
446 Section 06



Plans for today!

1. This
2. Reminders
3. Classification

a. Binary Logistic Regression
b. Multiclass Logistic Regression

4. PyTorch Tutorial
5. GD Review



Reminders

● HW2 due today! (1 day extension)
○ Late deadline is Saturday
○ Are you keeping track of late days? Use them!

● HW3 released! Due Wed, May 20th
● How was the midterm?

○ Q6 and Q15 are extra credit questions now



Classification



Classification

Binary → Sigmoid Multiclass → Softmax

Logistic loss Cross entropy loss



Binary Logistic Regression



Linear Classifier

- Logistic regression 
is a linear classifier

- Can classify 
between 2 classes



Logistic Loss

Expected Loss:

Very difficult to 
optimize…



Sigmoid Function

Decision Rule:

Logistic Loss:



Practice



Question 1a



Question 1a



Question 1b



Question 1b



Question 1c



Multi-class Logistic Regression



Binary vs Multiclass Logistic Regression



Softmax



Practice



Question 2a Note that inputs can be negative; exp() makes them positive!



Question 2a



Question 2b



Gradescope Participation Question

What is the generalization of the sigmoid function for multiclass logistic 
regression?

Softmax



Pytorch Tutorial

https://colab.research.google.com/drive/1gi3urpWI8sprG76Bj_ZMux3U8vh7N31R?usp=share_link


Review:
Gradient Descent 
vs. 
Stochastic Gradient Descent 
vs. 
Mini-Batch Gradient Descent



GD to SGD

Is this estimator unbiased?

Yes!



3a. Stochastic Gradient Descent



Issues with SGD → MiniBatch GD

● Although the estimator is unbiased overall, a single point gradient estimate is very noisy
○ Pros: 

■ Noise within the optimization process is not inherently a bad thing. It can help you 
escape sub-optimal local minima and “wander/explore” the loss landscape more. 

■ For giant datasets SGD is also more computationally feasible
○ Cons: 

■ Noisy updates mean you could also wander off the optimal path if the loss landscape 
is simpler

Gradient descent is theoretically nice but computationally expensive…

SGD is noisy (maybe too noisy) but computationally efficient…

Meet in the middle with MiniBatch GD! 



Gradient Descent Variants (for this class)

Gradient Descent (GD)

● Take a step after looking at every single data point in the training set 

Stochastic Gradient Descent (SGD)

● Take a step after looking at 1 randomly sampled point from the training set

Mini-Batch Gradient Descent (Mini-Batch GD)

● Take a step after looking at k sampled data points from the training set

These definitions are specific and important for this class, but…



Gradient Descent Variants (as discussed in industry)

This is how people talk about them IRL. Note that SGD & Minibatch are used interchangeably.

Method

GD

SGD

Mini-Batch GD

What it references

The general idea of training a model by 
taking gradients on some loss function 
– may use advanced optimizers with 

gradients (i.e. AdamW)

Calculating the gradients based on:
all the n data points from the training set

a subset of m data points from training set

The general idea of taking steps in the 
loss landscape with some randomness 

to it



Another way of looking at things!

Note: From here on out in 
this class, the definitions 
of these terms are these 
ones →

Gradient Descent (GD)
 Take a step after looking at every single datapoint in the training set 

Stochastic Gradient Descent (SGD)
 Take a step after looking at 1 randomly sampled point from the training set

Mini-Batch Gradient Descent (Mini-Batch GD)
 Take a step after looking at n sampled datapoints from the training set



4c. MiniBatch Gradient Descent

Note: you’ll be using 
Adam/AdamW quite 
often on HWs (and in 
the real world)


