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Binary Logistic Regression

sigmoid function 
(map into 0~1)

a: logit

sigmoid function



Linear Classifiers

linear hyperplane



Nonlinear Classifiers

preprocessing the inputs / transform the feature vector
<latexit sha1_base64="T/rTHXFCYlKRbTRwWgsVJVW3Tbs="></latexit>

�(x1, x2) = [1, x2
1, x

2
2]

<latexit sha1_base64="tcRLfaeC5i0g208xKgbrBtin6jA="></latexit>

w = [�R2, 1, 1]say

<latexit sha1_base64="qGsEDsVpej/TF2l25UBw8UN2W88="></latexit>

w>�(x) = x2
1 + x2

2 �R2we have



Training Objective
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Why’s that?

iid — independent and identically distributed random variables 
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Maximum Likelihood Estimation
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negative log likelihood
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p(y = 1 | x)

binary cross entropy
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Maximum Likelihood Estimation
MLE: Choose           that maximizes the probability of observed data
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Set derivative to zero

What if this is too difficult to compute? 
Is there a more general way?



Gradient Descent
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step size 
(learning rate)

negative gradient (descent direction)
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Global / Local Optimum
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Convex Function



Gradient Descent

fog in the mountains
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Optimizing the Objective

— textbook 10.2.3.3 for a detailed derivation

<latexit sha1_base64="NQmmkGtY/3gNkKPJlm6WW3nSRA8="></latexit>

p(y = 1 | x)

<latexit sha1_base64="r4zXvSia0DSQrTPDEZvVK6+u7Zk="></latexit>

argmin
✓

[� logP (D | ✓)]
<latexit sha1_base64="CdZi6xRqNkQg2svwD9TF7YxIkQI="></latexit>

argmin
✓

L(✓)

Optimization: 

The core problem in machine learning is parameter estimation (aka model fitting).  

This requires solving an optimization problem, where we try to find the values for a set of variables, 
θ∈Θ, that minimize a scalar-valued loss function or cost function, L(θ). 
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Let’s assume we 
have two types of 

feature values 
here. (+1/-1)



Optimizing the Objective

— textbook 10.2.3.3 for a detailed derivation

<latexit sha1_base64="NQmmkGtY/3gNkKPJlm6WW3nSRA8="></latexit>
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gradient weights each input         by its error, and then average the results<latexit sha1_base64="UAHJ06NYadk7KgT32CRvZEpyMeY="></latexit>xn

batch approach — takes  into consideration all the training examples



Stochastic Gradient Descent
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stochastic gradient descent: use a mini batch of size 1



Perceptron Algorithm

<latexit sha1_base64="NQmmkGtY/3gNkKPJlm6WW3nSRA8="></latexit>

p(y = 1 | x)

stochastic gradient descent:

perceptron algorithm:



Overfitting



Overfitting
Reduce Overfitting:

Do not let the weight to grow too big 

Add regularizer to the objective function as penalty

L2 regularization / weight decay

Standardization



Overfitting
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Recap: Bayesian Learning
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Overfitting

MLE:
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Guassian:

Laplace:



Regularizers and Sparsity



Maximum Entropy Classifiers
multinomial logistic regression

softmax function



Handling Large Number of Classes

Using regular softmax function, when the number of classes, C 
increases, computational cost to compute H increases

To facilitate this, we can use hierarchy softmax 

The idea behind decomposing the output layer to a binary tree was 
to reduce the complexity to obtain probability distribution 



Handling Imbalance Class

More attention on more ‘common’ dataset  
Less attention on ‘rare’ dataset 

Approach 
Resample the data – Oversample / Undersample 



Linear Regression
Linear Regression

Logistic Regression

If input is 1-D, simple linear regression

If input is N-D/output is N-D, multiple/multivariate linear regression

<latexit sha1_base64="mdFsemaZXAuPyhwistu2gKtAsD4="></latexit>

f(x;w) = ax+ b



Linear Regression

Polynomial Regression Feature Extractor
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Linear Regression

residual sum of squares 
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mean squared error 



Linear Regression
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Optimization

Gradient Descent



Ridge / Lasso Regression
Ridge Regression (MAP derivation)

Lasso Regression (Loss function derivation)



Lasso Regression

Ridge allows parameters to be small but cannot reach zero.  

Lasso allow parameters to be exactly zero.  

This is useful because it can be used to perform feature selection, 
where the weight of certain features can be zero.



Q-norm
General Equation

L0 Regularization L1 Regularization L2 Regularization

Elastic Net — Lasso + Ridge
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“elastic net” regularization  
(Zou and Hastie, 2005; Friedman et al., 2008)



Example — Cancer Data

Least Square – Worst  
Ridge – weight is smaller but won’t reach zero, better than LS  
Lasso – some features’ weight are zero; features eliminated   
Elastic Net - Best



Learning Linear Models
General training setup:

We observe a collection of examples. 

Perform statistical analysis to discover      from the data.

Ranges from “count and normalize” to complex optimization routines.

Optimization view:


