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Class Theme Song

C.L.T. tells us how 
to think about the 
average rating 
after few votes. 

Algo for top 16?

Reflection: I love music. Should we focus more on love of songs instead of average?

This quarter



Probability gives you a new 
lens on the world







Each node is 
a unique 
partial 
solution

Each edge is
what a teacher
suggested

Solution

Pink dots are 
students.





18% 45% 12%

The Crowd is Un-wise

Temporal methods tried: 
Shortest path
Min Time
Expected Success 
Reinforcement learning 
Most Common Next 
Most Popular Path
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1 million unique solutions to 
programming Linear Regression

WWW 2014

Brute force solution?
Code Zipf Plot
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Hard Problem!



They are all Zipf!



Exercise index

Original deep learning for education paper
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Powers DuoLingo Bird Brain (as of 2023)

Answer:

Correct

Solving for y-intercept

Solving for x-intercept

Square roots

Exercise Type:

Incorrect
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MDP-8  
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Blocking  

Mixing

Maximize knowledge 
after 30 questions

Optimal Teaching

Used in DuoLingo 

Bird Brain (last 

checked in 2023)



Back to coding!



method step() {

putBeeper();

move();

}
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Multiply
Program
Matrix… …

Encoder Decoder

MLE PredictionMLE of Reconstruction

Decoder

Neural Network for Programs

*coded pre-tensor flow
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Inaccurate, Uninterpretable, and Data Hungry

Label student code

run
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Encoder Decoder

Prediction LossAutoencoding Loss

Decoder

Piec h et Al, ICML 2014



Humans Don’t Need Much Data

Single training example:

Test set:



Fig. 1 People can learn rich concepts from limited data.

Brenden M. Lake et al. Science 2015;350:1332-1338

Copyright © 2015, American Association for the Advancement of Science



Fig. 2 Simple visual concepts for comparing human and machine learning.

Brenden M. Lake et al. Science 2015;350:1332-1338

Copyright © 2015, American Association for the Advancement of Science



Bayesian Program Learning
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Generative Understanding

Old 

Gaurd

Humans

Label student code

Deep 

Learning
Zero 

Shot 

Learning

Outstanding Student 

paper award, AAAI 2019

• Struggle with 
double for  

loops
• Confuses logic  

for deleting 
bricks



Rubric Level Accuracy on Few-Shot Grading a Novel Question
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Now lives in code.org’s teaching assistant



Stanford Code in Place:

5000+ section leaders teach 
60,000+ students

CS106A
As Community Service

Featured in



Assn 0 Assn 1 Assn 2

Both Accepted: SIGCSE 2024

AI Realtime Feedback



Grading Creative Projects

SIGCSE 2024



0% 10% 20% 30% 40% 50%

Our OCR

Google OCR

Error Rate:



Information Theoretic Learning!



More than Education



More than education



Chose k examples from a dataset of lots of student work

300 solutions

Find the 10 solutions which are most representative



K Medioids: A Classic Algorithm

Chose the k nodes such that the sum of minimized distances is as small as possible

For any two points you can 
query the distance between 
them. May be non-Euclidean

Before

O(n2)

After

O (n logn)



Step 1: Chose the node closest to the rest

Chose the k nodes such that the sum of minimized distances is as small as possible

For any two points you can 
query the distance between 
them. May be non-Euclidean

Before

O(n2)

After

O (n logn)
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The inner loop can be thought of as Thompson Sampling



● k-Medoids

○ BanditPAM: Almost Linear Time k-medoids Clustering via Multi-Armed 

Bandits", NeurIPS 2020

● Random Forests

○ "MABSplit: Faster Forest Training Using Multi- Armed Bandits", NeurIPS

2022

● Maximum Inner Product Search

○ "Faster Inner Product Search in High Dimensions", NeurIPS 

2023

2

Allowed us to revisit several core algorithms

CS109 TA



People just miss the random variables



More than education

Featured in



What else should be a random variable?

Chris 2017:Ability to See??



What else should be a random variable?

Chris 2023: Grades??



What else should be a random variable?

Juliette 2024: Grades!

Our Head TA!



State of the Art imputation of grades, among other uses

Soft Grades. Accepted for publication in 2025

Juliette Woodrow



What else should be a random variable?

PSet Timing???
Travel Timing???
Stock Prices???

(You could do better!)



Application -> Theory

What are things that AI 
currently can't do?

Understand social science,
especially with small data Explain why it made the 

choices it did

Teach humans based on 
what it has learned

Understand languageProve it is correct / 
aligned with human 
values

Attribute its intelligence



What should you do 

next?



Go solve amongst the abundance of 
important problems





Think about intersectionality

Your side passion Data that you 
have access to

Your lived 
experience

Thompson  
sampling



Last Class…



CS109

Probability Fundamentals

Single Random 

Variables

Probabilistic  

Models

Uncertainty Theory

AI





Fantastic Teaching Team





What is a Probability



Netflix and Learn 

● Let 𝐸 be the event that a user watches the given movie.

● Let 𝐹 be the event that the same user watches CODA (2021).

= 0.42
122

𝑃 𝐸 = 0.20

𝑃 𝐸|𝐹
𝑃 𝐸𝐹

=
𝑃(𝐹)

Definition of 

Cond. Probability

𝑃 𝐸 = 0.19

𝑃 𝐸|𝐹 = 0.14

𝑃 𝐸 = 0.32

𝑃 𝐸|𝐹 = 0.35

𝑃 𝐸 = 0.20

𝑃 𝐸|𝐹 = 0.20

𝑃 𝐸 = 0.09

𝑃 𝐸|𝐹 = 0.72 𝑃 𝐸|𝐹
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Marilyn discovers the 

Probability Bug

Montey Hall Problem





Trailing the dovetail shuffle to it’s lair – Persi Diaconosis







Program the General Version



Counting Cards







Fourth Year of Sections



Time to Start Flippin Coins









































Probabilistic Models



Joint Probability Table

Roommate  

s 2RoomDbl

Shared  

Partner Single

Frosh 0.30 0.07 0.00 0.00 0.37

Soph 0.12 0.18 0.00 0.03 0.32

Junior 0.04 0.01 0.00 0.10 0.15

Senior 0.01 0.02 0.02 0.01 0.05

5+ 0.02 0.00 0.05 0.04 0.11

0.49 0.27 0.07 0.18 1.00
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Inference

Inference noun

Updating one’s belief about a random variable (or 

multiple) based on conditional knowledge regarding 

another random variable (or multiple) in a probabilistic 

model. 

TLDR: conditional probability with random variables.



Inference

87

Age from C14 Updated Delivery Prob Age from Name

Hidden Chambers Stanford Eye Test Updating Lidar Belief
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def update_belief_carbon_dating(m = 900):
   # pr_A[i] is P(Age = i| m = 900).   
   pr_A = {}
   for i in range(100,10000+1):
      prior = 1 / n_years # P(A = i)
      likelihood = calc_likelihood(m, i) #P(M=m|A=i)
      pr_A[i] = likelihood * prior
   # implicitly computes the normalization constant
   normalize(pr_A)
   return pr_A

def update_belief_baby(prior, today = 10):
   # pr_D[i] is P(D = i| No Baby Yet).
  pr_D = {}
   for i in range(-50,25):
      # P(NoBaby | D = i)
      likelihood = 0 if i < today else 1
      pr_D[i] = likelihood * prior[i]
   # implicitly computes the LOTP
   normalize(pr_D)
   return pr_D

def update_belief_name_to_age(name = 'Laura'):
   # pr_age[i] is P(Age = i| name).
   # prob_name_and_age is just a counting from the US
   # Social Security database.
   pr_age = {}
   for i in range(10,110):
       pr_age[i] = calc_prob_name_and_age(name, i)
   # implicitly computes the normalization constant
   normalize(pr_age)
   return pr_age

What do you notice 
is the same. What is 

different?



General “Inference”



General “Inference”



Huge Joint Models



[Flu, Ugrad, Fever, Tired]

Each one of these is 
one posterior sample:







Hard Midterm, Great Job



PEP

Inference

Information 
Theory

Poisson

288 Midterm, 290 Final 120 Hours of Extra TA time

Learning Goal: Be fluent in the language of probability



Uncertainty Theory





Drug A Drug B

Which one do you give to a patient?

Let’s Play



Thompson Sampling













Information Theory



KL Divergence



Machine Learning
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Time to finish Medical 
Diagnosis in Seconds

MLE for Choosing Params



Gradient Ascent

Walk uphill and you will find a local maxima 

(if your step size is small enough)

argmax
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Calibration



Algorithmic Fairness
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Other Tasks, Other Models

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



Reinforcement!



Night Sight



Wisdom of the Crowds



Review PSet



Which Book?



Which is Poisson?



Math -> Prompt



Diffusion!



By the numbers



~50 Major Keys

By the Central Limit 
Theorem, the mean of IID 
variables are distributed 
normally. As n -> ∞ 



~600 Fruit



0 Fruit Related Injuries



1173 EdStem Answers



15 New Course Reader Chapters



52+ Personal Challenges



1 New Counter on the Way



I had an important job!
I hope you think I did it justice



Wild time. Incredible school at 
which to study probability



Thank you so much!
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