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important	problems
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Four Prototypical Trajectories

Today
Digital Future of Probability



Four Prototypical Trajectories

Themes to look out for:
Probabilistic Modelling vs Deep Learning

Distributions vs Point Estimates



Let me tell you a story about one particular 
problem. 

It will give you a sense of what it takes to 
do research in applied probability, and our 
desire to solve the problems, will lead us to 
deep theoretical challenges in modern AI.

Application -> Theory



Education debt > Consumer debt

Quality Education Gap

90% of children 
enroll in primary 

education [1]

40% in secondary 
education [1]

20% in tertiary 
education [1]

Dramatic quality 
differences

For all learners we 
want quality.

Half a million unfilled 
computer science jobs 
(60% of STEM jobs) [2]

375 million workers need to 
be retrained by 2030 [3]

[1] World development indicators 2015. World Bank Publications, 2015.
[2] USA Bureau of Labor Statistics Employment Projections , 2016.

[3] Jobs lost, jobs gained. McKinsy Global Institute, 2017. 



Smart Phone Access

Advanced Economies

Emerging Economies

Smartphone

Mobile

No phone



Over 50 million learners

Unprecedented Data



= 500,000 learners

US K-12 Students



= 500,000 learners

Code.org Students



1,234,127 teachers
42M unique enrolled students
Used in 180+ countries
832M hour of code sessions
4 papers publish with our lab

50M K12 students in the US

Code.org by the numbers



Speech Recognition



Education debt > Consumer debt

Clear
Societal Need

New 
Datasets of 

Learning

AI
Renaissance

Grand Challenge 
in Education

Scale 
education

Online 
assignments

Deep 
Learning

Autonomously support 
education by better 

understanding students.



Feedback is Labor Intensive

Online classes have not solved the 
feedback problem [1].

[1] Deconstructing Disengagement. Analysing learner subpopulations in MOOCs. Kizilcec, Piech, 
Schneider. Over 600 citations since 2013



Many domains of student work

Why did the 
original pilgrims 

come to 
America? 



Chapter 0: Always start simple



First deep learning for education

0.6

0.7

0.8

0.9

Kh
an

 A
U

C

De
ep

 M
L

Old 
Gau

rd

Ba
se

lin
e

1 3010
Exercise index

Answer:

Correct

Solving for y-intercept

Solving for x-intercept

Graphing linear equations

Square roots

Exercise Type:

Incorrect

Slope of a line

Exercise index

KHAN
Student



Education debt > Consumer debt

First posed in 1993

Old Problem



Learns Concept Relationships
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Scatter plots
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Line graphs
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Equations

Lines

Functions

Exponents

Fractions
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Maximize knowledge 
after 30 questions
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We truly would rather move beyond 
correct / incorrect



Some domains are very hard



Can you understand this code?

Stanford TAs label 
800 submissions

import code.org.*;

public class MySoln {
public void run() {
move(50);
for(int i=0; i<4; i++){
if(frontIsClear()) {
turnLeft(90);

}
for(int j=0; j<i; i++){
move(i * 20);
turnRight(120);
move(10);

}
} 

}
}
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Four Prototypical Trajectories

Can we provide feedback
by dynamic analysis?

Starter code First attempt Final solution…



Chapter 1: Better data source?





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



Poisson Common Path

Predicted next 
partial solution 

First step in the most frequent path to 
the solution from s, taken by average
students. Assume poison process.

Desirable Path Algorithms



Poisson Common Path

Paths to solution

Partial 
solutions in 

the path

Submission 
count of 

partial solution

Path Cost

Predicted next 
partial solution 

Desirable Path Algorithms



Solution

“Backbone”

Learned Problem Solving Policy



Four Prototypical Trajectories

Only worked well for 6 line programs…



Four Prototypical Trajectories

Chapter 2: Start to invent new algorithms…



run

cond body

putBeeper

putBeeper move

// User defined method
private void run() {

while(isClear()){
putBeeper();
move();

}
putBeeper();

}

while

It looks like you have a fencepost error!

Neural Network to Encode a Program

*Note: this was coded pre-tensor flow



putBeeper();
move();

Precondition

Code

About 5 million triples per assignment

Collect Triples



putBeeper();
move();

Precondition

Postcondition

Code

About 5 million triples per assignment

Collect Triples



…

All possible preconditions All possible postconditions

…

A Code Phrase is a Mapping

putBeeper();
move();



method step() {
putBeeper();
move();

}

Neural Network for Programs



method step() {
putBeeper();
move();

}
Ra
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Matrix

Neural Network for Programs

*coded pre-tensor flow
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Four Prototypical Trajectories

Does it work?
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cond body
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while
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Prediction LossAutoencoding Loss
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Piech et Al, ICML 2014
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shot learning

We need
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Inaccurate, Uninterpretable, and Data Hungry 



Four Prototypical Trajectories

Why is it so hard?
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They are all Zipf!



Four Prototypical Trajectories

[Suspense]



Four Prototypical Trajectories

Chapter 3: Back to the drawing board



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



Fig. 4 Inferring motor programs from images.

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

Copyright © 2015, American Association for the Advancement of Science



Fig. 5 Generating new exemplars.

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

Copyright © 2015, American Association for the Advancement of Science



Fig. 6 Human and machine performance was compared on (A) one-shot classification and (B) 
four generative tasks.

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

Copyright © 2015, American Association for the Advancement of Science
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Grading is Hard

Infer ability and 
choices from code

Grading:
P (⇥, C|⇧)

<latexit sha1_base64="tn/EwFdTkhs2bQpcB7ugTY8hmyQ=">AAAB+3icbVBNS8NAEN34WetXrEcvi0WoICURQY/FXjxG6Bc0oWy2m3bpZhN2J2Kp/StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rbX1jc2t7cJOcXdv/+DQPiq1dJIpypo0EYnqhEQzwSVrAgfBOqliJA4Fa4ej+sxvPzCleSIbME5ZEJOB5BGnBIzUs0texW8MGZALXMdP2Pf4ec8uO1VnDrxK3JyUUQ6vZ3/5/YRmMZNABdG66zopBBOigFPBpkU/0ywldEQGrGuoJDHTwWR++xSfGaWPo0SZkoDn6u+JCYm1Hseh6YwJDPWyNxP/87oZRDfBhMs0AybpYlGUCQwJngWB+1wxCmJsCKGKm1sxHRJFKJi4iiYEd/nlVdK6rLpO1b2/Ktdu8zgK6ASdogpy0TWqoTvkoSai6BE9o1f0Zk2tF+vd+li0rln5zDH6A+vzB13QkrI=</latexit><latexit sha1_base64="tn/EwFdTkhs2bQpcB7ugTY8hmyQ=">AAAB+3icbVBNS8NAEN34WetXrEcvi0WoICURQY/FXjxG6Bc0oWy2m3bpZhN2J2Kp/StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rbX1jc2t7cJOcXdv/+DQPiq1dJIpypo0EYnqhEQzwSVrAgfBOqliJA4Fa4ej+sxvPzCleSIbME5ZEJOB5BGnBIzUs0texW8MGZALXMdP2Pf4ec8uO1VnDrxK3JyUUQ6vZ3/5/YRmMZNABdG66zopBBOigFPBpkU/0ywldEQGrGuoJDHTwWR++xSfGaWPo0SZkoDn6u+JCYm1Hseh6YwJDPWyNxP/87oZRDfBhMs0AybpYlGUCQwJngWB+1wxCmJsCKGKm1sxHRJFKJi4iiYEd/nlVdK6rLpO1b2/Ktdu8zgK6ASdogpy0TWqoTvkoSai6BE9o1f0Zk2tF+vd+li0rln5zDH6A+vzB13QkrI=</latexit><latexit sha1_base64="tn/EwFdTkhs2bQpcB7ugTY8hmyQ=">AAAB+3icbVBNS8NAEN34WetXrEcvi0WoICURQY/FXjxG6Bc0oWy2m3bpZhN2J2Kp/StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rbX1jc2t7cJOcXdv/+DQPiq1dJIpypo0EYnqhEQzwSVrAgfBOqliJA4Fa4ej+sxvPzCleSIbME5ZEJOB5BGnBIzUs0texW8MGZALXMdP2Pf4ec8uO1VnDrxK3JyUUQ6vZ3/5/YRmMZNABdG66zopBBOigFPBpkU/0ywldEQGrGuoJDHTwWR++xSfGaWPo0SZkoDn6u+JCYm1Hseh6YwJDPWyNxP/87oZRDfBhMs0AybpYlGUCQwJngWB+1wxCmJsCKGKm1sxHRJFKJi4iiYEd/nlVdK6rLpO1b2/Ktdu8zgK6ASdogpy0TWqoTvkoSai6BE9o1f0Zk2tF+vd+li0rln5zDH6A+vzB13QkrI=</latexit><latexit sha1_base64="tn/EwFdTkhs2bQpcB7ugTY8hmyQ=">AAAB+3icbVBNS8NAEN34WetXrEcvi0WoICURQY/FXjxG6Bc0oWy2m3bpZhN2J2Kp/StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rbX1jc2t7cJOcXdv/+DQPiq1dJIpypo0EYnqhEQzwSVrAgfBOqliJA4Fa4ej+sxvPzCleSIbME5ZEJOB5BGnBIzUs0texW8MGZALXMdP2Pf4ec8uO1VnDrxK3JyUUQ6vZ3/5/YRmMZNABdG66zopBBOigFPBpkU/0ywldEQGrGuoJDHTwWR++xSfGaWPo0SZkoDn6u+JCYm1Hseh6YwJDPWyNxP/87oZRDfBhMs0AybpYlGUCQwJngWB+1wxCmJsCKGKm1sxHRJFKJi4iiYEd/nlVdK6rLpO1b2/Ktdu8zgK6ASdogpy0TWqoTvkoSai6BE9o1f0Zk2tF+vd+li0rln5zDH6A+vzB13QkrI=</latexit>

Student code

Student ability

Student choices



Generative Probabilistic Model?

• Struggle with 
double for 
loops

• Confuses logic 
for deleting 
bricks



• Struggle	with	
double	for	
loops

• Confuses	logic	
for	deleting	
bricks

Imagine Students

A students
“ability”

Infer ability and 
choices from code

⇥ ⇠ pythonSample
<latexit sha1_base64="SHh/NdDcGh/goO4oDxPSSdhia50=">AAACCHicbVC7SgQxFM34dn2NWloYXASrZUYELRdtLFfcF+wsSyZ71w0mmSG5Iw6DpY2/YmOhiK2fYOffmH0Uvg5cOJxzb3LviVMpLAbBpzczOze/sLi0XFpZXVvf8De3mjbJDIcGT2Ri2jGzIIWGBgqU0E4NMBVLaMXXZyO/dQPGikTXMU+hq9iVFgPBGTqp5+9G9SEgo5EVikYIt1ikOQ4TfclUKuGu55eDSjAG/UvCKSmTKWo9/yPqJzxToJFLZm0nDFLsFsyg4O69UpRZSBm/ZlfQcVQzBbZbjA+5o/tO6dNBYlxppGP1+0TBlLW5il2nYji0v72R+J/XyXBw0i2ETjMEzScfDTJJMaGjVGhfGOAoc0cYN8LtSvmQGcbRZVdyIYS/T/5LmoeVMKiEF0fl6uk0jiWyQ/bIAQnJMamSc1IjDcLJPXkkz+TFe/CevFfvbdI6401ntskPeO9fYl+aNQ==</latexit><latexit sha1_base64="SHh/NdDcGh/goO4oDxPSSdhia50=">AAACCHicbVC7SgQxFM34dn2NWloYXASrZUYELRdtLFfcF+wsSyZ71w0mmSG5Iw6DpY2/YmOhiK2fYOffmH0Uvg5cOJxzb3LviVMpLAbBpzczOze/sLi0XFpZXVvf8De3mjbJDIcGT2Ri2jGzIIWGBgqU0E4NMBVLaMXXZyO/dQPGikTXMU+hq9iVFgPBGTqp5+9G9SEgo5EVikYIt1ikOQ4TfclUKuGu55eDSjAG/UvCKSmTKWo9/yPqJzxToJFLZm0nDFLsFsyg4O69UpRZSBm/ZlfQcVQzBbZbjA+5o/tO6dNBYlxppGP1+0TBlLW5il2nYji0v72R+J/XyXBw0i2ETjMEzScfDTJJMaGjVGhfGOAoc0cYN8LtSvmQGcbRZVdyIYS/T/5LmoeVMKiEF0fl6uk0jiWyQ/bIAQnJMamSc1IjDcLJPXkkz+TFe/CevFfvbdI6401ntskPeO9fYl+aNQ==</latexit><latexit sha1_base64="SHh/NdDcGh/goO4oDxPSSdhia50=">AAACCHicbVC7SgQxFM34dn2NWloYXASrZUYELRdtLFfcF+wsSyZ71w0mmSG5Iw6DpY2/YmOhiK2fYOffmH0Uvg5cOJxzb3LviVMpLAbBpzczOze/sLi0XFpZXVvf8De3mjbJDIcGT2Ri2jGzIIWGBgqU0E4NMBVLaMXXZyO/dQPGikTXMU+hq9iVFgPBGTqp5+9G9SEgo5EVikYIt1ikOQ4TfclUKuGu55eDSjAG/UvCKSmTKWo9/yPqJzxToJFLZm0nDFLsFsyg4O69UpRZSBm/ZlfQcVQzBbZbjA+5o/tO6dNBYlxppGP1+0TBlLW5il2nYji0v72R+J/XyXBw0i2ETjMEzScfDTJJMaGjVGhfGOAoc0cYN8LtSvmQGcbRZVdyIYS/T/5LmoeVMKiEF0fl6uk0jiWyQ/bIAQnJMamSc1IjDcLJPXkkz+TFe/CevFfvbdI6401ntskPeO9fYl+aNQ==</latexit><latexit sha1_base64="SHh/NdDcGh/goO4oDxPSSdhia50=">AAACCHicbVC7SgQxFM34dn2NWloYXASrZUYELRdtLFfcF+wsSyZ71w0mmSG5Iw6DpY2/YmOhiK2fYOffmH0Uvg5cOJxzb3LviVMpLAbBpzczOze/sLi0XFpZXVvf8De3mjbJDIcGT2Ri2jGzIIWGBgqU0E4NMBVLaMXXZyO/dQPGikTXMU+hq9iVFgPBGTqp5+9G9SEgo5EVikYIt1ikOQ4TfclUKuGu55eDSjAG/UvCKSmTKWo9/yPqJzxToJFLZm0nDFLsFsyg4O69UpRZSBm/ZlfQcVQzBbZbjA+5o/tO6dNBYlxppGP1+0TBlLW5il2nYji0v72R+J/XyXBw0i2ETjMEzScfDTJJMaGjVGhfGOAoc0cYN8LtSvmQGcbRZVdyIYS/T/5LmoeVMKiEF0fl6uk0jiWyQ/bIAQnJMamSc1IjDcLJPXkkz+TFe/CevFfvbdI6401ntskPeO9fYl+aNQ==</latexit>

C ⇠ pythonSample|⇥
<latexit sha1_base64="5cCkGOhiGQtguqfzQLKBuX3hMuE=">AAACDHicbVDLSgMxFM3Ud31VXboJFsFVmRFBl8VuXCraVugUyaR3OqFJZkjuiGX0A9z4K25cKOLWD3Dn35jWLrR6IHA459wk90SZFBZ9/9MrzczOzS8sLpWXV1bX1isbmy2b5oZDk6cyNZcRsyCFhiYKlHCZGWAqktCOBo2R374GY0WqL3CYQVexvhax4AyddFWpNmhohaIhwg0W2RCTVJ8zlUm4o7c0vEgAmUv5NX8M+pcEE1IlE5xeVT7CXspzBRq5ZNZ2Aj/DbsEMCu4uLoe5hYzxAetDx1HNFNhuMV7mju46pUfj1LijkY7VnxMFU9YOVeSSimFip72R+J/XyTE+6hZCZzmC5t8PxbmkmNJRM7QnDHCUQ0cYN8L9lfKEGcbR9Vd2JQTTK/8lrf1a4NeCs4Nq/XhSxyLZJjtkjwTkkNTJCTklTcLJPXkkz+TFe/CevFfv7Tta8iYzW+QXvPcvqBubXA==</latexit><latexit sha1_base64="5cCkGOhiGQtguqfzQLKBuX3hMuE=">AAACDHicbVDLSgMxFM3Ud31VXboJFsFVmRFBl8VuXCraVugUyaR3OqFJZkjuiGX0A9z4K25cKOLWD3Dn35jWLrR6IHA459wk90SZFBZ9/9MrzczOzS8sLpWXV1bX1isbmy2b5oZDk6cyNZcRsyCFhiYKlHCZGWAqktCOBo2R374GY0WqL3CYQVexvhax4AyddFWpNmhohaIhwg0W2RCTVJ8zlUm4o7c0vEgAmUv5NX8M+pcEE1IlE5xeVT7CXspzBRq5ZNZ2Aj/DbsEMCu4uLoe5hYzxAetDx1HNFNhuMV7mju46pUfj1LijkY7VnxMFU9YOVeSSimFip72R+J/XyTE+6hZCZzmC5t8PxbmkmNJRM7QnDHCUQ0cYN8L9lfKEGcbR9Vd2JQTTK/8lrf1a4NeCs4Nq/XhSxyLZJjtkjwTkkNTJCTklTcLJPXkkz+TFe/CevFfv7Tta8iYzW+QXvPcvqBubXA==</latexit><latexit sha1_base64="5cCkGOhiGQtguqfzQLKBuX3hMuE=">AAACDHicbVDLSgMxFM3Ud31VXboJFsFVmRFBl8VuXCraVugUyaR3OqFJZkjuiGX0A9z4K25cKOLWD3Dn35jWLrR6IHA459wk90SZFBZ9/9MrzczOzS8sLpWXV1bX1isbmy2b5oZDk6cyNZcRsyCFhiYKlHCZGWAqktCOBo2R374GY0WqL3CYQVexvhax4AyddFWpNmhohaIhwg0W2RCTVJ8zlUm4o7c0vEgAmUv5NX8M+pcEE1IlE5xeVT7CXspzBRq5ZNZ2Aj/DbsEMCu4uLoe5hYzxAetDx1HNFNhuMV7mju46pUfj1LijkY7VnxMFU9YOVeSSimFip72R+J/XyTE+6hZCZzmC5t8PxbmkmNJRM7QnDHCUQ0cYN8L9lfKEGcbR9Vd2JQTTK/8lrf1a4NeCs4Nq/XhSxyLZJjtkjwTkkNTJCTklTcLJPXkkz+TFe/CevFfv7Tta8iYzW+QXvPcvqBubXA==</latexit><latexit sha1_base64="5cCkGOhiGQtguqfzQLKBuX3hMuE=">AAACDHicbVDLSgMxFM3Ud31VXboJFsFVmRFBl8VuXCraVugUyaR3OqFJZkjuiGX0A9z4K25cKOLWD3Dn35jWLrR6IHA459wk90SZFBZ9/9MrzczOzS8sLpWXV1bX1isbmy2b5oZDk6cyNZcRsyCFhiYKlHCZGWAqktCOBo2R374GY0WqL3CYQVexvhax4AyddFWpNmhohaIhwg0W2RCTVJ8zlUm4o7c0vEgAmUv5NX8M+pcEE1IlE5xeVT7CXspzBRq5ZNZ2Aj/DbsEMCu4uLoe5hYzxAetDx1HNFNhuMV7mju46pUfj1LijkY7VnxMFU9YOVeSSimFip72R+J/XyTE+6hZCZzmC5t8PxbmkmNJRM7QnDHCUQ0cYN8L9lfKEGcbR9Vd2JQTTK/8lrf1a4NeCs4Nq/XhSxyLZJjtkjwTkkNTJCTklTcLJPXkkz+TFe/CevFfv7Tta8iYzW+QXvPcvqBubXA==</latexit>

⇧ ⇠ pythonSample|C
<latexit sha1_base64="vXfTa9N6YXd26Aio/TK4leTXnfA=">AAACCXicbVC7TsMwFHV4lvIKMLJYVEhMVYKQYKzowlgEfUhNVTmu21q1nci+QUShKwu/wsIAQqz8ARt/g9tmgJYjXenonHvte08YC27A876dpeWV1bX1wkZxc2t7Z9fd22+YKNGU1WkkIt0KiWGCK1YHDoK1Ys2IDAVrhqPqxG/eMW14pG4hjVlHkoHifU4JWKnr4qDGcWC4xAGwe8jiFIaRuiEyFmyMH3C165a8sjcFXiR+TkooR63rfgW9iCaSKaCCGNP2vRg6GdHAqX2zGCSGxYSOyIC1LVVEMtPJppeM8bFVergfaVsK8FT9PZERaUwqQ9spCQzNvDcR//PaCfQvOhlXcQJM0dlH/URgiPAkFtzjmlEQqSWEam53xXRINKFgwyvaEPz5kxdJ47Tse2X/+qxUuczjKKBDdIROkI/OUQVdoRqqI4oe0TN6RW/Ok/PivDsfs9YlJ585QH/gfP4AM/uaAQ==</latexit><latexit sha1_base64="vXfTa9N6YXd26Aio/TK4leTXnfA=">AAACCXicbVC7TsMwFHV4lvIKMLJYVEhMVYKQYKzowlgEfUhNVTmu21q1nci+QUShKwu/wsIAQqz8ARt/g9tmgJYjXenonHvte08YC27A876dpeWV1bX1wkZxc2t7Z9fd22+YKNGU1WkkIt0KiWGCK1YHDoK1Ys2IDAVrhqPqxG/eMW14pG4hjVlHkoHifU4JWKnr4qDGcWC4xAGwe8jiFIaRuiEyFmyMH3C165a8sjcFXiR+TkooR63rfgW9iCaSKaCCGNP2vRg6GdHAqX2zGCSGxYSOyIC1LVVEMtPJppeM8bFVergfaVsK8FT9PZERaUwqQ9spCQzNvDcR//PaCfQvOhlXcQJM0dlH/URgiPAkFtzjmlEQqSWEam53xXRINKFgwyvaEPz5kxdJ47Tse2X/+qxUuczjKKBDdIROkI/OUQVdoRqqI4oe0TN6RW/Ok/PivDsfs9YlJ585QH/gfP4AM/uaAQ==</latexit><latexit sha1_base64="vXfTa9N6YXd26Aio/TK4leTXnfA=">AAACCXicbVC7TsMwFHV4lvIKMLJYVEhMVYKQYKzowlgEfUhNVTmu21q1nci+QUShKwu/wsIAQqz8ARt/g9tmgJYjXenonHvte08YC27A876dpeWV1bX1wkZxc2t7Z9fd22+YKNGU1WkkIt0KiWGCK1YHDoK1Ys2IDAVrhqPqxG/eMW14pG4hjVlHkoHifU4JWKnr4qDGcWC4xAGwe8jiFIaRuiEyFmyMH3C165a8sjcFXiR+TkooR63rfgW9iCaSKaCCGNP2vRg6GdHAqX2zGCSGxYSOyIC1LVVEMtPJppeM8bFVergfaVsK8FT9PZERaUwqQ9spCQzNvDcR//PaCfQvOhlXcQJM0dlH/URgiPAkFtzjmlEQqSWEam53xXRINKFgwyvaEPz5kxdJ47Tse2X/+qxUuczjKKBDdIROkI/OUQVdoRqqI4oe0TN6RW/Ok/PivDsfs9YlJ585QH/gfP4AM/uaAQ==</latexit><latexit sha1_base64="vXfTa9N6YXd26Aio/TK4leTXnfA=">AAACCXicbVC7TsMwFHV4lvIKMLJYVEhMVYKQYKzowlgEfUhNVTmu21q1nci+QUShKwu/wsIAQqz8ARt/g9tmgJYjXenonHvte08YC27A876dpeWV1bX1wkZxc2t7Z9fd22+YKNGU1WkkIt0KiWGCK1YHDoK1Ys2IDAVrhqPqxG/eMW14pG4hjVlHkoHifU4JWKnr4qDGcWC4xAGwe8jiFIaRuiEyFmyMH3C165a8sjcFXiR+TkooR63rfgW9iCaSKaCCGNP2vRg6GdHAqX2zGCSGxYSOyIC1LVVEMtPJppeM8bFVergfaVsK8FT9PZERaUwqQ9spCQzNvDcR//PaCfQvOhlXcQJM0dlH/URgiPAkFtzjmlEQqSWEam53xXRINKFgwyvaEPz5kxdJ47Tse2X/+qxUuczjKKBDdIROkI/OUQVdoRqqI4oe0TN6RW/Ok/PivDsfs9YlJ585QH/gfP4AM/uaAQ==</latexit>

A students
“choices”

The resulting 
code

This is easy and exponential 
human impact

This is hard and linear 
human impact

P (⇥, C|⇧)
<latexit sha1_base64="tn/EwFdTkhs2bQpcB7ugTY8hmyQ=">AAAB+3icbVBNS8NAEN34WetXrEcvi0WoICURQY/FXjxG6Bc0oWy2m3bpZhN2J2Kp/StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rbX1jc2t7cJOcXdv/+DQPiq1dJIpypo0EYnqhEQzwSVrAgfBOqliJA4Fa4ej+sxvPzCleSIbME5ZEJOB5BGnBIzUs0texW8MGZALXMdP2Pf4ec8uO1VnDrxK3JyUUQ6vZ3/5/YRmMZNABdG66zopBBOigFPBpkU/0ywldEQGrGuoJDHTwWR++xSfGaWPo0SZkoDn6u+JCYm1Hseh6YwJDPWyNxP/87oZRDfBhMs0AybpYlGUCQwJngWB+1wxCmJsCKGKm1sxHRJFKJi4iiYEd/nlVdK6rLpO1b2/Ktdu8zgK6ASdogpy0TWqoTvkoSai6BE9o1f0Zk2tF+vd+li0rln5zDH6A+vzB13QkrI=</latexit><latexit sha1_base64="tn/EwFdTkhs2bQpcB7ugTY8hmyQ=">AAAB+3icbVBNS8NAEN34WetXrEcvi0WoICURQY/FXjxG6Bc0oWy2m3bpZhN2J2Kp/StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rbX1jc2t7cJOcXdv/+DQPiq1dJIpypo0EYnqhEQzwSVrAgfBOqliJA4Fa4ej+sxvPzCleSIbME5ZEJOB5BGnBIzUs0texW8MGZALXMdP2Pf4ec8uO1VnDrxK3JyUUQ6vZ3/5/YRmMZNABdG66zopBBOigFPBpkU/0ywldEQGrGuoJDHTwWR++xSfGaWPo0SZkoDn6u+JCYm1Hseh6YwJDPWyNxP/87oZRDfBhMs0AybpYlGUCQwJngWB+1wxCmJsCKGKm1sxHRJFKJi4iiYEd/nlVdK6rLpO1b2/Ktdu8zgK6ASdogpy0TWqoTvkoSai6BE9o1f0Zk2tF+vd+li0rln5zDH6A+vzB13QkrI=</latexit><latexit sha1_base64="tn/EwFdTkhs2bQpcB7ugTY8hmyQ=">AAAB+3icbVBNS8NAEN34WetXrEcvi0WoICURQY/FXjxG6Bc0oWy2m3bpZhN2J2Kp/StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rbX1jc2t7cJOcXdv/+DQPiq1dJIpypo0EYnqhEQzwSVrAgfBOqliJA4Fa4ej+sxvPzCleSIbME5ZEJOB5BGnBIzUs0texW8MGZALXMdP2Pf4ec8uO1VnDrxK3JyUUQ6vZ3/5/YRmMZNABdG66zopBBOigFPBpkU/0ywldEQGrGuoJDHTwWR++xSfGaWPo0SZkoDn6u+JCYm1Hseh6YwJDPWyNxP/87oZRDfBhMs0AybpYlGUCQwJngWB+1wxCmJsCKGKm1sxHRJFKJi4iiYEd/nlVdK6rLpO1b2/Ktdu8zgK6ASdogpy0TWqoTvkoSai6BE9o1f0Zk2tF+vd+li0rln5zDH6A+vzB13QkrI=</latexit><latexit sha1_base64="tn/EwFdTkhs2bQpcB7ugTY8hmyQ=">AAAB+3icbVBNS8NAEN34WetXrEcvi0WoICURQY/FXjxG6Bc0oWy2m3bpZhN2J2Kp/StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rbX1jc2t7cJOcXdv/+DQPiq1dJIpypo0EYnqhEQzwSVrAgfBOqliJA4Fa4ej+sxvPzCleSIbME5ZEJOB5BGnBIzUs0texW8MGZALXMdP2Pf4ec8uO1VnDrxK3JyUUQ6vZ3/5/YRmMZNABdG66zopBBOigFPBpkU/0ywldEQGrGuoJDHTwWR++xSfGaWPo0SZkoDn6u+JCYm1Hseh6YwJDPWyNxP/87oZRDfBhMs0AybpYlGUCQwJngWB+1wxCmJsCKGKm1sxHRJFKJi4iiYEd/nlVdK6rLpO1b2/Ktdu8zgK6ASdogpy0TWqoTvkoSai6BE9o1f0Zk2tF+vd+li0rln5zDH6A+vzB13QkrI=</latexit>



ideaToText

Bayesian Programming Language



Teachers Articulate N misconceptions
This is code for a single decision point

Give a name to the choice that the student is 
making (it is a random variable)

How do those choices translate into 
feedback?

What does the code look like? Often evokes 
other decision points

1.

2.

3.

4.

θ1
θ2

θ3
θ4



Generative model

Inference model

Decision process Output solution

Generative Understanding
Idea: (1) sample a ton, then(2) build a neural network 
to learn to predict decisions

pG(xa1 , . . . xaT |y) =
TY

t=1

pG(xat |y,x<at)
<latexit sha1_base64="fyaqBSx0VNqyefQKjis0Et4i378="></latexit><latexit sha1_base64="fyaqBSx0VNqyefQKjis0Et4i378="></latexit><latexit sha1_base64="fyaqBSx0VNqyefQKjis0Et4i378="></latexit><latexit sha1_base64="fyaqBSx0VNqyefQKjis0Et4i378="></latexit>

Decision process

solution

Next choice

Previous choices
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First Problem (P1)Last Problem (P8)

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



Four Prototypical Trajectories

Not just for code

Results from early 2019



Many domains of student work

Why did the 
original 

colonists come 
to America? 

NH
2019

HL
2017

HL
2019

HL
2019

NH Near Human HL Human Level SH Super Human Level

SH
?



Four Prototypical Trajectories

So what?

What does this mean for me?!?



Step 2 Step 3

Step 4

Step 1

Step 6Step 5

Single brick

Understanding Process

μ snapshots per student = 50
μ time per student = 2 hours

Lisa Yan, Nick McKeown, Chris Piech.  Understanding students from visual output. SIGCSE 2019

130,000 partial solutions
2,600 students



…

Students scoring in 99th percentile on midterm exam

Students scoring in ≤3rd percentile on midterm exam

0

0.1

0.2

0.3

0.4

Other/
Off-track
(1,	8,	15,16)

Stage	1:
single	row
(2,3,4)

Stage	2:
nested	loop

(5,7)

Stage	3:
adjusting

nested	offset
(6,	9,	10,	11)

Stage	4:
adding	final	
details

(12,	13,	14)

Error

Fr
ac
tio
n	
of
	co
m
m
its

Single 
brick

t-SNE embedding of 130,000 partial solutions 

Understanding Process



One quarter, all students were shown their progress:
• Early correction of bad habits.
• Chance to teach the art of programming.
• Academic dishonesty becomes much harder.

Understanding Process
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Item Response Theory based 
ability assessment
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Assignment

Baseline
Win18
Spr18

Using assignment timing as 
pre-post

Si,j = n · �(ai � dj)
Score points

ability
difficulty

Students perform better than expected

Predicted time Actual time p < 0.00001
E[X̂3|X1]� E[X3] = 42 mins

Assignments are taking less time

7 hours

6.3 hours

Understanding Process



Four Prototypical Trajectories

Feedback on process is an open problem



Four Prototypical Trajectories

Our understanding of student work is not 
perfect

Hit a ceiling with cs106a midterm



Midterm Grading Challenge



https://www.nytimes.com/2021/07/20/technology/ai-education-neural-networks.html
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Human-Level Accuracy

Rubric Level Accuracy on Few-Shot Grading a Novel Question



Give Feedback on Fresh Stanford Midterm

Exam 
1

Exam 
2

Exam 
3

Exam 
4

Exam 
5

New 
Exam

Feedback by AI with 1 
hour of human work

Feedback by humans

Learn how to do this



General Exam Grading Model

Student answer 
(as text)

Question 
(as text)

Rubric 
(as text)

Education Tasks

General Exam 
Embedding

Code embedding Question embedding Rubric embedding



Invented the Proto-Transformer
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Stanford Code in Place: 

1100+ section leaders teach
12,000+ students

1/2 of CS106A
As Community Service

Featured in





Gave Feedback to 3,500 Real Students

Do you agree? AI feedback 97.9%. Human feedback 96.7%



100

Impact and Fairness Analysis (work in progress)

calibration

Towards 
parity??



Four Prototypical Trajectories

That is just one example:
New problems



Feedback for Teachers
200,000 videos of teachers in Colombia, Chile and USA teaching



AI Teacher Training



Causal impact of AI teacher Training

Within 4 lessons, as a result of training
1. Teachers asked 10% more questions
2. Teachers “took up” student ideas 10% more
3. Students were significantly more likely to:

recommend the class (p < 0.05), 
find sections helpful (p < 0.05)



Allen Nie

Input:
Teacher gives you one example of 
each mistake on their rubric and 
one example of invariances

Problem:
Grade the ~1M unique student 
implementations of this problem 
on code.org

Theory contribution:
First model to build deep RL for a 
classification task . Instead of 
learning an environment you are 
learning to test an environment

Play 2 Grade

Impact:
Immediately change 
what sort of assignments 
are auto-gradable



More than education



More than education

Featured in



Four Prototypical Trajectories

What else should be a random variable?

Grades??



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

Design itselfUnderstand language



Learning	Goal:	Abundance	of	
important	problems



Last Class…



CS109

Counting Probability Fundamentals

Single Random 
Variables

Probabilistic 
Models

Uncertainty Theory

AI





Ayesha Tim Irina Joey Waddie

Counting







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





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).

119

𝑃 𝐸 = 0.19 𝑃 𝐸 = 0.32 𝑃 𝐸 = 0.20 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



Monty Hall Problem

120

and	Wayne	Brady

Marilyn discovers the 
Probability Bug











Sections and Office Hours with your TA



Third Year of Sections











































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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General “Inference”



General “Inference”



Nausea

Fever
Tired

Chest Pain

Flu

Cold Cancer Undergrad

Sore Throat

Lots of Random Vars?



Bayes Nets!



Alg #1: Rejection Sampling

[Flu, Ugrad, Fever, Tired]

Each one of these is 
one posterior sample:



Uncertainty Theory





Lets Play!

Drug A Drug B

Which one do you give to a patient?



Thompson Sampling













Machine Learning











Algorithmic Fairness







64 Course Reader Chapters



Optional Challenge1 Personal Challenge



25% Participation Rate!



1 New Walker



Thank	you	so	much!


