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My Time At Stanford
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Mostly Research!

My PhD is in deep learning for genomics (biology)
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Fantastic Teaching Team

Kelly Cochran Joel Ramirez Isabel Michel

kcochran @ stanford dot edu joelramirez @ alumni dot imichel @ stanford dot edu
Co-Instructor stanford dot edu TA

Co-Instructor



Joel Ramirez

“Machine learning
on my mind”

Bachelors 2021 Symbolic Systems
Masters 2023 Computer Science



Where am | from? Hobbies?

Ay

Fort Worth, Texas Mariachi (Violin)




Where do | live? Do | have Pets?

San Francisco Miso Soup Ube Donut




Joel Ramirez

e-mail: joel101@stanford.edu
phone: 682-331-3934
office: durand 319

Super excited to work with
y'all this quarterl!




[sabel’s Dog!!!




Course mechanics

(this is a light version. Please read the syllabus for
details.)



Most Info Is On The Course Website

- cs109.stanford.edu

Piech & Cain, CS109, Stanford University


cs106b.stanford.edu

Ed: Announcements, Ask Questions, Help Others

ed Cs 109 - Ed Discussion X |+ v © Private browsing
<~ C ® O B https://edstem.org/us/course 4 s > e s © =
Introduction to Probability for C X +. v © Private browsing .
O 8 ://canvas.stanford.edu/course O @ §H ¢ = ed CS 109 - Ed Discussion * ﬁ ‘ K
Stanford = 3 :
it = Su24-C5-109-01 > Syllabus = (# New Thread Cancel New Question Schedule  Post
Q_ Search
& Summer 2074 e . e (? Question E] Post £ Announcement
S HH 1h View Course Stream
— Introduction to Probability for -
> HEE Computer Scientists T BT Ea ey No threads Tite How do | make an Ed post?
> yllabus
Dashboard . ) ; e Be the first to create a thread!
- Ed Discussion 10ty @anniss (Mot ons Category General Lectures Sections Problem Sets Social
=l
i Gradescope > ry: To Do o
Peopl % Paragraph v B I Uooo == FJr]EE 0@ -
eople Details Due Nothing for now
Calendar Library Reserves Hi everyone,
< June 2024 >
@ Zoom % 27 28 29 30 31 1 Can someone explain how | should make a post on Ed? | have a question about the first problem
Inbox on pset 1. | thought | knew how to solve it, but the answer | get doesn't seem right. | was thinking

2 3 4 5 6 7 8
9 10 11 12 13 14 15
16 17 18 19 20 21 22 that.
23 24 25 26 27 28 29
30 1 2 3 4 5 6

Panopto Course

® Videos

I could ask about it on Ed to get help from other students and TAs, but I'm not sure how to do

Do | just type into this box here? | guess it's working so far...

Course assignments are not
weighted. I'm gonna hit the post button now and see what happens

- Edis the best place outside office hours to get unstuck on problems or ask any other questions
- Keep guestions “public” when possible (so other students can answer)

- ...but don’t copy-paste code or give away answers in public posts!
Piech & Cain, CS109, Stanford University



How To Get Help

-~

cs109@cs.stanford.edu

Q&A forum “Working” office hours
All announcements start on Saturday

Kelly and Joel have extra 1-on-1 office hours

Piech & Cain, CS109, Stanford University



Are Lectures Recorded? Yes

Introduction to Probability for C X +

O 8 nt : stanford.edu/courses/19328¢

= Su24-CS-109-01 » Syllabus

Summer 2024
‘ C H 1ls View Course Stream
- Introduction to Probability for s
D |Syl|abus Com pUter Scientists Today f5] View Course Calendar
Dashboard Ed Discussion L) View Course Notifications
:
Come,  Gradescope Course Summary: To Do
People Date Details Due Nothing for now

Library Reserves

< June 2024 >
Zoom

26 27 28 29 30 31 1

Panopto Course 2 3 4 5 6 7 8

= Q

5 ©

<] 2 Le8

x i)
)

Videos 9 10 11 12 13 14 15

History 16 17 18 19 20 21 22

23 24 25 26 27 28 29

@ 30 1 2 3 4 5 6
Help

Course assignments are not
weighted.

BUT you should come to class — you’ll get extra credit for attendance!

Coming to class =2 not falling behind on lectures = finishing homework on time = kicking butt on exams 2> ':

Piech & Cain, CS109, Stanford University



Class Breakdown

40% 5 Problem Sets

20% Midterm
2-hour exam: Tuesday, July 237 7pm

30% Final
3-hour exam, Saturday, August 17t", 3:30pm

: . \
10% Section Participation g4 up by Wednesday:
+3% Lecture Attendance (extra credit)

Piech & Cain, CS109, Stanford University



We Use The Psetapp!

¥\ Pset 1 - Counting for Probability X + ©9 Private browsing
C ® O 8 & https://cs109psets.netlify.app/sum l/dnaturns @ N & =
PS1 DNA Turns 2 Answer Editor @ Solution
a Numeric Answer: Enter your answer < Check Answer
A DNA-turn has 10 base pairs. Each base pair can take on one of Explanation: ®
0 four distinct values, (A, T, G, C). How many distinct DNA-turns of

= Block LaTeX «fx Inline LaTeX & Python @Image
23 length 10 are there?

Here's how | calculated my answer! | used this rule. | took the number 10
2b and the number 4 and...

2C h V‘A' Chromosome 1 \begln{allgned} L
/ 2 ’ 1+2%x374=275
3 et 3 \end{aligned}
- ATGACGGATCAGCCGCAAGCGGAATTGGCGACATAACAAG 1+2%3*=5
TACTG TAGTCGGCGTTCG TTAA GCTGTATTGTT
ba
X Close Block Editor
5b . . .
Figure: An example DNA strand, this one is length 40 (read the
6 top row of letters, the bottom is a matching base pair)
1 # your code here! L
7 2 print(1 + 2 x 3 xx 4)

P Run > Show




We Have a (Super Cool) Course Reader!

® ® e Probability for Computer Scier X -+

C ()} & chrispiech.github.io/probabilityForComputerScientists/en/ % ® i RO ”a

Course Reader for
CS109

®_ search book...

Part 1: Core Probability

Counting

Combinatorics

Definition of Probability

Equally Likely Outcomes

Probability of or

Conditional Probability

Independence

Probability of and

Law of Total Probability

Bayes' Theorem

Log Probabilities

Worked Examples
Enigma Machine
Serendipity

Bacteria Evolution

CS109
Department of Computer Science
Stanford University
December 2020
Vo0.1.04

Many Coin Flips

Part 2: Random Variables
Random Variables
Probability Mass Functions
Expectation

Variance

T Acknowledgements: This book was written based on notes from Chris Piech for Stanford's CS109
Bernoulli Distribution 5 G . : 3 .
< <1 Distributi course, Probability for Computer scientists using examples from Chris and Mehran Sahami. The

inomial Distribution :
) N course was originally designed by Mehran Sahami and followed the Sheldon Ross book Probability
Poisson Distribution % 2 o % e . . :
) N Theory from which we take inspiration. The course has since been taught by Lisa Yan, Jerry Cain
Continuous Distribution . L . . i .
S and David Varodayan and their ideas and feedback have improved this reader. Special thanks to
Normal Distribution

Robert Moss for drafting a PDF version.



Prerequisites

What do you really need?

(&

CS106B/X (important):

* Hash Tables

* Recursion

* Binary Trees

* General programming chops

CS103 (not necessary):

e Set theory

* Math maturity

* Proof techniques, induction (no hard proofs in 109)

Math 51 or CME 100 (important, co-req ok)

* Derivatives, multivariate differentiation

* Integrals, multivariate integration

* Basic familiarity with linear algebra basics (vectors)

)

Assignments include writing Python code

n(thon

Review session this week!

Piech & Cain, CS109, Stanford University



How Many Units Should You Enroll In?

* If you are a Stanford undergraduate: 5 units
* |f you are a Stanford grad student: you can choose 3, 4, or 5
* There is no difference in workload or grading based on units

 |fyouarea : you should be good to go

Stanford’s rule is units x 3 = # hours/week spent on class

* For CS109, this translates to ~10 hours/week on problem sets + exam prep

Piech & Cain, CS109, Stanford University



Let’s start with a story...



Modern Al
or, How we learned to combine
probability and programming



Early AI Optimism in the 1950s

1952 1955

ATP System

(theorem prover)

Yes No

(proof/  Timeout
answer)

Piech & Cain, CS109, Stanford University



Early AI Optimism in the 1950s

“Machines will be capable,
within twenty years, of doing
any work a man can do.”

—Herbert Simon, 1952

Piech & Cain, CS109, Stanford University



Underwhelming Results: 1950s to 1980s

s The spirit is willing, but the flesh is weak. h

I transilate into Russian

CnnpT XOopoLWmnin, HO MACO BOAAHUCTLIWN.

I transiate back into English

The alcohol is good, but the meat is watery.
N\ ° Y

Early Al research underestimated the complexity of the world

Piech & Cain, CS109, Stanford University
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Fast forward...



Big Milestones Part 1

1997 Deep Blue

2005 Stanley

2011 Watson

Piech & Cain, CS109, Stanford University



The last remaining board game: Go

Piech & Cain, CS109, Stanford University



Scientific Advances: Protein Structure
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Day-to-Day Algorithms

o0 9 2600 Columbia Stto Mexico C X =+ M
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Google Translate a

English Ukrainian
) ENGLISH X

Please translate this into Ukrainian.
Thank you

® a5

Camera Conversation Transcribe

UKRAINIAN

Byob nacka, nepeBepitb Le
YKpPaiHCbKOI MOBOO. [aKyio

Bud' laska, perevedit' tse ukrayins'koyu...

) © M 10
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And then came ChatGPT



Al that can parrot human language

On the Dangers of Stochastic Parrots: Can
Language Models Be Too Big?

Authors: Emily M. Bender, Timnit Gebru, Angelina McMillan-

Major, and Shmargaret Shmitchell Authors Info & Claims

FAccT '21: Proceedings of the 2021 ACM Conference on Fairness,
Accountability, and Transparency
March 2021 « Pages 610 - 623 < https://doi.org/10.1145/3442188.3445922

Piech & Cain, CS109, Stanford University



Enter the LLM scaling race

BAAI (China)
WubDao 2.0

OpenAl (USA) Naver (South Korea)
GPT-3 HyperCLOVA

Microsoft (USA)

jan mar may

Megatron-Turing NLG

1< | ‘fl' D o o . & o () d“ .*.(' D

Peng Cheng Laboratory and Baidu
PCL-BAIDU Wenxin

Facebook Al Research (USA)
FLAVA

mar may J

Beijing Academy of Artificial Intelligence (BAAI) - Al21 Labs (Israel)
Chinese Pre-trained Language Model Jurrasic-1

Huawei (China)
Pangu-a

2022

&

Microsoft (USA]
Florence

Deepmind (UK)
Gopher

Piech & Cain, CS109, Stanford University



Al-Generated Art

T— T
gyt g

-

Dalle2. Prompt “a large lecture class at stanford learning probability for computer scientists in the style of vangough”
Piech & Cain, CS109, Stanford University



Genrative Al For Images

1503.03585v8 [cs.LG] 18 Nov 2015

arXiv

Deep Unsupervised Learning using
Nonequilibrium Thermodynamics

Jascha Sohl-Dickstein
Stanford University

Eric A. Weiss
University of California, Berkeley

Niru Maheswaranathan
Stanford University

Surya Ganguli
Stanford University

Abstract

A central problem in machine learning involves
modeling complex data-sets using highly flexi-
ble families of probability distributions in which
learning, sampling, inference, and evaluation
are still analytically or computationally tractable.
Here, we develop an approach that simultane-
ously achieves both flexibility and tractability.
The essential idea, inspired by non-equilibrium
statistical physics, is to systematically and slowly
destroy structure in a data distribution through
an iterative forward diffusion process. We then
learn a reverse diffusion process that restores
structure in data, yielding a highly flexible and
tractable generative model of the data. This ap-
proach allows us to rapidly learn, sample from,
and evaluate probabilities in deep generative
models with thousands of layers or time steps,
as well as to compute conditional and posterior
probabilities under the learned model. We addi-
tionally release an open source reference imple-
mentation of the algorithm.

1. Introduction

Historically, probabilistic models suffer from a tradeoff be-
tween two conflicting objectives: tractability and flexibil-
ity. Models that are tractable can be analytically evaluated
and easily fit to data (e.g. a Gaussian or Laplace). However,

Proceedings of the 32™¢ Inter I Confe e on Machi
Learnine. Lille. France. 2015. IML.R: W&CP volume 37. Conv-

JASCHA @ STANFORD.EDU
EAWEISS @ BERKELEY.EDU
NIRUM @ STANFORD.EDU

SGANGULI@STANFORD.EDU

these models are unable to aptly describe structure in rich
datasets. On the other hand, models that are flexible can be
molded to fit structure in arbitrary data. For example, we
can define models in terms of any (non-negative) function
¢(x) yielding the flexible distribution p (x) = %, where
Z is a normalization constant. However, computing this
normalization constant is generally intractable. Evaluating,
training, or drawing samples from such flexible models typ-
ically requires a very expensive Monte Carlo process.

A variety of analytic approximations exist which amelio-
rate, but do not remove, this tradeoff—for instance mean
field theory and its expansions (T, 1982; Tanaka, 1998),
variational Bayes (Jordan et al., 1999), contrastive diver-
gence (Welling & Hinton, 2002; Hinton, 2002), minimum
probability flow (Sohl-Dickstein et al., 2011b;a), minimum
KL contraction (Lyu, 2011), proper scoring rules (Gneit-
ing & Raftery, 2007; Parry et al., 2012), score matching
(Hyvérinen, 2005), pseudolikelihood (Besag, 1975), loopy
belief propagation (Murphy et al., 1999), and many, many
more. Non-parametric methods (Gershman & Blei, 2012)
can also be very effective!.

1.1. Diffusion probabilistic models

‘We present a novel way to define probabilistic models that
allows:

1. extreme flexibility in model structure,
2. exact sampling,
'Non-parametric methods can be seen as transitioning

smoothly between tractable and flexible models. For instance,
a non-parametric Gaussian mixture model will represent a small

q (x(o...T)) of

2 0
2 ;

P (x(o...T)) ot
s 0

I i
t= 2
2
i "
e 'l:
of 3
L <«
e :\“?
= 0
2 .
(V]S
w23 0
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0
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Where did all this tech come from?



Focus on one problem



Computer Vision

Chihuahua or muffin?

48
Piech & Cain, CS109, Stanford University



Can you do it?



Chihuahua or Muttin?

Piech & Cain, CS109, Stanford University



Chihuahua or Muttin?

Piech & Cain, CS109, Stanford University



Chihuahua or Muttin?

What a computer sees
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Chihuahua or Muttin?

About 30% of your cortex is used for vision,
while only 3% is used to process hearing
Piech & Cain, CS109, Stanford University



This Reasoning Is Hard To Write As Code

or muffin(lis:

def classify_chihuahua
# TODO...
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How does modern machine learning solve this?



Two Great Ideas

1. Artificial Neurons

2. Learn by Example



Two Great Ideas

1. Artificial Neurons

2. Learn by Example




1. Artificial Neurons

Piech & Cain, CSTN £




Neuron

" Decndrites

Piech & Cain, CS109, Stanford University



Neuron

/ " >Dendrites
‘ =
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Neuron

“Decndrites

Termiral bult-:~n—?g\\
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Neuron

“Decndrites

Myeln
sheath

\ Termiral bult-:~n—?g\\
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Some Inputs are More Important

“Decndrites

Termiral buiton-ﬁk\

Piech & Cain, CS109, Stanford University



Artificial Neuron

. T Dcndrites

Piech & Cain, CS109, Stanford University



Artificial Neurons Have Inputs

001010100011 101

10011000101 1110

101001001001111

000O0OOOOOOTI11110 01

0011101011000 10

Piech & Cain, CS109, Stanford University



Different Inputs - Different Outputs

Piech & Cain, CS109, Stanford University



Different Weights - Different Outputs

Piech & Cain, CS109, Stanford University



Different Weights - Different Outputs

Piech & Cain, CS109, Stanford University



Computing A Weighted Sum Of Inputs

double weightedSum = 0;
weightedSum += input@ *x weight0;
weightedSum += inputl *x weightl;
weightedSum += input2 *x weight2;
weightedSum += input3 *x weight3;

Piech & Cain, CS109, Stanford University



Filter and Output

A squashing function at the end
converts this weighted sum into a
probability prediction

Piech & Cain, CS109, Stanford University



What If We Put Many Together?

\ g
o \
(o—/ -lrlr—% ﬁ &
fo—/—lrlr-/
0 _

Piech & Cain, CS109, Stanford University



What If We Put Many Together?

Input Neurons

)
@&

D

&x )

Hidden Neurons

Output Neurons

Piech & Cain, CS109, Stanford University



Making a Prediction

Input Neurons Hidden Neurons Output Neurons
T
@
O
O O
O O
O O
O O | —y
ol —]s|— Lo
O O
O O
: O
O Y
O
O
__
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Making a Prediction

Hidden Neurons Output Neurons

Input Neurons
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Making a Prediction

Hidden Neurons Output Neurons

Input Neurons
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Making a Prediction

Hidden Neurons Output Neurons

Input Neurons

I think that is
a picture of a
chihuahua!
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Demonstration

Draw your number here

V 4
M
Downsampled drawing: @

Firstguess:@ — -

Second guess: -

Layer visibility

Input layer

Convolution layer 1
Downsampling layer 1
Convolution layer 2

Downsampling layer 2

https://web.archive.org/web/20211117115916/https://www.cs.ryerson.ca/~aharley/vis/conv/
Piech & Cain, CS109, Stanford University




Where do Artificial Neural
Networks get their
intelligence from?



Intelligence Is In The Weights

Neural Networks get their
intelligence from their sliders
(parameters).

Piech & Cain, CS109, Stanford University



Two Great Ideas

1. Artificial Neurons

2. Learn by Example




Two Great Ideas

1. Artificial Neurons

2. Learn by Example




Learn by Example
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Learn by Example

O )

I
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Learn by Example

——

R

Here is an example
for the neuron to
train on.

i

Piech & Cain, CS109, Stanford University



Learn by Example

— !
1l

Here is an example
for the neuron to
train on.

Piech & Cain, CS109, Stanford University



Learn by Example

I think that is a
picture of a One!

@ (P Wehoo I got
it right!

Here is an example
for the neuron to
train on.

Piech & Cain, CS109, Stanford University



Learn by Example

Here is another
training example.

Piech & Cain, CS109, Stanford University



Learn by Example

O )

i I think that is a
C’_ L picture of a One!
&)
@)

Here is another
training example.

Piech & Cain, CS109, Stanford University



Learn by Example

I think that is a
picture of a One!

-
;i
=

p

ﬂ

\

C’ What do you

mean it's
actually a Zero?

Here is another

training example. Lll adjust my

sliders so that I do
a better job in the
future

Piech & Cain, CS109, Stanford University



Here is another
training example.

Learn by Example

I think that is a
picture of a One!

P(one) = 0.8

C’ What do you

mean it's
actually a Zero?

Loss =1

I'll adjust my
sliders so that I do
a better job in the
future

O Loss

0 Slider;
Piech & Cain, CS109, Stanford University




Neurons Learn via Gradients

0“‘ T

NS
: \\\ L '//// T
“Q “\\}' % ‘\\ //1,”0:0:$‘

LR \\\

Walk uphill and you will find a local maxima
(if your step size is small enough)

Piech & Cain, CS109, Stanford University



Neurons Learn via Gradients of Probability
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You will be able to do this by the end of class!



Al has constantly been revolutionized by people
who understood probability theory.



End of Story



Except it isn’t the end of the story...



Probability is WAY more than just machine learning
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Let X = number of earthquakes next year

X ~ Poi(2.79)

The expected probability mass function
for the major earthquake given its
mean rate = 2.79 events per year

Number of earthquakes (x)
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Recommender Systems
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Probability: Most Desired Skill in Academia?

Most CS PhD students list their highest desiderata upon
graduation as:

“Better understanding of probability”

Piech & Cain, CS109, Stanford University



Philosophy & Ethics of Modern Al Needs You

" :

Piech & Cain, CS109, Stanford University



Solving Real Problems in CS109

You decide that the vision tests given by eye doctors could have more precise results if we used an approach
inspired by logistic regression. In a vision test a user looks at a letter with a particular font size and either
correctly guesses the letter or incorrectly guesses the letter.

You assume that the probability that a particular patient is able to guess a letter correctly is:
p=o0(6—f)
Where 6 is the user’s vision score and f is the font size of the letter.

Explain how you could estimate a user’s vision score (0) based on their 20 responses (f(l ),y )) s (f(zo) ,y(20) Js
where y(’) is an indicator variable for whether the user correctly identified the ith letter and f () is the font
size of the ith letter. Solve for any and all partial derivatives required by your answer.

Patient sees a series of
letters of different font
size, and for each, answers
correct or incorrect

Piech & Cain, CS109, Stanford University



Solving Real Problems in CS109

A patient has answered 20 “letter sizes” and got a few
correct. What is your belief in how well they can see?

Likelihood of Acuity Scores:

).16 | < likelihood
.12
).08-
).04-
0 —r- 1 | '
08 -04 0 0.4 1.2
Acuity (logMAR)

Piech & Cain, CS109, Stanford University



Solving Real Problems in CSio

The Stanford Acuity Test: A Precise Vision Test Using
Bayesian Techniques and a Discovery in Human Visual Response

Chris Piech,*! Ali Malik,*! Laura M Scott, Robert T Chang,? Charles Lin?
!Department of Computer Science, Stanford University
2 Department of Ophthalmology, Stanford University
{piech, malikali } @cs.stanford.edu, {rchang3, lincc}@stanford.edu

Abstract

Chart-based visual acuity measurements are used by billions
of people to diagnose and guide treatment of vision impair-
ment. However, the ubiquitous eye exam has no mechanism
for reasoning about uncertainty and as such, suffers from a
well-documented reproducibility problem. In this paper we
make two core contributions. First, we uncover a new para-
metric probabilistic model of visual acuity response based
on detailed measurements of patients with eye disease. Then,
we present an adaptive, digital eye exam using modern artifi-
cial intelligence techniques which substantially reduces acu-
ity exam error over existing approaches, while also introduc-
ing the novel ability to model its own uncertainty and incor-
porate prior beliefs. Using standard evaluation metrics, we
estimate a 74% reduction in prediction error compared to the
ubiquitous chart-based eye exam and up to 67% reduction
compared to the previous best digital exam. For patients with
eye disease, the novel ability to finely measure acuity from
home could be a crucial part in early diagnosis. We provide a
web implementation of our algorithm for anyone in the world
to use. The insights in this paper also provide interesting im-
plications for the field of psychometric Item Response The-
ory.

1 Introduction
Reliably measuring a person’s visual ability is an essential
component in the detection and treatment of eye diseases
around the world. However, quantifying how well an indi-
vidual can distinguish visual information is a surprisingly
difficult task—without invasive techniques, physicians rely
on chart-based eye exams where patients are asked visual
questions and their responses observed.

Historically, vision has been evaluated by measuring a pa-
tient’s visual acuity: a measure of the font size at which a
pa[iem can correctlv identifv letters shown a fixed distance
away. Snellen,
this statistic by
asking the patie
dentify the size
ters correct. Thi

treatment of patients; yet, it suffers from some notable short-
comings. Acuity exams such as these exhibit high variance
in their results due to the large role that chance plays in the
final diagnosis, and the approximation error incurred by the
need to discretise letter sizes on a chart. On the other hand,
digital exams can show letter of any size and can adaptively
make decisions based on intelligent probabilistic models. As
such they have potential to address the shortcomings of ana-
log charts.

While promising, contemporary digital exams have yet to
dramatically improve accuracy over traditional chart-based
approaches. The current best digital exam uses a psychomet-
ric Item Response Theory (IRT) algorithm for both selecting
the next letter size to query and for making a final prediction
of acuity. Under simulation analysis, this digital exam results
in a 19% reduction in error over traditional chart-based ap-
proaches. The separate fields of reinforcement learning and
psychometric IRT have independently explored how to ef-
fectively make decisions under uncertainty. By merging the
good ideas from both disciplines we can develop a much
better visual acuity test.

In this paper we make two main contributions. First, we
revisit the human Visual Response Function—a function re-
lating the size of a letter to the probability of a person iden-
tifying it correctly—and discover that it follows an inter-
pretable parametric form that fits real patient data. Second,
we present an algorithm to measure a person’s acuity which
uses several Bayesian techniques common in modern artifi-
cial intelligence. The algorithm, called the Stanford Acuity
Test (StACT)', has the following novel features:

1. Uses the new parametric form of the human Visual Re-
sponse Function.

2. Returns a soft inference prediction of the patient’s acuity,

o “ -onfidence in the final

1g algorithm to adap-
wn to a user. This ef-
: acuity belief.

*"Equal contrit _T, was named after
Copyright © 202/ ed. We continue in this
Intelligence (wwy

® 0@ @ visionTest x  +
&« C {} & myeyes.ai/measure * ¢ s E O 3
Left Eye StAT Algorithm
N done: 3

Curr size: 11.7 arcmin
Curr size: 1.1 logMAR

MAP acuity: 2.5 arcmin
MAP acuity: 0.4 logMAR

Interval: [1.3, 12.6] arcmins

Likelihood of Acuity Scores:
).16 likelihood

)12
.08+

).04

0 4
-0.8 4 0 0.4
Acuity (logMAR)
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Now state of the art for eye exam theory
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What is on a typical exam?

Algorithmic Art

Lucky Events

Supply Chain Decision Making
P-Hacking

Chess.com Puzzle Ability

ML Calibration

oOuUeEWwNPE

https://chrispiech.github.io/prob
abilityForComputerScientists/en
/examples/algorithmic art/

Ly e el
(el radid ee*®

Piech & Cain, CS109, Stanford University


https://chrispiech.github.io/probabilityForComputerScientists/en/examples/algorithmic_art/
https://chrispiech.github.io/probabilityForComputerScientists/en/examples/algorithmic_art/

Probability is particularly fun
because it is often not intuitive



Intuition and Probability: Frenemies

A patient has a

positive Zika test.
What is the probability they have zika?

* 0.8% of people have zika
» Test has 90% positive rate for people with zika
» Test has 7% positive rate for people without zika

The right answer 1s 9%

Piech & Cain, CS109, Stanford University



CS109 View of Probability

Teach you how to write programs
to solve probability problems
that most people are not able to write.

AND

Teach you the theory you need to do the math
that most people are not able to do.
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Goal: Count Outcomes of Experiments

* Experiment: any situation where what’s going to happen is uncertain

* Outcome: one possible thing that could happen

> Outcome

Experiments have sets of outcomes, containing groups of things that could possibly happen.

Step 1 of doing probability: counting the number of possible outcomes.

Piech & Cain, CS109, Stanford University



Events: Interesting Subsets of Outcomes

* Event: some subset of all possible outcomes that we care about

This is the entire
sample space: all
possible outcomes

—= Here is one event

Piech & Cain, CS109, Stanford University



Example Outcomes

Piech & Cain, CS109, Stanford University



Example Outcomes
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Example Outcomes

oll even

Piech & Cain, CS109, Stanford University



Example Outcomes

j\> 3 {2,4,6)

Roll even
IUGG
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Example Outcomes

j‘> 3 {2,4,6)

oll even
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Tip #1: start by imagining one outcome



Example Outcomes
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Tip #2: Think about a generative story...



Step/Product Rule of Counting

Two-step experiment

A— B —»

~

* If an experiment has two steps, where

* Step 1’s outcomes make up Set A, where |4| = m,
and Step 2’s outcomes make up Set B, where |B| = n,

e and |B] is unaffected by the outcome of Step 1,

* Then the number of outcomes of the experiment is
|A||B| = mn.

\_ /

Piech & Cain, CS109, Stanford University




How Many Unique Images?

Each pixel can be one of 17 million distinct colors

= aEEnm n | ) |
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(a) 12 million pixels (b) 300 pixels (c) 12 pixels

Piech & Cain, CS109, Stanford University



The First Lecture Concept Check

®  ® 1 Lecture1- WelcometoCS109 x  [&] Cs109 | WelcometoCS109  x  + v

¢
]
¥
[«
o
@

« > C 0 A Not Secure | web.stanford.edu/class/cs109/lectures/1-Welcome/ [ *¢

Lecture 1: Welcome to CS109

SEPT 27TH, 2023
HEWLETT 200, 3:30P

Slides PDF Lecture Questions

Learning Goals

You should feel welcomed to CS109 and have an idea of why probability is exciting to learn. Then we
will jump into content. By the end of class you should know the fundamentals of counting, especially
the step rule (aka product rule) and the "or" rule (aka inclussion/exclusion).

Reading

Syllabus, Counting




How Many Unique Images?

Each pixel can be one of 17 million distinct colors

m
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(a) 12 million pixels (b) 300 pixels (c) 12 pixels
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(17 million)”
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How Many Ways To Cook Eggs?

Question: Eggs can be boiled, fried, scrambled, or poached. There are 3 ways to boil
eggs, 4 ways to fry eggs, 2 ways to scramble eggs, and one way to poach eggs. How
many total egg-cooking options are there?




The “Or” Rule, Part 1

One experiment
< i
B

‘. If the outcome of an experiment can be either from

e Set 4, where |A| = m,
* or Set B, where |B| = n,
* where AN B = @ (no overlap)
* Then the number of outcomes of the experiment is

e |Al + [B| = m + n.
o clal+1BI )

Piech & Cain, CS109, Stanford University




How Many Ways To Cook Eggs?

Question: Eggs can be boiled, fried, scrambled, or poached. There are 3 ways to boil
eggs, 4 ways to fry eggs, 2 ways to scramble eggs, and one way to poach eggs. How
many total egg-cooking options are there?




How Many Ways To Cook Eggs?

Question: Eggs can be boiled, fried, scrambled, or poached. There are 3 ways to boil
eggs, 4 ways to fry eggs, 2 ways to scramble eggs, and one way to poach eggs. How
many total egg-cooking options are there?

Answer: 3 +4+2+1



How Many Bit Strings?

4 )
Problem: A 6-bit string (made of 1s

and 0s) 1s sent over a network. The

valid set of strings recognized by the
receiver must either start with "01" or
end with "10". How many such strings
are there?

Piech & Cain, CS109, Stanford University



How Many Bit Strings?

p
Problem: A 6-bit string (made of 1s
and 0s) 1s sent over a network. The
valid set of strings recognized by the
receiver must either start with "01" or
end with "10". How many such strings
are there?

~

010000
010001
010010
010011
010100
010101
010110
010111
011000
011001
011010
011011
011100
011101
011110
011111

Set 4

000010
000110
001010
001110
010010
010110
011010
011110
100010
100110
101010
101110
110010
110110
111010
111110

Set B

Piech & Cain, CS109, Stanford University



How Many Bit Strings?

p
Problem: A 6-bit string (made of 1s
and 0s) 1s sent over a network. The
valid set of strings recognized by the
receiver must either start with "01" or
end with "10". How many such strings
are there?

~

24 start with 01

010000
010001
010010
010011
010100
010101
010110
010111
011000
011001
011010
011011
011100
011101
011110
011111

Set 4

24 end with 10

000010
000110
001010
001110
010010
010110
011010
011110
100010
100110
101010
101110
110010
110110
111010
111110

Set B
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How Many Bit Strings?

p
Problem: A 6-bit string (made of 1s
and 0s) 1s sent over a network. The
valid set of strings recognized by the
receiver must either start with "01" or
end with "10". How many such strings
are there?

~

24 start with 01

010000
010001
010010
010011
010100
010101
010110
010111
011000
011001
011010
011011
011100
011101
011110
011111

Set 4

24 end with 10

000010
000110
001010
001110
010010
010110
011010
011110
100010
100110
101010
101110
110010
110110
111010
111110

Set B
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How Many Bit Strings?

-

Problem: A 6-bit string (made of 1s
and 0s) 1s sent over a network. The
valid set of strings recognized by the
receiver must either start with "01" or
end with "10". How many such strings
are there?

~

)

Answer

N = |A| + |B| — |A and B|
=16+ 16 — 4
= 28

24 start with 01

010000
010001
010010
010011
010100
010101
010110
010111
011000
011001
011010
011011
011100
011101
011110
011111

Set 4

24 end with 10

000010
000110
001010
001110
010010
010110
011010
011110
100010
100110
101010
101110
110010
110110
111010
111110

Set B
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The “Or” Rule (aka Inclusion/Exclusion)

One experiment

<

4 . . N
* If the outcome of an experiment can be either from

* Set 4, where |A| = m,
e or Set B, where |B| = n,
* where A N B might not be empty,

* Then the number of outcomes of the experiment is
* N=|A| + |B| — |[A N B|.

o /
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The Core Counting Rules

Counting with steps

Definition: Step Rule of Counting (aka Product Rule of Counting)

If an experiment has two parts, where the first part can result in one of m outcomes and the

second part can result in one of n outcomes regardless of the outcome of the first part, then the
total number of outcomes for the experiment is m - n.

Counting with “or”

Definition: Inclusion Exclusion Counting

If the outcome of an experiment can either be drawn from set A or set B, and sets A and B may

potentially overlap (i.e., it is not the case that A and B are mutually exclusive), then the number
of outcomes of the experiment is |Aor B| = |A| + |B| — |Aand Bj.

Piech & Cain, CS109, Stanford University



Challenge Problem

How many different orderings of letters are possible for the
string BOBA?

BOBA, ABOB, OBBA...

Piech & Cain, CS109, Stanford University



Have fun pondering!



