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Lecture 19 contd: Neural Network Training using Backpropagation,
Convolutional And Recurrent Neural Networks

Instructor: Prof. Ganesh Ramakrishnan
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OR using perceptron

x
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b

θ = 1
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x’Vy’ using perceptron

x

y

b

θ = 1
2

−1

−1

1.75

x′ ∨ y′
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How about XOR ((x′ ∨ y′) ∧ (x ∨ y))?
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Cascade of Perceptrons for XOR((x′ ∨ y′) ∧ (x ∨ y) with θ = 0 )

x2

x1

1

z1 = g
(∑)

z1 = g
(∑)

1

1

1

−0.25

−1

−1

1.75

fw = g(.)

1

1
−1.25

inputs
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Feed-forward Neural Nets

xn

x2

x1

1

z1 = g
(∑)

z2 = g
(∑)

wn1

w21

w11

w01

wn2

w22

w12

w02

f1 = g(.)

f2 = g(.)

inputs
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Training a Neural Network

STEP 0: Pick a network architecture
Number of input units: Dimension of features ϕ

(
x(i)

)
.

Number of output units: Number of classes.
Reasonable default: 1 hidden layer, or if >1 hidden layer, have same number of hidden
units in every layer.
Number of hidden units in each layer a constant factor (3 or 4) of dimension of x.
We will use

▶ the smooth sigmoidal function g(s) = 1
1+e−s : We have now learnt how to train a single

node sigmoidal (LR) neural network
▶ instead of the non-smooth step function g(s) = 1 if s ∈ [θ,∞) and g(s) = 0 otherwise.
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High Level Overview of Backpropagation Algorithm for Training NN

1 Randomly initialize weights wl
ij for l = 1, . . . , L, i = 1, . . . , sl, j = 1, . . . , sl+1.

2 Implement forward propagation to get fw(x) for any x ∈ D.
3 Execute backpropagation

1 by computing partial derivatives ∂

∂w(l)
ij

E (w) for l = 1, . . . , L, i = 1, . . . , sl, j = 1, . . . , sl+1.
2 and using gradient descent to try to minimize (non-convex) E (w) as a function of

parameters w.
4 Verify that the cost function E (w) has indeed reduced, else resort to some random

perturbation of weights w.
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Intuition for Backpropagation
f(x, y, z) = (wxx + wyy)wq + wzz, q = wxx + wyy

At input (-3,7,-5):-
(gradient of f w.r.t. v shown in red where v ∈ {wx,wy,wz,wq})

Should we decrease wy or should we increase wx to decrease f?
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Intuition for Backpropagation
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Setting Notation for Backpropagation

σl−1
sl−1

σl−1
i

σl−1
2

σl−1
1

σl
1 = σ

(
suml

1

)

σl
j = σ

(
suml

j

)

wl
sl−11

wl
i1

wl
21

wl
11

wl
sl−1j

wl
ij

wl
2j

wl
1j

σL
1

σL
K

(l − 1)th layer
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Gradient Computation
The Neural Network objective to be minimized:

E (w) = −
1

m

 m∑
i=1

K∑
k=1

y(i)
k log

(
σL

k

(
x(i)

))
+

(
1− y(i)

k

)
log

(
1− σL

k

(
x(i)

))
+

λ

2m

L∑
l=1

sl−1∑
i=1

sl∑
j=1

(
wl

ij
)2

(1)

suml
j =

sl−1∑
k=1

wl
kjσ

l−1
k and σl

i =
1

1+e−suml
i

∂E
∂wl

ij
= ∂E

∂σl
j

∂σl
j

∂suml
j

∂suml
j

∂wl
ij

∂suml
j

∂wl
ij

= ∂
∂wl

ij

sl−1∑
k=1

wl
kjσ

l−1
k

 = σl−1
i

∂σl
j

∂suml
j
=

(
1

1+e−suml
i

)(
1− 1

1+e−suml
i

)
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For a single example (x, y):

−

 K∑
k=1

yk log
(
σL

k (x)
)
+ (1− yk) log

(
1− σL

k (x)
)

+
λ

2m

L∑
l=1

sl−1∑
i=1

sl∑
j=1

(
wl

ij
)2

(2)

∂E
∂σl

j
=

sl+1∑
p=1

∂E
∂suml+1

p

∂suml+1
p

∂σl
j

=

sl+1∑
p=1

∂E
∂σl+1

j

∂σl+1
j

∂suml+1
p

wl+1
jp since ∂suml+1

p
∂σl

j
= wl+1

jp

∂E
∂σL

j
= − yj

σL
j
− 1−yj

1−σL
j
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