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Need some non -

linearity .

How ?

Activation functions !



Activation Functions
-

D Add non-linearity

2) Ensures small
change

in weights 1 bias

⇒ Small change in ol p

Desirable for learning

3) In some cases
,

maps
E- a

,
a ] - Ca ,

D



÷
a
.÷i⇒ .



PYAgebraic-ormstepfumction-ot.IS

Small change in w or b can lead to

large change in olp .



Sigmoid neuron
#

*
"

smoothed
"

out step function
* 6 G) = Y Hei

- f -

#°o° wntb

Small change in w ⇒ Small change
in

output



Activations

Ya e"→¥fCwrwIn
.

+ b )

Otp is flwntb )

f- is non-linear



SIGMOID UNIT
-

ki WI

-

a.
→ O -

- :

i Wd

old

I

Otp = Activation fawzi - ID
= 6€ wine + b) 614=1

It e-
Z



otheractivation-feent.org

Rectified linear knit ( Rew )

#
f' "

mango ,
a }

Tank

¥5
" " ÷÷



Simplest Neural Networks
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Simplest Neural Networks
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Digit classifier using MLP
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* 64×64 grayscale image
* O - Black

I - white

[ o - D - btw Black S White

* Ilp layer : Gmt fu = 4096

Ohestionl : Is new digit 9 or not ?

⇒ Otp size = € neurons
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If Hidden layer sizes are
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CaseStudyI :

Housing price prediction
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REGULARIZATION / PREVENT OVER FITTING

-
-

① Dropout

② Penalty Terms .

③ Data augmentation

⑨ Early stopping
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why Dropout works

① Smaller nets ⇒ less over fitting

② since nodes can be " shut
' ' at

hand on ,

weight spread across nodes

H
shrinkage ( akin 22)
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DataAugmentaton

Enough : Add transformations of images

to make train set
"

bigger
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