,,b, for the output gate
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Flowchart

Possibly loss function
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Deep RNN

| . We can stack the structure vertically to get a deeper RNN
7 Two dimensions for RNN

® Time: Recurrent units within the same layer are applied repeatedly across different

time steps

® Layer: Within the same time step, the output of the first-layer recurrent unit is fed

into the second layer.



