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NPTEL Questions H’\ iy
o Can RNNs have more than one hidden layer? Yes! You can also have multiple RNN
blocks - these are called stacked RNNs

o The state (h;) of an RNN records information from all previous time steps. At each new
timestep, the old information gets morphed slightly by the current input. What would
happen if we morphed the state too much?
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We will now move on to Backpropagation in RNNs. Before we go there, we left behind a couple
of questions. Can RNNs have more than one hidden layer? We already answered the question.
We said that you can have as many hidden layers as you want in each RNN block. In fact, you
could also stack RNN blocks if you like, one on top of each other. See you could have an input
that goes to one RNN block, whose output goes to another RNN block which is then given to the

output at that particular time step.

And then similarly, this RNN block would go over time. And its outputs would go to the upper
RNN block. So in such an architecture, which is also known as a stacked RNN, the weights at
each level are all shared. So at this level, all the weights are the same across all the time steps.
And at level 2, all the weights are the same across all of the time steps. Such an architecture is

known as a stacked RNN.

Going forward we asked the question, given that the state of an RNN records information from
all previous time steps, what would happen if we morph the state at a given time too much with

the current input?
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e Review: Questions
1

NPTEL

Questions

a Can RNNs have more than one hidden layer? Yes! You can also have multiple RNN
blocks - these are called stacked RNNs

o The state (h;) of an RNN records information from all previous time steps. At each new
timestep, the old information gets morphed slightly by the current input. What would
happen if we morphed the state too much? Effect of previous time-steps will be
reduced, may not be desirable for sequence learning problems
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The answer is evident here again, the effect of previous time steps will be reduced, which may

not be desirable for sequence learning problems.
(Refer Slide Time: 02:10)

o RNNs: Forward Pass

o Forward pass equations:

9

NPTEL

Ow=

hy = tanh(Uzy + Why—y)
th = softmax(Vhy)

:3"":
e
=

o Loss function e.g., Cross Entropy loss:

E(un, i) = = log i

U (o) = Y Exloes i)
t
X = Z U log g
t
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Moving on now to backpropagation in RNNs let us first revisit the forward pass in RNNs

assuming that this is now your diagram for visualizing an RNN you have an input x weights U

hidden state h weights W then weights V that take you to an output y, then your forward pass
equations are given by ht = tanh(Uxt + Wht_ 1).
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And y, = so f tmax(Vht). This would be your forward pass equations. For an RNN that solving

a classification problem where you have the output layer defined by a softmax. What is the cross
entropy loss in this setting, you could have used, because it is a classification problem, you could

have the standard cross entropy loss as given by this formula.

(Refer Slide Time: 03:20)

Backpropagation: How?

i
e o Goal: Calculate gradients of error E' w.r.t. weights U, V, W/

{; o These gradients will be used to learn weights using SGD; how?
Ey E E Ey Ey

NPFTEL
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o Backpropagation Thraugh Time (BPTT): We sum up gradients at each time step for
one training example =3 EH:LI'
Credit: Denny Britz, WildML R Tutorial
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Now, if we want to compute the gradients of error E with respect to the 3 sets of weights that we
have here; U, V, and W, let us assume that these gradients are going to be used to update the
weights using stochastic gradient descent exactly the same way we did this for feed forward

neural networks, or CNNs.

And it is also important to keep in mind that depending on the kind of RNN variant that you are
using, you could have an error in each time step. If you had a many to one setting, you may have
an error only at one time step. But in a more general case of an RNN, you could have an error for

your output at every time step. So you could have an error E ot time step t = 0. Similarly, E ,at

time step t = 1, and so on and so forth, in this case till E .

The question now is, how do you compute the gradient of the error with respect to U, V and W?
How do you do this? It is similar to the general principle of computing the gradient for any other

neural network. If a weight influenced an output through multiple paths, then you have to sum up
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the contribution of that weight to the output along all possible paths. In our case, you would have

a weight here, here, here, here for all the time steps.

And all of them are the same weights in an RNN. So if we had to compute av]f/ , where E is an

OE
overall error, ng/ would be given by Zthere Ei s the error at each time step. So our next

OE,
question boils down to how do you compute each of these W Let us see that now.

(Refer Slide Time: 05:35)

Backpropagation Through Time (BPTT)

it
A o Consider error at one time step: Ey; let us

{;) calculate the gradient 0F;/0V

— ! Y1 o Writing =3 = Vhg, gradient can be
h calculated as
v V v _ :
WA by bt OFy _ OF; 0y
’O = "O 2 ’O = v gy oV
# " W OFy iy 024
U Y Y = D By OV
x, X X = (s - y3) O

where @ is outer product

Credit: Denny Britz, WildML RNN Tuterial

Vinesth N B [IIT-H) 8.2 Backprop in ANNs 5/13

9E, OE,
Before we go into computing -~ ~let us take a simpler case, and try to compute —--. In particular,

6E

OE,
let us consider —-, which is, let us say the third time step. So to compute —=, let us assume that

~

OE,
we can write z_to be Vh_ then the gradient can be computed as ——=— will be —=——=
3 3 v ay. OV
3

softmax of z . That is the way we have defined this network.

BE By az

So you would have this by chain rule as 6_3/36_23 T

Now, this assuming that you have a linear

activation function, or let us assume that this activation function is trivial, and let us assume that

OE
—=_ if you use mean squared error or cross entropy, let us assume that it boils down to a simple

Y3
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~

—~ 0z
Yy~ Vg where y 3 is the predicted output and y 3 is the expected output and 6_1/3 would be h -

because of the definition of z 3 itself.

O0E O0E )

so you would sum up —* + —= +

— L and so on and so

av

OE,
This becomes the gradient for —~

forth to get the gradient of the overall error with respect to V. Once you compute that, you can

update all the weights in V using gradient descent.

(Refer Slide Time: 07:39)

Backpropagation Through Time (BPTT)

i
— @ How about BE;/OW?
{; E E E Ey E, o Can we write it as:

g ‘ ‘ ‘ ‘ OE; O i b
s )—(
/ \

W iy dhy W
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3E,
Now, let us move on to the next case, which is —=. Recall again that in RNNs we have U, V and

W. We need to compute the gradients of the error with respect to each of them. So, let us say we

OE,
that would now be written as very similar to what we wrote for V, =~

have to compute ——- s W

6M/’

9E, dy, oh,

would be a_AWW which is the W that you have coming into it from the previous layer. The
_'V 3

OE, 3E,
question now is, is this good enough? If we now took this quantity, and summed up —-- +

oE
and so on. Would we have solved a_mj overall?

1139



(Refer Slide Time: 08:42)

NPTEL

Unfortunately, no,

Backpropagation Through Time (BPTT)

@ How about dF3/dW?

o Can we write it as:
OF; Oy dijy dhy
W Dijy kg AW

() —()—()—(s)

T

Ty T

o It's not complete, since iy depends on W,

hg = tanh(Uzg + Why)

@ Chain rule needs to be applied again!

Credit: Denny Britz, WildML RNN Tutorial
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because while 6h3 depends on W, 6h3 also depends onhz, which in turn

depends on W again, which means chain rule needs to be applied again to be able to complete

6E
this computation of —~

. Why did we not need this with V? Because we did not have this

problem because it was directly connecting h to the error. So, how do we complete this?

(Refer Slide Time: 09:19)

Backpropagation Through Time (BPTT)

@ Observe that hy depends on IV directly as

E E E: E: E, T i |
1 L 2 ? 4 well as indirectly via hig, by, hence:

Ly ZJF; dhify g Dy

‘ o thy ‘ g
@1®1Gﬁ*—® (i) aw

dm Uy by OW,

o E r: 2 ! - Homework!
A
082 Ouiz\oh; . .. \
Credit, Denny Britz. WildML RN Tutorial ")j; 'b]-,; 2w ? h

VoeshNB (ITH) 82 Backpog n RN 71
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OE,
So, h 3depends on W via h » h ) and all other earlier hidden states. So which means a—W can be

3 oE a? oh, oh,
written as; Y, = dh, oh_ oW
k=0 6y3

OE
. What about —? We are going to leave that as homework

OE,
because it is going to be very similar to —--, you only have to apply the chain rule in a principled

manner. Just to complete this discussion, so, if one had to look at this, how would it look in

expansion?
. [oE, oy, on, 0, 9y, oh, oh, ' _
It would look like | —<——=|57—+ | =5 |75 and you will have further summations
dy, 3 9y, 3 } 2

that do similar chain rules for h 1and so on and so forth. Remember, this summation now is only

6E

OF,
for —~, you will have, similarly another summation for -~ —-

W —250 on and so forth. And your

OE
final gradient for W has to add up all of those to compute —-—

(Refer Slide Time: 11:20)

Backpropagation Through Time (BPTT)

]

{;) o Observe that dhy/0hy., when k = 1, will be further expanded, using chain rule, as:

NPTEL

aF;
aw

H JJJ. hy
h aw

Vineeth N B (IIT-H) 8.2 Backprop in RNNs B/

LFj ‘

oh,
when k = 1 as we just said, can be expanded as — would be

So, if you now observe an,

3
oh,
oh, oh, 3 oE, oy, 3 ah,\ah
Tn, o, . So, this entire gradient can now be succinctly written as )’ ah3 [T 5 }6Wk

k=0 3, s \ i1 P
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Backpropagation Through Time (BPTT)

0

Do you see any problem?

Sequences (sentences) can be quite long, perhaps 20 words or more - need to backpropa!gate
through many layers! = Vanishing Gradient Problem!

Vineeth N B (ITH) 8.2 Bachpeop in Al 9/

Backpropagation Through Time (BPTT)

&_) o Observe that dhy/dhy, when k = 1, will be further expanded, using chain rule, as:

NPTEL

dh '] dh a

('”?;; =
l')hj l)JI) 1

ahy

o Consequently, gradient dE; /W can be written as:

i3 Ohs hjoy | aW
j=k+1

!
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OE;
aw

Do you see any problem in this particular approach? If you thought carefully, you will realize
that RNNs are often used for time series data that can be reasonably long. You could be using it
for data that has 20 time steps, 50 time steps, 100 time steps depending on the nature of the

problem that you are dealing with.

So when you now back propagate, you are going to be multiplying the gradients across all of
these time steps. So if you saw in the slide earlier, you would have this term which continues to
multiply these activations across multiple time steps. Now, why could that cause a problem? If

your gradient for each of those values is less than 1, multiplying these terms will lead to a
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vanishing gradient problem, because the multiplication of values less than 1 will quickly go to 0.

Is this really a problem?

(Refer Slide Time: 13:15)

Vanishing Gradient Problem

1, . e o Observe the equation:
@ _.a"r \"\.. */’:‘ 1 e 3 onr ae B ;
NPTEL al ¥ '-'{-‘ | & = f”_sfjﬂ H dﬂ ﬂ
04t .; % 1 aw ) l‘){m Uﬁ;{ ok f]J_[ aw

/ A
: ""/ \‘“‘**' @ For sigmoid activations, gradient is upper
0 / i bounded by 1; what does this tell us?

o Gradients will vanish over time, and

N /,-' | long-range dependencies will not
N | | | | | contribute at alll How to combat?
3 2 1 0 1 ? 3
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v @ Observe the equation:

) f X . OE; im-:;, i 11[ dhy | oy

o | £ £ ! W = g Oy ; ooy - | OW

g | Ny &

/ o For sigmoid activations, gradient is upper
bounded by 1; what does this tell us?

/ | o Gradients will vanish over time, and

/ . long-range dependencies will not
I ,-""/ | | | J contribute at alll How to combat? We'll
R iy & ! see in the next lecture

Credit: Denny Britz, WildML RNN Tuterial
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Let us consider, say, a sigmoid activation function that we use in a layer in the RNN. So we
know that the sigmoid function is upper bounded by 1, the values lie between 0 and 1. Let us,
even if we took a tanh activation function, it would lie between -1 and 1. So the gradient of the
sigmoid activation function, it is also upper bounded by 1 which means all these terms will have

gradients which are upper bounded by 1.
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OE
And what does that tell us? It means that the gradients in this particular computation a_v; will

quickly vanish over time. And an earlier time step. The weights or the impact of an earlier time
step may never be felt on a later time step. Because the gradients that you get due to an earlier
time step, it is most likely will become 0 because of this product over a long range of activations

across many time steps.

So effectively, although you want RNNs to model long term temporal relations, you may not
really be able to achieve that purpose because of the vanishing gradient problem, because an
earlier time step may not really influence an output at a later time step. How do you combat this
problem? We will see this in the next lecture. There are already solutions for this problem. And

we will see this in the next lecture.

(Refer Slide Time: 14:56)

J Exploding Gradients Problem

®

NPTEL

o What if weights are high?

@ Could lead to the exploding gradients problem A

o This, however, is not much of a problem; why?

o Will show up as NaN during implementation
o Gradient clipping works!

Vineeth N B {IIT-H) 8.2 Backprop in RNs n/

'\\\! .'|
But before we go there let us ask the counter question. What if I did not use a sigmoid activation
function? What if I just use the linear activation function let us assume, on the contrary, that each

6h3 oh

of my gradients —=, 6—}12 were very high values, then multiplying all of them could lead to what
2 1
is known as the exploding gradient problem, because the product of values, say in the range of

10, by multiplying 3 such values, you will quickly go to 103magnitude.
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And that can lead to an explosion,exploding gradient problem. This generally is not too much of
an issue during implementation. Can you think why this may be the case? The answer is, firstly,
it is likely to show up as NaN, not a number during implementations. And more importantly, you

can simply clip the gradients beyond a particular value.

This is known as gradient clipping. And it is very popularly done today, while training neural

networks, where you say that if the gradient exceeds 10, you are going to stop the maximum

value it can obtain as 10. So even if your gradient was 103, you are only going to choose it as 10
and move on with the rest of the computations. This generally takes care of the exploding
gradient problem, although the vanishing gradient problem remains, and we will see this in the

next lecture.

(Refer Slide Time: 16:40)

| Itl I Homework
fo
2\{) Readings
T o Chapter 10 of Deep Learning Book (Goodfellow et al)

o Part 3, Denny Britz, WildML Recurrent Neural Networks Tutorial k

Question
o In the next lecture, we'll see architectures that tackle the vanishing gradient problem
reasonably well; meanwhile, can you think of simpler solutions (preferably those which
don't change the RNN architecture)?

Vineeth N B (IIT-H) 8.2 Backprop in RNNs 12/13

So your homework for this lecture is, continue to read chapter 10 of the Deep Learning book,
and also go through this excellent WildML RNN tutorial by Danny Britz, which explains
backpropagation and RNN very very well. The question that we are going to leave behind at the
end of this lecture is, as I just mentioned, in the next lecture, we will see how you can change an

RNN architecture to avoid the vanishing gradient problem.

But can you solve or address the vanishing gradient problem, without any change in the overall
architecture? Through some choices, can you solve the vanishing gradient problem? Think about

it and we will discuss the next time.
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