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OVERVIEW
→ Logistic Regression
→ what 's deep learning is offering
→ Matrix and Vectors as transformation

junctions
→ Feed forward Networks computation
→ Activation Functions Graph
→ Back propagation

/
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LOGISTIC REGRESSION
→ Discriminative ; probabilistic
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y is a discrete random variable

Two key components :

① Dot product O . fleshy)
④ SoftMax yr logistic function



VISUALISING DOT PRODUCT e- Rd
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SIGMOID FUNCTION aka Std . Logistic
⇒ Maps KEIR → probability scale
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Good for Binary classes

For Multi class
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SOFTMAX FUNCTION
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>>> b = np.array([25, 25, 25, 25])
>>> b / b.sum()
array([0.25, 0.25, 0.25, 0.25])
>>> be = np.exp(b)
>>> be / be.sum()
array([0.25, 0.25, 0.25, 0.25])
>>>
>>> a = np.array([25, 25, 24, 26])
>>> a / a.sum()
array([0.25, 0.25, 0.24, 0.26])
>>> ae = np.exp(a)
>>> ae / ae.sum()
array([0.2 , 0.2 , 0.07, 0.53])
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⇒ Don't be surprised if bias 1am is dropped
from proofs
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LOGISTIC REGRESSION - ParameterEstimation
Maximum likelihood of parameter o on
a dataset
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FEATURE ENGINEERING vs POWERFUL MODELING

if = argmy.gypfylk.io)
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→ Too much effort in building f Guy) ty EY
↳ Model is simple : dot product t softMax

→ good fca ,y) is time consuming , requires domain expertise
→ would you like

to spend less time in feature engineering
but more time in designing models beyond dot product

?

→ WELCOME TO DEEP LEARNING .



LOGISTIC REGRESSION (2-0)
→ Previous model had same O for all ye y,

but different

→ Let's have same fix) but different o for each
>

I ?
"""

→ Let's place all those Os in a matrix .
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VISUALISING MATRIX MULTIPLICATION
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Or hidden dimension

Look at rows in X ⇒ n examples with Rd representation
Look at columns in W ⇒ k Rd vectors for dot product.
WEIRD ×k: Kd→ pik : Transformation operation"

or function
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WHY DEEP LEARNING

I
,

GO beyond Linear ⇒ More power to models
No need for extensive feature engineering↳ Models can learn useful features

→ Optimize end -to- end in a single network .

But?! Isas " pipeline
"

of subtasks

computationally expensive
→ Look at GPUs and Tpb

*

,
wemay have

it already
* Lots of parameters . nee lots ofdata→ we may beg!!.hr

Need deficient estimation That's a good research d
'

*Not readily Interpretable ⇒ Hmm !
run

⑧

LOGISTIC REGRESSION → FEED FORWARD NN
→ Add another lagerGoal : Learn the features at the beginningI
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LOGISTIC REGRESSION → FEED FORWARD NN
→ Add another lagerGoal : Learn the features at the beginning0GHz)
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FEED FORWARD NETWORKS

s=fxToo⇒=x'T 0*8 = xtw
Two linear transformations ⇐ One Layer

our more
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is some elementwise non
- linear function

tsommonly called as
ACTIVATION FUNCTION

→Example : Sigmoid , Tanh , REW ,
GEW . . . .



ACTIVATION FUNCTIONS

dock
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consider these : -
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→ computational needs for calculating FGD andf
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Vanishing Gradients problem
Dead neurons

-
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- Tanh Too small
- Rew Many multiplications

yield underflow



FEED FORWARD NETWORKS Ffaotffgook
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⇒ Instead of multiplying matrix of one- hotvectors , lookup vectors for words directly



PARAMETER ESTIMATION

Use an optimizer to approximate
model's parameters that best fit a dataset-F

trainingLossfunction dater

Optimizer→ batch
↳ online

'

mini- batch

#

LOSS FUNCTION

conditional Log Likelihood
on::

①
one - hot vector



See: http://cs231n.stanford.edu/vecDerivs.pdf

CALCULUS REVISION [DIFFERENTIAL ONLY ! )
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↳similarly Quotient Rule
Rule
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Back propagation is an efficient algorithm
to

compute derivatives of such complex functions .
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PARTIAL DERIVATIVES
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GRADIENT UPDATE RULE

⑧ Truth

gawd End I
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Tpaediction
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How to calculate 21 - chain Rule
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Baek propagation is an efficient
algorithm



https://google-developers.appspot.com/machine-learning/crash-course/backprop-scroll/

https://medium.com/@karpathy/yes-you-should-understand-backprop-e2f06eab496b

Yes you should understand backprop by Andrej Karpathy

BACK PROPAGATION

⑧

Dene !

Twittering:



REGULARIZATION AND DROPOUT

→ All models oreefit , Mon -linear models
are no exception

→ Regularization → avoid oveeftting
L - EY t" t X H Olli f

→ Dropout : Randomly set some
nodes b-

Ello .
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