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Machine Learning in CS109

Parameter Estimation
Theory

Core 
Algorithms

Great Idea

MLE



MLE of Erlang
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Time to finish Medical 

Diagnosis in Seconds



Healthy Heart Classifier

Heart 1

Heart 2

Heart n

ROI 1 ROI 2 ROI m Output

0 1 1 0

1 1 1 0

0 0 0 1

…

… …



Logistic Regression

+



Logistic Regression

1

2

3

Make logistic regression assumption

Calculate the log probability for all data

Get derivative of log probability with respect to thetas 

1



Accuracy Comparison

Model                   Train Accuracy  Test Accuracy
-------------------------------------------------------------
Baseline                0.6138          0.6300
Logistic Regression     0.7300          0.7200
Naive Bayes             0.7275          0.7200
Decision Tree           0.7975          0.6150
Random Forest           0.7950          0.7100
Gradient Boosting       0.7738          0.7250
AdaBoost                0.7588          0.7100

The Kaggle Champion

XGB is for 
extreme 
gradient 
boosting



Wednesday: Three Guiding Questions
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1. What are other models for classification?

2. For a dataset, how do you tell which one is best?

3. What are other validation metrics I might care about?



How well calibrated are my probabilities?



Measuring if Probabilities are Calibrated
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Logistic Regression Calibration Curve
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End Review



One Final Measure….



Is the Model Fair?



Procedural Fairness: 

Focuses on the decision-
making or classification 
process, ensures that the 
algorithm does not rely on 
unfair features.

Distributive Fairness:

Focuses on the decision-making 
or classification outcome, 
ensures that the distribution of 
good and bad outcomes is 
equitable.  

Two Philosophic Values of Fairness
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Case Study: Facebook Ads & Job/Housing Recommendations

Facebook creates “Lookalike” 
feature for advertisers: 

upload a “source list” and 
find users with “common 
qualities” to target ads, 

including for housing and 
jobs 

March 2018: National Fair 
Housing Alliance (NFHA) & 

other civil rights groups sue 
Facebook over violations of 

the Fair Housing Act

March 2019: As part of 
settlement, Facebook agrees 

not to use “age, gender, 
relationship status, religious 
views, school, political views, 
interested in, or zip code” in 
creating lookalike audience 
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Facebook Input Lookalikes
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New “Special 
Ad” Audiences 
Still Biased
Gender: Equally Biased

Age: Almost as Biased

Race: more difficult to measure 
given the tools provided but still 
somewhat biased

Political Views: Less Biased

Sapiezynski et. al 2019, 

https://sapiezynski.com/papers/s
apiezynski2019algorithms.pdf
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Lookalike Lookalike (no gender)

Yo, Piotr, you got your axis backwards ☺



Many Features = Accurate Group Prediction 
Sensitive attributes are often “redundantly encoded” in the dataset

Many of the features or datapoints are correlated with the sensitive attribute
25



Procedural Fairness: 

Focuses on the decision-
making or classification 
process, ensures that the 
algorithm does not rely on 
unfair features.

Distributive Fairness:

Focuses on the decision-making 
or classification outcome, 
ensures that the distribution of 
good and bad outcomes is 
equitable.  

Two Philosophic Values of Fairness

Fairness through unawareness

(facebook example shows this is hard)



Let’s Try Fairness 
Through Awareness!
Awareness of what?

27



Fairness Through Awareness Terms
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D: protected demographic

G: guess of your model (aka y hat)

T: the true value (aka y)



Distributive Fairness #1: Parity
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D: protected demographic

G: guess of your model (aka y hat)

T: the true value (aka y)

P(G=1|D=1) = P(G = 1 | D = 0)



Distributive Fairness #2: Calibration
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D: protected demographic

G: guess of your model (aka y hat)

T: the true value (aka y)



Calibration (Relaxed)
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D: protected demographic

G: guess of your model (aka y hat)

T: the true value (aka y)

Where epsilon = 0.2

US legal standard: “disparate impact,” also known as the 80% rule.  
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COMPAS: Biased Against Black Inmates

Before: Compas is Biased

Accuracy

Calibration Gap

Parity Gap



Train bias out
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Advanced Idea: Adversarial Learning

Seniors at the time 

they wrote it220+ citations
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COMPAS: Predicting “Recidivism”

Data about an 

inmate:

Their zip code, 

past crimes, etc

Will they commit a 

crime again

Was in use in California and Florida
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COMPAS: Biased Against Black Inmates

Before: Compas is Biased

Accuracy

Calibration Gap

Parity Gap
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Can We Train Out Bias?

Model 1: Prediction

Demographic

Model 1: Extract Demographic

Model 1 should 

be accurate
Model 2 should 

be inaccurate

*note in the paper these were neural nets
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Can We Train Out Bias?
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Their Conclusion

DON’T USE BLACK 

BOX ALGORITHMS TO 

MAKE RECIDIVISM 

PREDICTIONS



Many ways to evaluate models:

Test Accuracy!

Calibration!

Fairness!



But wait….

Is all of ML Classification?



http://cs.stanford.edu/people/karpathy/convnetjs/demo/rldemo.html

Lets start training a Critter



Types of Machine Learning Tasks

Muli-Class

Classification
Regression

Reinforcement 

Learning
Generation



Types of Machine Learning Tasks

Muli-Class

Classification
Regression

Reinforcement 

Learning
Generation

Today



Beyond Binary Classification



Multiple Outputs



The Categorical
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(or just Random Variable)



Categorial Example from Class: Thinking of an Animal
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Categorial Example from Class: Single Dice Roll
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Output of an LLM is a Categorical for Next Token



Output of an LLM is a Categorical for Next Token

Thanks to Justin Blumencranz and Adam Boswell 



+

Logistic Regression to Predict a Categorical?
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Logistic Regression to Predict a Categorical?

0.0
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Logistic Regression to Predict a Categorical



Softmax is a generalization of the 
sigmoid function that squashes a K -
dimensional vector z of arbitrary real 
values to a K-dimensional vector 
softmax(z) of real values in the range 
[0, 1] that add up to 1.

Categorical Classification?

Sigmoid is to Bernoulli as Softmax is to Categorical 
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Understanding Softmax

List: 7 7 7 7
[0.25, 0.25, 0.25, 0.25]

List: 2 8 5 6
[0.0, 0.84, 0.04, 0.11]



What is Log Likelihood?
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What is Log Likelihood?



Types of Machine Learning Tasks
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Muli-Class

Classification
Regression

Reinforcement 

Learning
Generation



Regression: Predicting Real Numbers

Game 1

Game 2

Game n

Opposing team

ELO
Points in last 

game
At Home? Output

84 105 1 120

90 102 0 95

74 120 0 115

…

… …
# Points



Same Notation for Training Data

Assume IID data:

Each datapoint has m features and a single output

Training Data: assignments all random variables X and Y



Linear Regression with one Input

# 
Po

in
ts

# Points last game



Linear Regression Model

output i
input i

parameters



Linear Regression Model

output i
input i

random noiseparameters



Linear Regression Model

output i
input i

random noiseparameters

Noise is N with mean 0



Linear Regression Model

output i noise is N with mean 0
noise 



Linear Regression Model

output i noise 
noise is N with mean 0

Output is normal too:



Log Likelihood
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Assume: Data:

Normal distribution PDF

Substitute in the mean

Apply the log



Optimization
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Log likelihood:

Hey it’s the sum of squared errors!

Simplify

Simplify



Derivative is Necessary for Gradient Ascent
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Derivative of a sum

Chain rule

Simplify



Linear Regression with one Input



Types of Machine Learning Tasks
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Muli-Class

Classification
Regression

Reinforcement 

Learning
Generation



Types of Machine Learning Tasks
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Muli-Class

Classification
Regression

Reinforcement 

Learning
Generation



Deep Reinforcement Learning 
Instead of having the output of a 
model be a probability you can make 
it an expectation.

Making Decisions?



http://cs.stanford.edu/people/karpathy/convnetjs/demo/rldemo.html

Deep Reinforcement Learning



Deep Mind Atari Games

Score compared to best human



It is time for Deep Learning!
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