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Regularized linear regression 



Regularized linear regression



Choice of Regularization Parameter



Bias Variance Tradeoff



Choice of Regularization Parameter



Linear Models for Classification
❖ Optimize a modified cost function 

http://mlsp.cs.cmu.edu/courses/fall2014/lectures/slides/class10.nmf.pdf


Linear Models for Classification



Least Squares for Classification
❖ K-class classification problem

❖ With 1-of-K hot encoding, and 
least squares regression 

http://mlsp.cs.cmu.edu/courses/fall2014/lectures/slides/class10.nmf.pdf


Logistic Regression



Logistic Regression 
❖ 2- class logistic regression 

❖ K-class logistic regression 

❖ Maximum likelihood solution

❖ Maximum likelihood solution

http://mlsp.cs.cmu.edu/courses/fall2014/lectures/slides/class10.nmf.pdf


Least Squares versus Logistic Regression
❖ 2- class logistic regression 

http://mlsp.cs.cmu.edu/courses/fall2014/lectures/slides/class10.nmf.pdf


Least Squares versus Logistic Regression
❖ 2- class logistic regression 

http://mlsp.cs.cmu.edu/courses/fall2014/lectures/slides/class10.nmf.pdf


lets start off with simplest model
❖ Define the model as an affine transform 

❖ Convert the values to probabilities  
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lets start off with simplest model
❖ Sigmoid function 

❖ Convert the values to probabilities  
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how do we find the model parameters
❖ Given a set of training data 

➤ The targets  

➤ The model outputs 

➤ probability when 

➤ probability when   

➤ Jointly 
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total probability 
❖ Each data sample is independent  

❖ Log total probability 
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how do we find the model parameters
❖ We want to maximize the total probability  

➤ Or equivalently minimize the negative log probability 

➤  The parameters of the model need to solved based on the minimizing the error 

➤ This error function is non convex in the parameters 

➤ Need to perform iterative update —> Gradient descent 
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non-convex optimization
❖ Local maxima and minima 



Gradient descent algorithm 
❖ Start with random weights  

❖ Compute gradients and update the model iteratively  

❖ Check for convergence —> If not,                    and go to the step above. 
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learning rate 

•Solving a non-convex 

optimization. 

•Iterative solution. 

•Depends on the initialization. 

•Convergence to a local optima. 



error function revisited
❖ Iterative solution is also possible. 

✓ Move the parameters in the negative direction of the gradient 

Negative gradient Negative gradient Positive gradient Zero gradient



Gradient descent algorithm 



Gradient descent algorithm 



Back to our problem 



Multi-class logistic regression 
❖ Outputs are  

❖ Targets are one hot encoded vectors 

❖ Error function 

➤ cross entropy function 

➤ as before, learnt using gradient descent 
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stochastic gradient descent 
❖ The total error is a sum of errors in all the data samples  

➤ May be too slow - requiring a large number of updates before convergence. 

➤ Can we take a subset of the data and perform gradient descent and update the model 
on the subset ?
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stochastic gradient descent 
❖ Split the data into random chunks  

➤ perform gradient updates on each mini batch  

➤ assumption - gradients computed on the mini-batch well approximate the full batch 
gradients

Given labeled data

Model 
Validation

Model 
Training



stochastic gradient descent 
❖ Split the data into random chunks  

➤ hyper-parameters 

➤ batch size

Given labeled data

Model 
Validation

Model 
Training
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