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Learning Goal: Abundance of
important problems




Chose k examples from a dataset of lots of student work

® €3 Pset1- Counting for Probabilit X 4 -
C O @& cs109psets.netlify.app/fall22/pset1/randomchoice N o * E O » = 0O & :
numpy.random.choice 2" Answer Editor @ Solution

Numeric Answer: 4

How many unique sets could be returned by the following main() function: Explanation:
asdfasdf!!l!??? Y =5
import numpy as np
1 print('test')
def main » Run >_ Show
options = [0,1,2,3,4,5,6,7,8,9
ordered = np.random.choice(options
size = 4, replace=False
unordered = set(ordered
return unordered

abcdef
Y =

Here is documentation for numpy's random choice function:
numpy.random.choice —

1- for i in range(100):
2 print(i)

P Run >_ Show

Note that sets are considered unordered. If two sets have the same
elements, they are not distinct.

Previous Question Next Question

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

o Oe©

Q For any two points you can
qguery the distance between

them. May be non-Euclidean

@
O




Step 1: Chose the node closest to the rest (on average)

o Oe©

Q For any two points you can
qguery the distance between

them. May be non-Euclidean




The inner loop can be thought of as Thompson Sampling

(1)

(1)

10, 11,9, 8 12,11, 10, 14



Allowed us to revisit several core algorithms

o k-Medoids
o Mo Tiwari, ... Chris Piech. "BanditPAM: Almost Linear Time k-medoids
Clustering via Multi-Armed Bandits", NeurlPS 2020
« Random Forests
o Mo Tiwari, ... Chris Piech. "MABSplit: Faster Forest Training Using Multi-
Armed Bandits", NeurlPS 2022
o Maximum Inner Product Search
o Mo Tiwari,... Chris Piech. "Faster Inner Product Search in High
Dimensions", Submitted to AAAI 2023 (favorable reviews)




Today
Digital Future of Probability



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 Al.

Application -> Theory



Quality Education Gap

90% of children 375 million workers need to

enroll in primary be retrained by 2030 [3]
education [1]

40% in secondary

. _ _ _ Half a million unfilled
education [1] -

computer science jobs

! _rj'_:l D|‘)j|$’l|\.[I;IEO u, 7 (60% of STEM jobs) [2]

20% in tertiary
education [1]

~-— -~ Forall learners we

Dramatic quality want quality.

differences

[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

V401230

Advanced Economies

6 17 K8

Emerging Economies

45 33 BNV

Hongera!

Approved for KSh 2,000

Repay your loan on time. Grow your limit to
KSh 30,000. Get fees as low as 5%.
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Unprecedented Data

Over 50 million learners
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500,000 learners




Code.org by the numbers

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




Speech Recognition




Clear
Societal Need

Grand Challenge
in Education

Autonomously support
education by better
understanding students.

New
Datasets o

. Learning

Al
Renaissance



Feedback is Labor Intensive

: . : J_{,.‘_,Tf‘ , ‘ ;,. —.
Online classes have not solved the
feed m [1].

_ S
4 ‘ -

-

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



Many domains of student work

/ 9%b \
= (10 — | ) x 6
=10 %95 X 6
= 60
N %
Why did the
original pilgrims
come to

America?

v
do | if path

do | turn

se | move forward




Chapter 0: Always start simple



First deep learning for education

KHAN (
oan CCCCCa

1 10
Exercise index

Exercise Type: Answer:

Solving for x-intercept Correct

Solving for y-intercept ‘ Incorrect

Graphing linear equations

Square roots

Slope of a line

Khan AUC

KHAN

ACADEMY






Learns Concept Relationships

39

57
34 Lines

69
68

32 5

v

26
6 17

Systems of
Equations 29

10
25

35 50

44

Scatter plots

11
9 15

41 27

Angles
13- 46

19
31
66

60
42 58

Line graphs
grap 1

51
8

38
36 29

28 59

Pythagorean

24 theorem
55
62
Functions 48
65
14
49 Exponents 33
53 o4 30
67
12 4
64 @ 63
2
16 .
37 Fractions

52
20



Average Predicted Probability

=
9

=
o)

0.5

Optimal Teaching

10 20
Exercise Index

30



Optimal Teaching

Maximize knowledge
after 30 questions

=
9

Average Predicted Probability
o
o)

0.5 T T T
0 10 20 30

Exercise Index




Average Predicted Probability

Optimal Teaching

Maximize knowledge
after 30 questions

0.7 -
0.6 -
—Blocking
—Mixing
0.5 T T T
10 20 30

Exercise Index



Optimal Teaching

Maximize knowledge

after 30 questions
0.7 -
2z
.3
&
2
o
| 35
(=9
=
D
5
'q:, 0.6 -
=%
?)
S0 MDP-8
§ — MDP-1
< —Blocking
—Mixing
0.5 T T T
0 10 20 30

Exercise Index




We truly would rather move beyond
correct / incorrect




Some domains are very hard

Introduction to Python CUpgrade to Pro) ® &
B X script.py ” File "script.py", line 3
1  my_name = "Codecademy"

n " ' n

2 print("Hello and welcome " + my_name + SyntaxError: unexpected EOF while parsing

Pkspace: % / 2 blocks 'O Start Over </> Show Code




Can you understand this code?

o ® B 1op Secret X Chris
< C O O Not Secure
Question Solution .
| - import code.org.*; Label Console
Instructions v Num Done: 8273
e If there are many moves, focus on the first one pub'Llc class MySo 1n { Strategy
e Random code strategy is for when the student . . Bl Dot GHIoat DAoDIs to thiE)
seems to be trying things randomly pUb.LlC void run() A P v Pop
» Lookout for students who don't get nesting or move ( 50 ) . © Triangle Strategy
pre/post conditions. Often extra blocks in a . ! . . Recursive Strategy
body is an indication that they don't get that the for(int i=0 ;o 1<4; i++) {
post of the loop has to match the precondition if ( frontIsClear ( ) ) { fsorbn
. turnLeft ;
Questlon } u € ( 90 ) ! Correct use of looping
. \ .. . Doesn't use a while
R for ( int ] =0 v J<1; 1++ ) { Doesn't have correct stop condition

move(i x 20);

turnRight (120) ; Stanford TAs label

move(10);

} 800 submissions

} Loop post condition doesn't match preconditic

} Repetition of bodies

Cleanup

Student O




Traditional Deep Learning Doesn’t Work

Label student code 1.0 Last Problem (P8)
0.9 -

® g0.8-
£0.7-
20.6—
2 0.5 -
04 -
£0.
203 -
<P
=~0.2 -
0.1 -
00 ——

Old Humans
Gaurd




Can we provide feedback
by dynamic analysis?

Starter code First attempt Final solution




Chapter 1: Better data source?












The Crowd is Un-wise

Temporal methods tried:
Shortest path

Min Time

Expected Success
Reinforcement learning
Most Common Next
Most Popular Path

18%

45%

when un




Desirable Path Algorithms

First step in the path to
the solution from s, taken by

students. Assume poison process.




Desirable Path Algorithms

v(s) = arg min

pEZ(S) rep




Learned Problem Solving Policy

“Backbone”

: 17"
Solution ~-’J1ﬁ'

1 *31°22®




Only worked well for 6 line programs...



Chapter 2: Start to invent new algorithmes...




Neural Network to Encode a Program

It looks like you have a fencepost error!

// User defined method

run
private void run() { : / \
while(isClear()){ T :
putBeeper(); . ' 3

move( ) ;

/while putBeeper
cond _ / body \ |

putBeeper move

}
putBeeper () ;

*Note: this was coded pre-tensor flow



Collect Triples

<> r@ w Precondition

putBeeper () ;
move () ;

About 5 million triples per assignment



Collect Triples
<> @ w Precondition

putBeeper () ;

move () ;

Q Q @ Postcondition

About 5 million triples per assignment




A Code Phrase is a Mapping

All possible preconditions All possible postconditions

putBeeper();
move();




Neural Network for Programs
method step() { E

J" putBeeper () ;
e move();

}




Neural Network for Programs

method step() {

e move();
}
i’ )
C
RS,
e
-8 Program
8 Matrix
D
&\
S
©
(a'

|

*coded pre-tensor flow




Neural Network for Programs
method step() { E

J" putBeeper () ;
e move();

j
- )

5 \@®

)

-8 EnCOder ‘ Program
8 > Matrix
Q

| -

&\

S

©

R
O

[

*coded pre-tensor flow




Neural Network for Programs
method step() { l:

J" putBeeper () ;

e move();
Q”W
-

RS

)

T | Encoder I';"“'“p'y
8 é rografm
Q . Matrix
L [ ]

S

=

(g0

o

|

*coded pre-tensor flow




Neural Network for Programs

- method step() {
J putBeeper();

e move();
Q”W
-

B
n_J

“
O
S V‘ =
= , O
T | Encoder Multiply o Decoder S
o) — Program > O
o . Matrix "g
51\ : a.\
S S
©
s O o
L
—

L

*coded pre-tensor flow



Neural Network for Programs

- method step() {
J putBeeper();

e move();
Q”W
-

B
n_J

“
O
5 |\ @ =
5 Multipl c
S | Encoder ultiply @ Decoder | <
o) — Program > O
] . Matrix "g

51\ : a.\
S S
©
s O o

L
] —

Prediction Loss

*coded pre-tensor flow



Neural Network for Programs

_ method step() {
J putBeeper();

e move();
i"\
-

B
n_J

—

Autoencoding Loss Prediction Loss

*coded pre-tensor flow

-
@)
IS V‘ =
B , S
T | Encoder Multiply o Decoder | <
o) — Program > O
o . Matrix "g
EZ\ : a.\
5 ® 5
L Decoder L ]
_




Does it work?




Traditional Deep Learning Doesn’t Work

Label student code Lo Last Problem (P8)
0.9

® g0.8
s 0.7
= 0.6
2 0.5
804
£0.
0.3
<P
=~0.2

0.1
0.0

Old Humans
Gaurd




Inaccurate, Uninterpretable, and Data Hungry

Label student code Lo Last Problem (P8)

9\ §0:7

0.0 - -
Old Deep Humans
Gaurd Learning




Inaccurate, Uninterpretable, and Data Hungry

Label student code 1.0 Last Problem (P8)
0.9 -

?\ g0.8 :
C}30.7 :
— 0.6 -

£
205 -
204
Q .

203 -

<P

=~0.2 - I
0.1 -
0.0 e L |

Old Deep Humans
Gaurd Learning




Inaccurate, Uninterpretable, and Data Hungry

Label student code

R

1.0 -
0.9 -
20.8-
50.7-
20.6—
2 0.5 -
04 -
£0.
203 -
<P
=~0.2 -
0.1 -
0.0 -

Last Problem (P8)
A~
o o
BN

Old Deep
Gaurd Learning

We need one
shot learning

Humans

We need
verifiability



Why is it so hard?



Hard Problem

Brute force solution?

Code Zipf Plot
109,
7 10!
Cs 0“% 1/ks
—
2 L 2 f(k) =
o 0 Yon (1/n)
— Q
= @« 103
o QD
58 10
) N—"
=
Q—i 10-5 -
10-¢
100 10! 10> 10% 10* 10°
1 million unique solutions to Rank Order (10g scale)

programming Linear Regression
WWW 2014




They are all Zipf!

(a) Datasets in Computational Education

Code.org Problem 8

Powergrading P13

Draw me!

for i from 3 [to 9 by 2

Repeat for i

do Move forward

Turn Right

for i from 3 to 10 by 2

do

for j

from 0 to

do Move forward 10

Turn | Right 360

Turn | Left
Move backward 30
Turn | Left

Move backward |30
Turn  Left

Move backward 130

What is one reason the
original colonists came to
America?

Religuous freedom

For religious freedom
Freedom

to create a new colony

to find better economic
prospects

¢ to break away from the church
in great britain

* declared our independence
from england

* religeous freedom

* as a criminal punishment

CS1: Liftoff

Write a Java Program to
print the numbers 10 down
to 1 and then write liftoff.
You must use a loop.

public void run() {
for(int i = START; i»8; i--)

println(i);
pause(1eee);

println(“Liftoff!");

public void run() {
for (int i=START; i»>9; i -=1)

println(i);

println(“Liftoff");
}

public void run() {

int x = START;

inty = 1;

int z = 9;

while (x>=1) {
println(x);
X=2;
Z=X-Y5

}
println("Liftoff");

PyramidSnapshot

Use the graphics library to

construct a symmetric and centered --
pyramid with a base width of 14 T T
bricks. L L
[ .|
=55 - Loy
mEmmas ) L T T ]

(b) Code.org P8

10

log Count

0 5 10
log Rank

(d) Pyramid

75

IS

3

X

o

o

=25
0.0

0.0 25 5.0 7.5
log Rank

(c) CS1: Liftoff

3 W\
NN
\ \
g R
22l N\
] AN
o \ \
=N ™
) S
‘\
\
0 AN
0 2 4 6
log Rank

(e) Powergrading

5

log Count
N

log Rank




[Suspense]



Chapter 3: Back to the drawing board



Humans Don’'t Need Much Data

Single training example: m




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

B i) ii)
S =
e9 |9 [P0 D |23
Z ) Mo dy l
XD | 3w
S |oD|e) D |e 7
i d®|N | S| I | Y
ii) iv)
u DY |TOD

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

S ]
Copyright © 2015, American Association for the Advancement of Science

AVAAAS




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

A B

i) primitives D ’1} l T —
procedure GENERATETYPE
/I\ ‘/l\‘ /\ k + P(k) > Sample number of parts
fori=1..xdo

i} sub-parts - - n; < P(n;|x) > Sample number of sub-parts
e ” D b l o O l for j=1..n; do

\ / ‘[ / l ‘l' »L 8ij « P(sj]s;(;—1)) » Sample sub-part sequence
end for
iii) parts 3 L L ,Q R; « P(R;|S1, ..., Si-1) > Sample relation

j L end for

_ . U+ {K,R, S}
iv) object N N N return @GENERATETOKEN(v") & Return program

template relation: relation: relation:
P attached along attached along attached at start
type level
token level
procedure GENERATETOKEN())
fori=1..xdo

S{™ « P(SI™S)) > Add motor variance
v) exemplars 3’1" ,

l
3L

I-b L™ « PR, ™, ..., T)
> Sample part’s start location
l ™ « f(LI™,5'™)) > Compose a part's trajectory
end for
A p(AM) > Sample affine transform
rL I™)  p(Im)|T(m) A(m)) > Sample image
return /™)

vi) raw data

0=
g




Fig. 4 Inferring motor programs from images.

A Training item with model’s five best parses B Human drawings Human parses Machine parses

o 2| ey | | 2| i b
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<| T\ ||| d
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VAR E| | e |d] %]
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ARAE Sxz o 9 e

A
WL
.
13

| H| A |z | E[E |l s

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

Science
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Copyright © 2015, American Association for the Advancement of Science



Fig. 5 Generating new exemplars.
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Fig. 6 Human and machine performance was compared on (A) one-shot classification and (B)
four generative tasks.

Bayesian Program Learning models Deep Learning models

45

Il People I srL M Deep Siamese Convnet ~ (Note: oy
i ihastor applicable to
I srL Le5|'on (no Iearnlng't.o Iegrn) B Deep Convnet 9 e
BPL Lesion (no compositionality) I Hierarchical Deep in panel A)
A — B g5 : . : ,
s
35 g 80
o}
o
30 % 75
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g 3 £ 70
B 25 — &
E O E 65
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g g8 60
2 15 =S
3 So 55
O e
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40

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

Science

AVAAAS
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Generative Understanding

Label student code 1.0 Last Problem (P8)
0.9 -

0.8 -
R =07 |

S Y
=~0.2 -
0.1 -
0.0 - e L |

Old Deep Humans
Gaurd Learning




Student ablllty

‘\'

Grading: P(e,C1I)

Infer ability and

choices from code ,\
Student code
. ,’\\ﬁ_\_Q] ‘___\_ I ;4“ D

Student choices




Generative Probabilistic Model?

* Struggle WA §\
double for
loops O __________

* Confuses logic
for deleting

bricks / /




Imagine Students

This is easy and exponential This is hard and linear
human impact human impact
A students
“ability” ~J
v @ ~ pythonSample P(Oe,C|I)
A students

“choices” C ~ pythonSample|@

Infer ability and
choices from code

esuting [T ~ pythonSample|C

Ao JUN The
APl D
S 22N code




Bayesian Programming Language

1deaToText




Teachers Articulate N misconceptions

8] # This python class is a RubricSampling Decision
9] # it generates programs that print the numbers 10 —> 1

10
11
12
13
14
15
16
1L7/
18
19
20
24!
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
2/

class Countdown(Decision):
*

def registerChoices(self):
# these are the main strategies for printing out a
# countdown
self.addRubricChoices('loop-style', {

‘for' : ¢, ,

'while' : 0,,

'none' : 0,

‘empty' : 0,
})

'% we cCcan make some graﬂlng CIOlCES Baseg on W”lCI :

# strategy they chose (did they actually use a loop?)
def processChoices(self):
style = self.getChoice('loop-style')
hasLoop = style != 'none' and style != 'empty'
self.addLabel('rubric-hasLoop', hasLoop)

# Based on their strategy render a different decision
def renderCode(self):
style - self.getChoice('loop-style')

if style == 'for': return '{ForSoln}'
if style == 'while': urn '{WhileSoln}'
if style == 'none': return '{NoLoopSoln}'
if style == 'empty': return ''
\ y

1. Thisis code for a single decision point

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

3. How do those choices translate into
feedback?

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



Generative Understanding

Idea: (1) sample a ton, then(2) build a neural network

Generative model . .
to learn to predict decisions

TN

g 1.0
% < wee Standard
Z 5
. © 6000 -y 0.8 Adaptive
=) = 0 -
O=0_ O e Y | e
\ = 2 o
O € 2000 o 04
S / ° 02
o« . . 3t v
Decision process Output solution 0 -

0 5000 10000 0 2500 5000 7500 10000

\_/ # of samples # of Samples

a) Uniqueness '
(a) Uniqueness (b) Good-Turing

Inference model

Decision process Next choice

\! J

T
PG (xaw o Lap ‘y) — Hpg(l“at ‘ya X<CL1;)

J t=1 N

solution Previous choices




Generative Understanding
.

Label student code 1.0 1 Last Problem (PS8)
0.9 -

0.8 -
R Z07

204 - Outstanding Student
T03 paper award, AAAI 2019

o 7|
=02 -
0.1 -
0.0_ —_L e—

Old Deep Zero Human

Gaurd Learning  Shot
Learning

Struggle with
doublefor
loops

* Confuses logic
for deleting
bricks




Not just for code

Results from early 2019



Many domains of student work

R

)

(
10x6
6

/II | I .

Why did the
original
colonists come
to America?



So what?

What does this mean for me?!?



Understanding Process

2,600 students
130,000 partial solutions

u snapshots per student = 50 %
w1 time per student = 2 hours e
Step 1 Step 2 Step 3
Single brick

/

e
Step 4 Step 5 Step 6

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



Understanding Process

‘z 2 S -\b
D A N &
& NZ & QQ _\l_@ b‘(\ &
N > & O & @ N <
0& & > «\0&\ & & & o°\’z o>°q é@o 4 z«&\ &“b & u“’o é'Q\\ é-((’
<& S © L @ N & & a2 S A S 4 — —
& & ’oz\z N oV P e & LS NS & & & <
IR P ORI AN O PN PN LN N N O MRS
(N S R SR A A A M A N AR SN SN

Students scoring in 99" percentile on midterm exam

t-SNE embedding of 130,000 partial solutions

Students scoring in <3 percentile on midterm exam

o
NS

e
w

Fraction of commits
o
[y}

0.1
0 i i
Other/ Stage 1: Stage 2: Stage 3: Stage 4: Error
Off-track singlerow  nestedloop adjusting adding final
(1,8,15,16) (2,34) (57) nested offset details

(6,9,10,11) (12,13,14)




Understanding Process

20

21

22

23

24

25

26

29

30

3

0Oh 13m
Oh 16m -
Oh 16m |
Oh 16m (Oh 11m) [ 1
0Oh 16m (66h 38m).
0Oh 16m (18h 7m)

Oh 16m (8h 9m) .
Oh 18m

0h 20m

import
import
import

CS106A Pensieve

File: | Pyramid.java

acm.graphics.*;
acm.program.*;
java.awt.*;

Oh 21m

public

class Pyramid extends

GraphicsProgram {

SourcelLength

v

Oh 30m

Oh 36m

Oh 36m

Oh 36m (1h 25m)

Oh 36m (8h 5m)

0Oh 38m .
Oh 44m -

Oh 44m (Oh 45m) -

private static final int BRICK WIDTH = 30; 1
each br

private static final int BRICK HEIGHT = 12;

private static final int BRZCKS_Z.\I_BASE = 18;

Characters

lic void run() {

int x = (getWidth() / 2) - (BRICKS_IN BASE / 2) *
BRICK WIDTH;
int y = getHeight() - BRICK HEIGHT;

for (int row = BRICKS IN BASE; row > 0; row--) {
layBricks (row, x, y):

y -= BRICK_HEIGHT;

¥ 4= RRTCK WINTH / 2

000

750

R :
!
250 1
0
06

0.0 0.1 02 03 04 05
Time into Problem (hours)

0.7 08

O Selection Comments O Code

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

Using assignment fiming as

pre-post
05
QO

T S

% | I q\i\"&
2 00 & AN :
O \}\\}
=
2-0.5 L Baseline : %@o&%
- --Winl8 1o
= Sprl8
210 P
= 1 2 3

Assignment

E[X5|X1] — E[X3] = 42 mins

Predicted time Actual time P <0:00001

Assignments are taking less time

Item Response Theory based
ability assessment

e
bo

Baseline
This Spring

Probability Mass
-

0.0
0O 2 4 6 8
Midterm Ability
Sij =n-o(a; — dj)
>core points ability difficulty

Students perform better than expected




Feedback on process is an open problem



Our understanding of student work is not
perfect

Hit a ceiling with cs106a midterm



Midterm Grading Challenge

[ NON | & Browse Q3 X

€ DynamoDB - AWS Console

x| +

& > C 0O © localhost:3000/#/view/cs106aMidWin19/3/abigail8/cpiech/8daa714e79a10cb

Question Solution Starter <

Rock Paper Scissors (30
points)

Write a ConsoleProgram that has a user play rock paper
scissors against a computer until either the user or the
computer has three "wins". To make the code simpler, use
integers to represent the different plays (0 is rock, 1 is paper,
2 is scissors). Example run:

e e

Rock Paper Scissors!

@) Rock «——— A brief intro message

1) Paper

2) scissors

!mi'ii';ﬁ.; 2 <——~— Round 1 he users paper lost
Computer wins. to the computer’s scissors
‘(’W' '::ewze é <___.__ Round 2 The user's scissors lost
Computer wins. to the computer's rock
‘('m:::'fnﬁ,, N «—— Round3 The user’s scissors beat
Human wins. The computer's paper
Your move: 1

Comouter move: 1 «——— Round4 Both nlaved paber

Exam

Student

Answer

public class RockPaperScissors extends ConsoleProgram {

/* constants */

private static final int ROCK = 0;
private static final int PAPER = 1;
private static final int SCISSORS
private static final int N_WINS =

= 2
3;

private RandomGenerator rg = new RandomGenerator();

public void run() {
introMessage();
for (int i = @; 1 < N_WINS; i++) {
inputNumber;
roundWinner;
}
gameWinner;

}

private void introMessage() {
println("Rock Paper Scissors!");
println("@) Rock™);
println("1) Paper");
println("2) Scissors");
printlnC" ");

}

private void inputNumber() {
int a = readInt("Your move: ");
int computerMove = rg.nextInt (3);
int b = readInt("Computer move: "

private int computer = 0;
private int human = 0;

private void roundWinner {
if (a==18% b ==0) {

nrintlnl"Human wine ")

Question 3 / Student

+ computerMove);

~~
L4

% e B SN R P

Browse Answers

Grade: 26/30 points « grade submitted!

Rubric:  Standard v

Q

- For loop instead of a while loop (should go up
to 3 wins by computer or user not 3 games)

User Inputting Move (3 points)
© Perfect (0 points)

) Minor Error (1 points)

) Major Error (2 points)

() Totally Wrong (3 points)

Computer Generating Move (4 points)
© Perfect (0 points)

) Minor Error (1 points)

) Major Error (2 points)

) Major Errors/No Attempt (4 points)

Determining the winner of a round (6 points)

© Perfect (0 points)
) Minor Error (1 points)

) Mainr Frrar (2 nainte)




Can A.l. Grade Your Next Test?
Cle

Neural networks could give online education a boost by providing
New1lork

automated feedback to students.

Cimes

Stanford | News

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



90

Feedback Accuracy
~ (00
o o

(o))
o

50

Rubric Level Accuracy on Few-Shot Grading a Novel Question

Human-Level Accuracy

Statistical Methods

Deep Learning Circa 2020

Our Method

Humans



Give Feedback on Fresh Stanford Midterm

\Qck by humans

Learn how to do this

Feedback by Al with 1
hour of human work



General Exam Grading Model

Student answer Question
(as text) (as text)
| \ /
[ Code embedding ] [ Question embedding ] [ Rubric embedding J

\1 X /

General Exam
Embedding

Education Tasks




Invented the Proto-Transformer

Code Embedding (@ ‘;n@ﬂ:. 00 —1 | Prototype Rubri Embeddir]lg
A

"

( ) . A
( ) ) [ Average
Embedding Network 4 4 T *
Pretrained SBERT
Average J : . .
'Y 3 Y . A . y Y A A
Rubri X :
Transformer Layer }: ubric [Uses | [ proper | | syntax |[ . |
Transformer Layer }1 Question Embedding
(

Transformer Layer }< : A ]

Average

t t

{ Pretrained SBERT

T A A A A

Question [write|[ a || python ][ program | [ .

-
A A A A A A A A T

Zang) () (B (B ) (B ) (Ban) (2 (] [ 5]

A A A A A

T

(et J (o] () (o J (D J (G ] () L ] O | -

Student Code Sequence

)

Support Set
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Rubric Level Accuracy on Few-Shot Grading a Novel Question

Human-Level Accuracy

Statistical Methods

Deep Learning Circa 2020

Our Method

Humans



Stanford Code in Place:

1100+ section leaders teach
12,000"‘ StUdentS Fearedin

1/2 of CS106A
As Community Service SR TG







Gave Feedback to 3,500 Real Students

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

© f} Code in Place Feedback X <+ ()
3 C (O @& codeinplace.stanford.edu/diagnostic/feedback w * B ; RO 3 g
Overview Question 1 Question 2 Question 3 Question 4

Back | Feedback | Next

GETTING INPUT FROM USER

This question requires you to get input
from the user, convert it to a number,
and save it as a variable. Did you
correctly do all of these steps?

Al generated
feedback

"

Close. There is a minor error with
your logic to get input from user.
This could be something like
forgetting to convert user input to a
float

Do you agree with the feedback in the
purple box?

GRS

Please explain (optional):

Students evaluate
the feedback

Your Solution

def main():

Algorithm uses
attention to highlight

e———— where in the code the

error comes from

# TODO write your solution here
height=input("Enter your height in meters: ")
if height < 1.6:
print("Below minimum astronaut height")
if height > 1.9:
print("Above maximum astronaut height")
if height >= 1.6 and height <= 1.9:
print("Correct height to be an astronaut")

if __name__ == "_ _main__:

main()

Syntax error (missing ")
here would prevent auto
graders from being
useful.



Impact and Fairness Analysis (work in progress)

Rubric Baselines Humans
I RGM " Supervised [ Stanford TAs
(ours) * Autograders [ Code in Place TAs
100 100
95 95
90 % 90
<
85 S 85
S
> 80 = 80
2 o
§ 75 ,%D 75
< 70 Z 70
65 1. 8 65
60 C% 60
55 55
*
50 S0 -
Historical Exams Deployment

Male -+-
Female ->
| ° °
USA + calibration
India JP. y,
Nigeria -
90% 95% 100%
Demographic Accuracy
RGM | +
TA +
90% 95% 100%
Teacher Rating
, mards
RGM -»> .
| arity??
TA - parivy
0% 50% 100%
Student Incorrect Rate 100



That is just one example:
New problems



Feedback for Teachers

I
200,000 videos of teachers in Colombia, Chile and USA teaching

PLM . —
Cwn SR | T AT
' = _ "?l‘, 1
uio s

S

businessperson




Al Teacher Training

Record Class Transcribe & Anonymize Analyze Generate
Recording Transcripts Insights
() '




Causal impact of Al 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

Impact:

Immediately change
what sort of assignments
are auto-gradable

Play 2 Grade

Problem:

Grade the ~Y1M unique student
implementations of this problem
on code.org

Input:

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

Theory contribution:

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



More than education

&: Bringing a drug to market is a drawn-out process

DISCOVERY & CLINICAL TRIAL

PRE-CLINICAL

FDA
APPROVAL

PHASE|

PHASE 2 PHASE 3

+

-/
O
5
(S

/4
(70

Source: chinsights.com &: CBINSIGH




é

® @ Vision Test

C ¢ & myeyes.ai/measure

Featured in

THE LANCET

More than education

Left Eye

Progress: 10%

°
hx *ENTYRONMP

StAT Algorithm

N done: 2
Curr size: 3.3 arcmin
Curr size: 0.5 logMAR

MAP acuity: 2.5 arcmin
MAP acuity: 0.4 logMAR

Likelihood of Acuity Scores:
.26 | < likelihood

0 ﬁlr o _I / l I \\\\ ‘
-0.8 -04 0 0.4 0.8 1.2
Acuity (logMAR)




What else should be a random variable?

Grades??



Application -> Theory

Understand social science,
Explain why it made the

especially with small data
\ / choices it did

What are things that Al

currently can't do?
/ \ \ Teach humans based on

what it has learned

Understand language Design itself

i Actions

Ine-graine
1 ua rt:
: f_L Add/augment slices & s

(,‘:': f)‘ Add labeling functions <—— 5

3 :_ Add synthetic examples




What should you do
next?



Go solve amongst the abundance of
important problems




o €} Final Project | AA228/CS238 X  + v [ NG ) @ Cs221: Artificial Intelligence: P X 4+ v

& > C O @ webstanfordedu/clas.. G H * * E O » =0 *3 : & > C (0 @& stanford-cs221.github.. & @ * & BE O =0 3

AA228/CS238

Decision Making under Uncertainty

CS221: Artificial Intelligence: Principles and

Techniques

Stanford / Autumn 2022-2023

[Calendar] [Modules] [Coursework] [Schedule]
o Lectures: Mon/Wed 1:30-2:50pm in NVIDIA Auditorium.
« Problem sessions: Fridays 1:30-2:20pm in Huang 018.

E MENU « Office hours, homework parties: see the Calendar.

« To contact the teaching staff, please use Ed; for more personal/sensitive matters, email cs221-
aut22-23-lead-staff@lists.stanford.edu.

Teaching Staff

Final Project

The objective of the final project is to explore topics in decision making under uncertainty in greater depth than is permitted
in class. The choice of topic is up to you, but it should be related to the general themes of the course. As part of the project

you should:

= describe an approach (existing or newly developed),
= apply the approach to a problem of interest (which may or may not be related to aerospace), and

= analyze the performance of the approach according to a set of metrics. Percy Liang Dorsa Sadigh
Instructor Instructor
® @ €S229: Machine Learning X  + v [ NN ] @ Cs 228 - Probabilistic Graphic. X 4 v
® § sttistics 200: i
&€ > C O @ cs229.stanford.edu G th % ¢ UR ON»= O ¢ > C O @& emongroupgithubio.. G @ F ® RO 0P : § Statistics 200: Introduction to ¢ X [N N7

[ )
& > C (0 @ webstanfordedu/clas.. Q M Y * = 0O @

CS 228 - Probabilistic Graphical Statistics 200: Introduction to
Models Statistical Inference

Zhou Fan, Stanford University, Autumn 2016

CS229: Machine Learning
Instructors Winter 2021-22

e -
me

Lectures

Moses Carlos

Andrew Ng R i Homework
Charikar Guestrin e
Logistics | Course Info | Syllabus | Other Resources

L. X i . X . i Grades
Course Description This course provides a broad introduction to machine learning and L . t.
statistical pattern recognition. Topics include: supervised learning (generative/discriminative ogls ICS Piszsa
learning, parametric/non-parametric learning, neural networks, support vector machines);  Lectures: Tue, Thu, 9:45am-11:15am, Nvidia Auditorium
unsupervised learning (clustering, dimensionality reduction, kernel methods); learning theory « Office Hours and Sections: Google Calendar -~ . F PP P — PR — -
= w el Dt ICE DOUMS aNC SECUONS. LOOGE Laler .




Think about intersectionality

Data that you
have access to

Your side passion

Thompson

Your lived sampling

experience



Last Class...



CS109




Counting Rules

Counting operations on n objects

Sort (order matters)

(perms) Choose k Put in r buckets
\ (combinations) / \
- / Some Distinct Distinct None
Distinct . inct Distinct
' n! (n) _ n! r' (n+r—1)!
" ’)’Lll’)’bgl .o k

kl(n — k)] n!(r —1)!




Counting

Joey Waddie



Everyone is welcome.
Intellectual joy. Be kind. Be
humane. Social connection.
Learn by doing. Thrill of
building. Adapt to new
contexts. Especially in a
hard time #:.

RS
SESSY
e

—

it
—




WHEN YOU MEET YOUR BEST FRIEND

Somewhere you didn't expect to.



Trailing the dovetail shuffle to 1t°s lair — Pers1 Diaconosis




What is a Probability?

P(E) = Im pn(E)

n—o n




P(EF) Definition of

PEEIF) =5y Cond. Probability

Netflix and Learn

e Let E be the event that a user watches the given movie.
e Let F be the event that the same user watches CODA (2021).

NETFLIX

v5‘~<
] LY

RA
V)
o

) ™
KR TR R RS
a RAJKUMAR HIRANI £ilm
3 - ! - ’
a VIDHU VINOD CHOPRA production
admissions open december 25 reusncs
Joinus a1 www.idiotsacademy.com -

P(E) =019  P(E) = 0.32 P(E)=020 P(E)=0.09 P(E)=0.20
P(E|F) =014 P(E|F)=035  P(E|F)=020 P(E|F)=0.72 P(E|F)=0.42

122



Monty Hall Problem

4\
and Wayne Brady

Marilyn discovers the
Probability Bug

123



Lika Test

Positive Zika.
What is the probability of zika?

* 0.1% of people have zika
* 90% positive rate for people with zika

* 7% positive rate for people without zika

The right answer 1s 1%
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Update Belief

Betfore Observation

in Plaza
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Chase ATM AW
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Recall our Ebola Batis
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Michel Dellepere




Third Year of Sections

I'm not a robot
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X 1s the score a peer grader gives to an assignment submission

True grade

P(X=x)

100 40 70 100 20 50 30
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Geometric

Sequence 1:

TTHHTHTTHTTTHTTTHTTTHTTHTHHTE
HTTHHTTHHHTHHTHTTHTHT THHTHHH'
HTHHTHHHTHTHTTHTTHHTHTHTHT THE
TTHHTHTTHTHTHTHTHTHTHHHTHTHTE
TTHHTHTHTHTHHHT THHTHTTTHTHHTE



Storing Data on DNA

All the movies, images, emails and other digital data from more than
600 smartphones (10,000 gigabytes) can be stored in the faint pink
smear of DNA at the end of this test tube.
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Bit Coin Mining

You “mine a bitcoin” if, for given data D, you find a number N
such that Hash(D, N) produces a string that starts with g zeroes.




Representative Juries

Simulation:



Dating at Stanford

Each person you date has a 0.2 probability of being someone
you spend your life with. What is the average number of people
one will date? What is the standard deviation?

i




Bloom Filter

{x,y,2}

1{0(1}1{110}0;0]0}0|1]0
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random( ) ?



Probability Mass

0.35
0.30
0.25
0.20
0.15
0.10
0.05
0.00

0

111

Riding the Marguerite

Discretize into 5 min chunks

.

5 10 3 15 4 20 5 25

Bus arrives (7) mins after 2:00pm

—

30

0.20

-~
n

0.10

Probability Mass

0.05

0.00

0

You are running to the bus stop.
You don’t know exactly when

the bus arrives. You arrive at
2:20pm.

What is P(wait < 5 min)?

Discretize into 2.5 min chunks The limit at discretization size - 0

0.05
0.04
0.03

0.02

-

Probability Density (Jp/dx)

5 10 15y 205 3257 130 0 5 10; 157 207 (23

Bus arrives (7) mins after 2:00pm Bus arrives (7) mins after 2:00pm

§ 0.01 _
! i 0.00 —

30



Integrals

8/

@ d©

*loving, not scary



Probability Density Function
N(p, %) f(x) L=

p— € 20 2

ov/2r

Jx)




What do you get if you
Integrate over a
probability density function?

A probability!



Density

2

Probabili
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0.7+ Forster/Gregory 06 ]
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| — Gregory 02 1
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0.2 - Schneider LGM 06 ]
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0
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Climate Sensitivity

Equilibrium Climate Sensitivity
g



PDF and CDF of a Normadl

o)

X ~ N(p,
&
S
&

A CDF is the integral from —infinity to x of the PDF



Altruism?

Scores for a standardized test that students in Poland are
required to pass before moving on in school

See if you can guess the minimum score to pass the test.

2.1. Poziom podstawowy

3,5%

3,0%

2,5%

2,0%

1,5%

1,0%

0,5%

.

638404244 46 48 50 52 54 56 58 60 62 64 66 68 70

0,0%

Wykres 1. Rozklad wynikow na poziomie podstawowym

hitp:/freakonomics.com/2011/07/07/another-case-of-teacher-cheating-or-is-it-just-altruism/comment-page-2/




Probabilistic Models



Probability

Joint Probability Table

Roommate Shared
S 2RoomDbl  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

Marginal Room type Marginal Year

0.5 0.40

0.4
0.30

o
w

0.20

Probability

0.10
0.1

2RoomDbl Shared Partner Single 0.00



Multinomial

Example document:

"Pay for Viagra with a credit-card. Viagra is great.

So are credit-cards. Risk free Viagra. Click for free.”
n=18

Its a Multinomial!
Viagra =12 /“——\
Free =2

. _ ’)’L! 2 2 2
P ( Risk =1 |Spam) — 2191 2!pviagrapfree -+ Pfor

Credit-card: 2

For=2 Y
The probability of a word in

spam email being viagra
Probability of seeing

this document | spam






General “Inference”

J

— WebMD —
HEALTH

NOW




General “Inference”

WebMD Symptom Checker e

INFO SYMPTOMS QUESTIONS

Add more symptoms

CONDITIONS

or Choose common symptoms

bloating cough diarrhea dizziness

fever headache muscle cramp nausea

throat irritation

4 Previous

fatigue

DETAILS TREATMENT
AGE 30 GENDER Male
MY SYMPTOMS
cough X throat irritation X
sneezing X

Results Strength: MODERATE

Info




Lots of Random Vars?
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Sore Throat



Symptoms
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Alg #1: Rejection Sampling

webMd — -bash — 38x22

[0, 0, 0, 0]
[0, 1, 0, 1]
N_SAMPLES 100000 IETErEETY
[1, 1, 1, 1] Each one of these is
[0, 1, 0, 1] one posterior sample:
[el 1, @, 0]
[0, 0, 0, 0]
[@I 1: 1: 1]
[@I 1: @l 0]
[0, 1, 0, 1]
[el 1: 9: @]
def main(): EG, 1, 9, 1} [Flu, Ugrad, Fever, Tired]
obs getObser\ é 8: é]
e (1, 1, 1, 1]
[0, ©, O, O]
[0, ©, 0, 0]
samples = samp [EIETEIES
prob = probF Lu(JGraEsayacy

I Observation = [None, None, None, 1]
SAGAN . - ons) - 6.140635888502

>




Uncertainty Theory
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(v)="(1 -
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F(X
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P(H=9,T =1)

z)!l-1

P(H=9,T=1)
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9

)

P(H=9,T =1)
=K-2'(1-z)"

'(1—x)!

Bayes Theorem

Binomial PMF

Uniform PDF

Constants to front

Rename constant

Lets take a look at that function. For now we can let K = 1—10. Regardless of K we will get the same

shape, just scaled:

4.5
4.0
3.5

Probability Density
© = = b b W
W () W (e W S

o

0.1

0.2

0.3

0.4

0.5

0.6

0.7 0.8 0.9 1.0



Lets Play!

Drug A

Which one do you give to a patient?



Thompson Sampling

b7




0.07
0.06
0.05
0.04
0.03
0.02
0.01
0.00

P(X = x)

70

C.

80

L.T. Explains This

X ~ Bin(n = 200, p = 0.6)

9 100 110 120 130 140

Piech, CS106A, Stanford University




Bootstrap




Universal Sample

Bhutan PMF

Nepal PMF

Probability

Probability

Universal PMF




Peer Grading

Peer Grading on Coursera
/- HCI.

ka3
q 31,067 peer grades for
/ 3,607 students.
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A/B Testing

A

B

37%
23%

CONTROL VARIATION

Piech, CS106A, Stanford University



Machine Learning



MAP: Most Probable Parameter

S0 good to see
you again!




Machine Learning
Heart Ancestry

Netflix

NETFLIN




Logistic Regression

. .
—>Dcndrites



Deep Learning

Layer x Layer h Layer y

)
@ .
O LL(#) = ylogy

)
® ® + (1 —y) log[1 — 9]
ot °
O ®
¢ O | —
Sl =8
O o
o O
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Algorithmic Fairness

— S —
e : 4

D=0 D=1
G=0 G=1 G=0 G=1 ’

0 021 032 001 0.01
1 0.07 028 002 0.08

T
T

D: is the demographic of an individual (binary)
G: is the prediction made by the algorithm (binary)
T’ is the true result (binary)

» = A



DallE and GPT
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Free Research Preview: ChatGPT is optimized for dialogue. Our goal is to make Al systems more natural to interact with, and your

Q https://chat.openai.com/chat X

c o

& chat.openai.com/chat

hey GPT can you help me with my homework?

Of course! I'd be happy to help you with your homework. Can you provide some details
about what you need help with?

G O

A fair 6-sided die is repeatedly rolled until the total sum of all the rolls exceeds 300.
Approximate the probability that at least 80 rolls are necessary to reach a sum that exceeds
300.

g

To solve this problem, we need to use the geometric distribution. This distribution is used to
model the number of Bernoulli trials (i.e. experiments with only two possible outcomes, such
as rolling a die) that must be conducted in order to obtain a success. In this case, rolling a 6

on the die is considered a success because it contributes the most to the total sum.

The probability of success on each roll is 1/6, since there is only one favorable outcome
(rolling a 6) out of a total of 6 possible outcomes. This means that the probability of failure
on each roll is 5/6.

The probability of obtaining at least 80 successes before the first failure is given by:

P(X>=80) =1-P(X < 80)
S Try again

feedback will help us improve our systems and make them safer.

é

([} i:j https://chat.openai.com/chat X

c o

& chat.openai.com/chat

This is the probability that at least 80 rolls are necessary to reach a sum that exceeds 300.

| hope this helps! Let me know if you have any other questions.

G &P

hmm that doesn't seem correct. | am pretty sure you are supposed to use the central limit
theorem

g

You are correct that the central limit theorem can be used to approximate the probability in
this problem. The central limit theorem states that the sum of a large number of independent
and identically distributed (i.i.d.) random variables will be approximately normally

distributed, even if the individual random variables are not normally distributed.

In this problem, we are summing the outcomes of a large number of independent rolls of a
fair 6-sided die. This means that the central limit theorem can be applied to approximate the
distribution of the sum.

To use the central limit theorem, we first need to compute the mean and standard deviation
of the sum. The mean of the sum is simply the mean of a single roll multiplied by the number
of rolls. Since each roll has a mean of 3.5 (obtained by adding the possible outcomes and
dividing by 6), the mean of the sum is 3.5 * 80 = 280.

The standard deviation of the sum is equal to the standard deviation of a single roll

multiplied by the square root of the number of rolls. Since the standard deviation of a singte

roll is 1.7 (obtained by using the forr ‘S Try again 3ndard deviation of a discrete random

Free Research Preview: ChatGPT is optimized for dialogue. Our goal is to make Al systems more natural to interact with, and your

feedback will help us improve our systems and make them safer.




By the numbers



~ 30 Major Keys

Naive Bayes Assumption:

P(xly) = HP Ti|y)




64 Course Reader Chapters

[ ] [ ] N8 Name to Age X + (v}

<« > C 0 @ chrispiech.github.io/probabilityForComputerScientists/en/examples/name2age/ h % * Ry
U d

TAVAY ULV UV GO0 G VAUVALD VG & WO G Uk

Jury Selection . . ) o )
. . 1. This data only is accurate for names of people in the US. The probability of age given names
Grading Eye Inflamation
Gaussian CDF Calculator

Grades are Not Normal

could be very different in other countries.
2. The US census is not perfect. It does not capture all people who are resident in the US, and

. . . there are demographics which are underrepresented. This will also skew our results.
Curse of Dimensionality

Probability of Baby Delivery

Demo
Part 3: Probabilistic Models
Joint Probability Query Name: | Katherine v
Multinomial
. . 0.020
Continuous Joint
Inference 0.018
Bayesian Networks 0.016
Independence in Variables 0.014
>
Correlation ;‘; 0.012
<
General Inference £ 0010
Worked Examples &
0.008
CS109 Logo
Fairness in AI 0.006
Federalist Paper Authorship 0.004
Name to Age 0.002
Bridge Distribution 0 20 40 60 80 100 120
Tracking in 2D Age

Records with name: 589753

Part 4: Uncertainty Theory
Bt Dbt This demo is based on real data from US Social Security applications between 1914 and 2014. Thank

Adding Random Variables you to https://www.kaggle.com/kaggle/us-baby-names for compiling the data. ‘

Central Limit Theorem

Sampling Names that Give Away Your Age
Bootstrapping

Algorithmic Analysis
Worked Examples

Some names have certain years where they were exceptionally popular. These names provide quite a
lot of information about birth year. Let's look at some of the names with the highest max probability.
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1 New Counter
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