
Beyond CS109
CS109, Stanford University



Final Exam Logistics

- No phones (honor code 

violation to have a phone on 

or near your person during 

exam)

- Assigned seating

- 6 pages of notes

- Cumulative

- If you have OAE you should 

have already contacted us!

- Review on Friday (thank 

you Isabel!)

Where ?? Hewlett 200 

(this exact room !!! )

When ?? 8:30am next Tuesday. 



Probability gives you a new 
lens on the world



Can I tell you the story 
about how it influenced my 

life?



Piech + Woodrow, Stanford University

My Life Goal is to Be a Teacher ☺ 
In Computer Science

I have been teaching in some 
capacity for over 15 quarters 
at Stanford.  

I was the instructor for 
CS106A in 2021. 

I have been a TA and a head 
TA for CS109. 



My First Research Project



Inspired by Chess.com Puzzles
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Buggy student 
code for CS106A

(1) Teacher in 
training would 

identify the 
bugs.
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My First Research Project

Buggy student 
code for CS106A

(1) Teacher in 
training would 

identify the 
bugs.

(2) Guess which 
misconceptions the 
student has given 

these bugs.

(3) Make a 
teaching move !! 



My First Research Project

Probabilistically generate the next “step” 
the student would make given your 

“teaching move”. 



How did we do this?



Powered by Generative Understanding

Label student code

• Struggle with 
double for  
loops

• Confuses logic  
for deleting 
bricks



My First Research Project

Pink dots represent code written by real students in CS106A.
 
Green dots represent code generated by my grammar. 

With a probabilistic grammar, we can capture the entire space of student errors 
(on this problem) !!!! 
So, if teachers in training can learn the bugs from our model, they will be able to 
help real students! 



Stanford Code in Place:

5000+ section leaders teach 
60,000+ students

CS106A
As Community Service

Featured in



We do a lot of teaching in 
Code in Place!! 



We also did a lot of cool AI 
things… 



A Tale of Two Ideas

AI powered 

interventions to 

support education 

at scale !! 



Assn 0 Assn 1 Assn 2

Both Accepted: SIGCSE 2024

AI Realtime Feedback



Accepted to Learning at Scale 2025

Unrestricted Access to GPT



AI Grading of Exams (before GPT)



AI Grading of Exams (after GPT)

We trained a 3B small open model to reproduce the 
outputs of a larger model.

Smaller models can run on local devices!! Don’t need 
internet. And have privacy ! 

Accepted to SIGCSE 2026



AI Grading of Assignments (after GPT)

How can we use TA preferences to train an AI 
model to give high quality feedback that sounds 
like a TA from our course?

Accepted to EDM 2025
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A Tale of Two Ideas

AI powered 

interventions to 

support education 

at scale !!   

Solution to support 

education at scale 

without AI

Outperformed all AI 

approaches we tried by an order 

of magnitude !!



Are you ready ??



But first… 



But first… 

1:1 Help is extremely 

effective !!! 

Coordinating 1:1 help at 

scale is really really hard. 



Key Insight

Give teachers the ability to 

initiate a 1:1 help session. 



Key Insight

Give teachers the ability to 

initiate a 1:1 help session. 

Don’t wait for a student to ask for help. 
That means we would have to have a 
teacher who is free at exactly that time 
!! 

If a teacher says they are free to help, 
we will find them a student!!



We first tried this in CS109 !









Who Else Might Want to Teach?



Who Else Might Want to Teach?

We built a pipeline for students to teach other students 
in Code in Place !!! 



Who Else Might Want to Teach?

Experts rated the 
students to be almost as 

good as the Section 
Leaders at helping!



Lots of people want to 
teach. Do you??



Back to Probability



People just miss the random variables



What else should be a random variable?

Chris (my PhD advisor) in 
2023: Grades??



What else should be a random variable?

Juliette 2024: Grades!



State of the Art imputation of grades, among other uses

Soft Grades. Accepted for publication in 2025

Juliette Woodrow



Can we have a model for this but not 
just for grades? For understanding 

students…. 



Learner Insight Tracing

LLM

● Generate short, human readable insights based on student work. 

● Describe what the student appears to understand. 

● Everything is represented as text! 

“The student may be 

unclear on the difference 

between printing a 

string versus the value 

of an expression….

incorrectly uses quotation 

marks, thereby printing 

the literal string ‘x’…”



Learner Insight Tracing: How it Works

Attempt 1 Attempt 2 Attempt 3 Attempt 4 Attempt 5 Attempt 6 Attempt 7 Attempt n

… 
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def main():
  print("Khansole Academy")
  x = int(input("x is"))
  y = int(input("y is"))
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def main():
  print("Khansole Academy")
  x = int(input("x is"))
  y = int(input("y is"))
  
  print("What is", "x", 
             "+", "y", "?")
  z = x + y

def main():
  print("Khansole Academy")
  x = int(input("x is"))
  y = int(input("y is"))
  
  print("What is", "x", 
             "+", "y", "?")
  z = x + y
  print(“Your answer:”, z)



Learner Insight Tracing: How it Works

LLM



Learner Insight Tracing: How it Works

LLM

“The student may be unclear on the 

difference between printing a string 

versus the value of an expression….

incorrectly uses quotation marks, 

thereby printing the literal string 

‘x’…”

Insight 1



Learner Insight Tracing: How it Works



Learner Insight Tracing: How it Works



Learner Insight Tracing: How it Works

LLM

“They appear to not always 

understand variables. They do not 

store the user's answer to the 

addition problem in a variable or 

check if it is correct….”

Insight 2



Learner Insight Tracing: How it Works

Attempt 1 Attempt 2 Attempt 3 Attempt 4 Attempt 5 Attempt 6 Attempt 7 Attempt n

… 

… 

Insight 1 Insight 2 Insight 3 Insight k



Learner Insight Tracing: How it Works

Attempt 1 Attempt 2 Attempt 3 Attempt 4 Attempt 5 Attempt 6 Attempt 7 Attempt n

… 

… 

Insight 1 Insight 2 Insight 3 Insight k

Sequence of interpretable representations of her understanding. 



How do you know if you have a good 
insight???



Information Theory + LLM !!



Direct ask Info NCE

Compression Future Prediction



LIT Big Picture

LLM

Option BOption A

Insight

Insight generation

Principled scoring function

Use LLMs to generate summaries of student understanding as they are working on 
assignments. 

Show them to teachers?? Use them to provide hints?? So many good options !! 



CS109 Projects



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)
CS109 TA



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)
CS109 TA
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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



What else should be a random variable?

Chris in 2017:Ability to See??



More than education

Featured in



Balloon Landing as Random Variable

Emmanuel Zheng Challenge 

Project Fall 2025



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





https://edstem.org/us/courses/90458/discussion/7799469



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).

87

𝑃 𝐸 = 0.19 𝑃 𝐸 = 0.32 𝑃 𝐸 = 0.20𝑃 𝐸 = 0.09

𝑃 𝐸|𝐹 =
𝑃 𝐸𝐹

𝑃(𝐹)

Definition of
Cond. Probability

𝑃 𝐸|𝐹 = 0.14 𝑃 𝐸|𝐹 = 0.35 𝑃 𝐸|𝐹 = 0.20 𝑃 𝐸|𝐹 = 0.72 𝑃 𝐸|𝐹 = 0.42

𝑃 𝐸 = 0.20



123

Marilyn discovers the 

Probability Bug

Montey Hall Problem



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









Program the General Version



Counting Cards







Sixth 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

P
ro

b
ab

ili
ty



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

122

Age from C14 Updated Delivery Prob Age from Name

Hidden Chambers Stanford Eye Test Updating Lidar Belief



123

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

270 Midterm, 270 Final 134 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



144

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









149

Calibration



Algorithmic Fairness



151

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



Serendipity



Wisdom of the Crowds



Magical Puppy Drugs



Turn

Flop River

Let X be a random variable 
for the set of 7 cards at 

the end. What is H(X) after 
each event?

There are 52 unique cards. 
Each card is equally likely. 

Poker Information Theory



Diffusion!



By the numbers



~50 Major Keys

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



928 EdStem Questions



New Course Reader Chapters



31+ Personal Challenges



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



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

My dream job !!!



Wild time. Incredible school at 
which to study probability
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