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1 RNN

RNN is given by
ro =20
s =Wpri_1 +Wax + b
Tt = Otanh(5t)
pe = Bo+ BTre

This formula can also be written as

rg =0
7t = Otanh(Werre—1 + Way + b)
pe = Bo + BTre
Here the activation function oy,,p is the tanh activation function given by
et —e
Otanh(U) 1= P

The parameters now are W, (k x k matrix), W (k x p matrix), b (k x 1 vector), 5y (scalar)

and 5 (k x 1 vector).

In the last lecture, we saw that RNNs have a “lack of long memory” problem. This
means that even though r; technically depends on all of x4, z4_1,..., in practice, it is mainly
controlled by x,, for u close to t. This problem is fixed, to some extent, by GRUs and LSTMs.

2 GRU (Gated Recurrent Unit)

GRU is
9 =0
9t = Osigmoid (Wiri—1 + Wz, +17)
2t = Osigmoid(Wyiri—1 + W2x4 + b%)
Tt = Otanh (Wi (11—1 © g¢) + War + b)
re=20r_1+1—2z)0n
pir = Bo + B



z¢ is called the update gate while g; is called the reset gate. The unknown parameters in this

model (which need to be estimated from the data) are W7, W9, b9, W2 W= b* W,., W, b, 3o, 5.

Because of the presence of z;, it is possible for r; to be quite close to ;1 for many time
points ¢. This allows r; to have a relatively long memory.

3 LSTM (Long Short Term Memory)

LSTM is another modification to the basic RNN for enabling long memory. It also uses gates
and has one more gate compared to the GRU. Instead of a recursion directly between r;_1
and r¢, the LSTM recursions are between the pairs (s;—1,71—1) — (8¢, 7¢):

ro =0 and so =0

fi = Osigmoia(Wiri—1 + W/, + %)
it = Osigmoid (WiTi—1 + W'z +b')
0t = Osigmoid (W ri—1 + W°xy + b°)
7t = Otanh(Wiri—1 + Wxy + )

St = [t O8_1+1: O+

Tt = 0t © Otann(5¢)

e = Bo+ Blr

ft is called the forget gate, #; is called the input gate and o; is called the output gate. The
presence of these gates allow r; to draw information from x, even for u quite far from t.

The unknown parameters in this model are er, W ol WE Wb We, We b°, W,., W, b, Bo, B.
The LSTM unit is all the equations in (4) excluding the last linear layer u; = Bo + 87 ry:

ro =0 and so =0
fr = Osigmoid (Wi ri—1 + W/, +b7)
1 = O—Sigmoid(quTt—l + Wixt + bz)
O = Usigmoid(W:thl + W + bo) (5)
7t = Otanh(Wrre—1 + Way +b)
st = fr © 51+ 1 OF
T4 = 0t © Oann(5¢)
The output of the LSTM unit is r;. In PyTorch (see https://pytorch.org/docs/stable/

generated/torch.nn.LSTM.html), the notation used for the LSTM unit differs slightly from
(5). The LSTM PyTorch unit is given by:

ir = o(Wig x4 by + Whi hy—1 + bpai)
Jt=0(Wipxi+big + Whshi1+bpy),

g¢ = tanh(Wig z + big + Whg hy—1 + bpg) ,
ot = 0(Wio 2 + bio + Who hy—1 + bpo)
c=ftOc-1+itOg

hy = oy ® tanh(¢;),

where 0 = 0gigmoid-


https://pytorch.org/docs/stable/generated/torch.nn.LSTM.html
https://pytorch.org/docs/stable/generated/torch.nn.LSTM.html

Both (5) and (6) implement the same LSTM update, but they differ in notation. Our r,
is named h; in PyTorch, and our s; is named ¢; in PyTorch. h; is referred to as the hidden
state and ¢; is referred to as the cell state.

The three gates have the same notation in both formulae: forget f;, input i, output o;.
The candidate or potential feature vector 7 in (5) is denoted by g; in (6). In (6), there are
two bias vectors in each of the formulae for i, f;, g:, 0. We combined these to one bias vector
in (5). Other than these notational differences, the formulae (5) and (6) are identical.

4 Additional Optional Reading

1. Check out the PyTorch documentation for LSTM, GRU and RNN (https://pytorch.
org/docs/stable/generated/torch.nn.LSTM.html, https://pytorch.org/docs/stable/
generated/torch.nn.GRU.html and https://pytorch.org/docs/stable/generated/
torch.nn.RNN.html)

2. This is a popular blog post (by Andrej Karpathy) on how RNNs can be used for many
interesting tasks in NLP: https://karpathy.github.i0/2015/05/21/rnn-effectiveness/.
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