Machine Learning

Recurrent Neural Network
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1. Basics

sigmoid function:

1
1 +e*

o(x) =

o (¥) = o(x) - [1 — 0(x)]
hyperbolic function:

ef —e™

tanh(x) =
) eX +e™*

tanh (x) = 1 — tanh?(x)
rectified linear unit(ReLU):

f(x) = max(0,x)

softmax function:



y = softmax(x)
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2. Model

input:
X = (X1,X2,....,x7) x €R"
initialize hidden state:
so € R*
forward propagation:

S = tanh(U.xt + WSt_l) (t = 1,2, ,T)
y, = softmax(Vs;) (=1,2,...,7)

output:
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3. Backpropagation Through Time

cost function:
T
EG) = ) EG,)
=1

definition:

ht=U.x[+WSt_1 (t=1,2,,T)
z=Vs, @@=12,...,T)



gradient for V:

OE, _ OE, dy, OE, 9y, 0z
ov. 9y, oV 9y, 9z IV
OE, a&,) . .
= =) -5 needvy,,s;;t=1,2,...,T
(a&t oz ) o (e )
gradient for W':
dsl asl ahl
— : dsi.
ow = on, ow (meedsiso)
st _ 08t (aht + W OSi-1 ) (need s;,s,_1;t=2,3,...,T)
ow  oh; ow ow
aE; . aEt ) aj\)l‘ ) aZt ) aSt
ow dy, 0z, Os; W
5 \T
=<a€t ) Ly 91 (need y,;¢ =1,2,...,7T)
ayt azt aW

4. RNN Extensions

Bidirectional RNNs:




Deep (Bidirectional) RNNs:

5. Vanishing Gradient in RNN [1]




hidden state:

Xy = Wreco-(xt—l) + Winut +b

cost:

unrolling RNN:
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proof:

it is sufficient for 4; < %, where A; is the largest singular value of W, and

Hdiag(a' (Xk))” <y € R, for the vanishing gradient problem to occur.
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let 7 € R be such that V&,

|§;7<1.
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deal with the exploding and vanishing gradient:

e L1 or L2 penalty
e LSTM
e clipping gradient

gradient flow in LSTM:

0Ct GC; aCk+1

— = diag(f,) --- diag(f,) = diag(f
e g 3, iag(f;) --- diag(fy) = diag(f; ©
6. Applications
Language Model [2, 3, 4]:
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Recurrent neural network based language model

Machine Translation [5]:
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RNN for Machine Translation
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