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‣ Given: Dataset                                    with binary targets   

                                     with  

‣ Conditional likelihood function: 

‣ Maximizing the conditional likelihood/minimizing the cross-entropy 

‣ E(w): convex, but no closed form solution!  

                               is nonlinear in w
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Logistic Regression for Two Classes
X = (x1, ...,xN )T

t = (t1, ..., tN )T tn 2 {C1, C2} = {1, 0}

�n = �(xn)

yn = �(wT�n)
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‣ Stochastic Gradient Descent for cross-entropy: 

‣ Update rule given a random data point  

‣ Gradient: 

‣     

‣   
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Logistic Regression (K=2): SGD
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‣    

‣ Use  

‣     

‣   
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Logistic Regression (K=2): SGD
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‣ Stochastic Gradient Descent for cross-entropy: 

‣ Update rule given a random data point  

‣        

‣ Gradient: 

‣ Update rule:

5

Logistic Regression (K=2): SGD

(xn, tn)
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1. Initialize  

2. Choose a learning rate 

3. While                  

I. Choose a random data point              

II. Update w: 

‣ If     too large: no convergence 

‣ If     too small: very slow convergence 

‣ Converged w*: estimate of minimizer of E(w)!
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Stochastic Gradient Descent
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