
Data 442 / 610 Lecture 3

Logistic Regression & Nonlinear 
Classifiers



Lecture 3 - 9/2/2026 Logistic Regression 

• Review of Adaline 

• Gradient Descent vs. Stochastic Gradient Descent 

• Logistic Regression 

• Maximum Likelihood derivation 

• Demo 

• Extensions

Outline
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Roadmap to Deep Learning
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Lecture 3 - 9/2/2026 Logistic Regression 

Adaline Review
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Courtesy of C. Fanelli
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Lecture 2 - 8/31/2026 Linear Classifiers

The good 

• Update rule comes from “somewhere” 

• Continuous error function allows gradient descent 

The bad 

• Does not allow nonlinear decision boundaries 

The ugly 

• Learning rate can make or break fitting

Adaline: Takeaways
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Roadmap to Deep Learning

Lecture 3 - 9/2/2026 Logistic Regression 6

Artificial 
Neuron

Gradient 
Descent

Minibatch 
SGD

No
nl

in
ea

rit
y

Scaling 
training

Logistic 
RegressionPerceptron

Adaline

Regularization

Generalization

Optimization

Perform
ance 

tuning

Backprop

Compositional 
architectures

PS 1



Lecture 3 - 9/2/2026 Logistic Regression 

• Gradient descent update rule uses the entire dataset 

• Stochastic gradient descent updates after each data point 

• Pros: faster updates, stochasticity helps avoid local minima 

• Cons: unstable convergence, learning rate tuning 

• Mini-batch gradient descent updates after each subset of data points 

• Improved gradient estimate, benefits from parallelism

Stochastic Gradient Descent
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Lecture 3 - 9/2/2026 Logistic Regression 

Hands-on demo: SGD training loop
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Lecture 2 - 8/31/2026 Linear Classifiers 

The importance of learning rate
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Stochastic gradient descent benefits from learning rate decay

Courtesy of C. Fanelli



Lecture 3 - 9/2/2026 Logistic Regression 

• Gradient descent update rule uses the entire dataset 

• Stochastic gradient descent updates after each data point 

• Pros: faster updates, stochasticity helps avoid local minima 

• Cons: unstable convergence, learning rate tuning 

• Mini-batch gradient descent updates after each subset of data points 

• Improved gradient estimate, benefits from parallelism

Stochastic Gradient Descent
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Lecture 3 - 9/2/2026 Logistic Regression 

Hands-on demo: Mini-batch SGD training loop
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Roadmap to Deep Learning
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Lecture 3 - 9/2/2026 Logistic Regression 

• Adaline uses a continuous objective 
 and linear activation  

• Logistic regression uses a nonlinear 
activation to predict class probabilities 

• The preactivation is a logit (log-odds) 

ℒ σ(z) = z

z ≡ logit (p) = log
p

1 − p

Logistic Regression
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Preactivation:  

Sigmoid: 

z = w⊤x + b

σ(z) =
1

1 + e−z

σ(z) : (−∞, ∞) → (0,1)



Logistic Regression: Loss function
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p(y |x; w, b) ∼ ∏
i

p (yi |xi; w, b) = ∏
i

σ(zi)yi ⋅ (1 − σ(zi))1−yi Bernoulli distribution

Goal: Find  to maximize the likelihood of observationsw Maximum Likelihood Estimationw∗ = argmaxw [p (y |x; w, b)]

ℒ = ∑
i

− yi log σ(zi) − (1 − yi) log (1 − σ(zi)) Cross entropy loss

Goal: Find  to minimize the cross entropy loss w ℒ = ∑
i

− yi log σ(zi) − (1 − yi) log (1 − σ(zi))



Logistic Regression
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Courtesy of C. Fanelli



Lecture 3 - 9/2/2026 Logistic Regression 

Hands-on Demo: Logistic Regression
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Lecture 3 - 9/2/2026 Logistic Regression 

• Logistic regression extends to multiple classes 

 

• Each preactivation is an un-normalized log-probability 

 

• The corresponding activation is the softmax function 

zj = ∑
k

wjk ⋅ xk + bk

zj ≡ log p̃

softmax zj =
exp zj

∑k exp zk

Multiclass Regression: Softmax
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Numerically-stable softmax 

 

Views  as a log-odds with 
respect to the most-probable 
outcome 

 

softmax (zj − max z) = softmax zj

zj

zj ∼ log
pj

pmax



Lecture 3 - 9/2/2026 Logistic Regression 

That’s all!
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• Slides will be posted on the course website: https://colen-
teaching.github.io/DATA442-Fall-2026 

• Lab demos will also be posted 

• Be on the lookout for PS 0: A Bonus Assignment 

• Have a great Labor Day Weekend!

https://colen-teaching.github.io/DATA442-Fall-2026
https://colen-teaching.github.io/DATA442-Fall-2026

