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What will we learn in this session?

• Where those cost functions come from?

• Why type of problems can I solve with neural networks?

• New homework
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The Problem Definition

• Imagine we have a set of observed data:
!", !$, … , !&

• Assume we know which parametric probability 
distribution function (p(!|*)) has produced the data, but 
we don’t know the parameters (*?).

• Question: How to Estimate the Parameters?    
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Common format: 67 ! is usually written as p(!|*) as well to indicate 
the dependence of probability values on the parameter w.
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Maximum Likelihood Estimation (MLE)

• MLE is an approach to estimate parameters.

• MLE: Choose parameters in a way that the observed 
data have the biggest probability.

! = argmax
(

)(+,-,|!)

• MLE tries to makes sense of observed data by making 
them more likely to be produced by the parametric 
model.
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General Case

MLE says: !"#$ = argmax
+

,(./0/|!)

, ./0/ ! = , 34, 36, … , 38 !
= , 34 ! , 36 ! …, 38 ! (i.i.d assumption)
=∏:;4

8 , 3: !
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Example: Flipping a Coin
• Assume the observed data are the outcomes of flipping 

a coin:

• Data: H, T, T, H, H, H, T, H, H,…,T

• Question: What is parameter p, (p=P(H))? 
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Example: Flipping a Coin
• Assume the observed data are the outcomes of flipping 
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Log Likelihood for Numerical Stability

! "#$# % = ! '(, '*, … , ', %
= ! '( % ! '* % …! ', % (i.i.d assumption)
=∏./(

, ! '. %

log(! "#$# %) =
=∑./(, ! '. %

%678 = argmax
=

log(! "#$# % )
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MLE Example: Flipping a Coin
Calculus-based Solution

! "#$# % = ! ', ), ), … , ) %
= ! ' % ! ) % ! ) % …! ) % (i.i.dassumption)
=%+(1 − %)01+
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%234 = argmax
:

(! "#$# % )



MLE Example: Flipping a Coin
Calculus-based Solution

! "#$# % = ! ', ), ), … , ) %
= ! ' % ! ) % ! ) % …! ) % (i.i.dassumption)
=%+(1 − %)01+

• 2
23! "#$# % =0
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%456 = argmax
3

(! "#$# % )



MLE Example: Flipping a Coin
Calculus-based Solution

! "#$# % = ! ', ), ), … , ) %
= ! ' % ! ) % ! ) % …! ) % (i.i.d assumption)
=%+(1 − %)01+

2
2% %

+(1 − %)01+= 3%+14 1 − % 01+ − 5 − 3 %+ 1 − % 01+14 = 0
3 1 − % − 5 − 3 % = 0
3 − 5% = 0
% = 3/5 13

%89: = argmax
@

(! "#$# % )



Supervised Machine Learning

• Imagine we have a set of training data:
(!", $"), (!&, $&), … , (!(, $()

• And our neural network is estimating p($|!, ,), but of 
course we don’t know the optimal parameters (,?).

• Question: How to Estimate the Parameters?    
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,./0 = argmax
7

log(: $ !,, )



Supervised Machine Learning
• Imagine we have a set of training data:
(!", $"), (!&, $&), … , (!(, $()
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)*+, = argmax
3

log 6 7 8,)
= argmax

3
∑:;"( log 6 $: !:, )



Supervised Machine Learning
Logistic Regression 

• Imagine we have a set of training data:
(!", $"), (!&, $&), … , (!(, $()
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)*+, = argmax
3

log 6 7 8,)
= argmax

3
∑:;"( log 6 $: !:, )

Reminder: in logistic regression:
<$: => 6 ?@AB@A = 1 !:, )

1- <$: is 6 ?@AB@A = 0 !:, )
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Supervised Machine Learning
Logistic Regression 

• Imagine we have a set of training data:
(!", $"), (!&, $&), … , (!(, $()
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)*+, = argmax
3

log 6 7 8,)

= argmax
3

∑:;"
( log 6 $: !:, )

Reminder: in logistic regression:
<$: => 6 ?@AB@A = 1 !:, )

1- <$: is 6 ?@AB@A = 0 !:, )

)*+, = argmax
3

∑:;"
( [$:F?G <$: + (1 − $:) F?G 1 − <$: ]

)LMN:(OP = argmin
3

J(W)  

= argmin
3

− ∑:;"
( [$:F?G <$: + (1 − $:) F?G 1 − <$: ]



Classification with more than two 
categories
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Classification with more than two 
categories
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!"#$ = argmax
+

log . / 0,!
= argmax

+
∑3456 log . 73 83, !

9(;) = -∑3456 log . 73 83, !



Classification with more than two 
categories
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!"#$ = argmax
+

log . / 0,!
= argmax

+
∑3456 log . 73 83, !

(X1,Green)
(X2,Purple)
.
.
.

9(;) = -∑3456 log . 73 83, !



Cross entropy between model 
distribution and the training data
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Cross entropy between model 
distribution and the training data
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−log(&('))

(&('))-1)2



Neural Networks:
What they can do?
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Brain is a universal learning machine
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Neural Networks

• One learning algorithm hypothesis

• Robotics, Speech Processing, Image Processing, NLP, 
etc, are not separate fields, and common learning 
algorithms can apply to all.
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