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Counting Rules

Counting operations on n objects

/ \

Sort (order matters)

(perms) Choose k Put in r buckets
\ (combinations) / \
: / Some Disiinct Distinct None
Distnct. ictinet Distinct

' n! (") = n! | P (n+r —1)!
n: ni'na!. .. k ki(n — k)! n!(r — 1)!




Counting

Joey Waddie



Counting
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What is a Probability?

n(k)

n—>0 n

P(E) =




Sources of Probability

— % W
|. Experimentation

o g

3. Analytic Solution 4. Expert Opinion




IMAGINE. THAT YOURE DRAWING
AT RANOOM FROM AN URN
CONTAINING FFTEEN BALLS —
SIX RED AND NINE BLACK.

OK. TREACH IN AND...
... MY GRANDFATHERS
ASHESZ!? OH GOD!

T...WHAT? )

WHY LoD YoU
L0 THIS MEZ!?




hird Class with Coding!




Target Revisited

Hit: «59

Thrown: 309

09

309

= ().191

Screen size = 800x800
Radius of target = 200

The dart 1s equally likely
to land anywhere on the
screen.

What 1s the probability of

hitting the target?
S| = 8007
|E| = 7200°
7 - 2002

F) = ~ (0.1963
PLE) = —5002 o



Sending Bit Strings

« Bit string with m O’s and n 1's sent on network
= All distinct arrangements of bits equally likely
» E = first bit received is a 1
* F = k of first r bits received are 1's P(E|F)?

. -
'

Alisha Sophia  Jun-Hyu

Nancy

*Think of the bits as distinct so that all outcomes are equall o



Everything in the world is either

a potato or not a potato.

P(X) + P(X%) =1



WHEN YOU MEET YOUR BEST FRIEND

Somewhere you didn't expect to.
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Trailing the dovetail shuffle to it’s lair — Persi Diaconosis




Netflix and Learn

What is the probability
that a user will watch
Life is Beautiful?

P(L)

P(E) = lim n(E) ~ #people who watched movie

n—oc N #people on Netflix

P(E)=10,234.231 /50,923,123 = 0.20




Let’'s Make a Deadl

« Game show with 3 doors: A, B, and C

* Behind one door is prize (equally likely to be any door)
* Behind other two doors is nothing

* We choose a door

* Then host opens 1 of other 2 doors, revealing nothing
* We are given option to change to other door

« Should we?
* Note: If we don’t switch, P(win) = 1/3 (random)




Third Ever Sections




Third Ever Sections

I'm not a robot




LZika 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 is 1%




Bayes Theorem Intuition
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Update Belief

1) P(L>)

—

Before Observation

Chase ATM oy




Recall our Ebola Bats




Discovered Pattern

These genes

PAGs) = 00 don’timpact T
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P(Y = k)

This is a function

For example Y is the number of heads in 5 coin flips



Fundamental Properties

Semantic
Meaning (X =x)

Random

Vanable

E[X?]



Expectation

E[X + Y] = E[X] + E[Y]

n

Generalized: E[Z X,} => E[X,]
1=1 =1

Holds regardless of dependency between X;'s



St Petersburg

- Game set-up

« We have a fair coin (come up “heads” with p = 0.5)
« Let n = number of coin flips ("heads”) before first “tails”
« You win $2”

.- How much would you pay to play?

rucaa TOEEDP.



X 1s the score a peer grader gives to an assignment submission

True grade

P(X=x)

R e |
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Binomial







Poisson
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Geometric

Sequence 1:

TTHHTHTTHTTTHTTTHTTTHTTHTHHTE
HTTHHTTHHHTHHTHTTHTHT THHTHHH']
HTHHTHHHTHTHTTHTTHHTHTHTHT THE
TTHHTHTTHTHTHTHTHTHTHHHTHTHTF
TTHHTHTHTHTHHHTTHHTHTTTHTHHTE



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.



1906 Earthqual
Magnitude 7.8
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Bit Coin Mining

You “mine a bitcoin™ if, for given data ), you find a number N
such that Hash(/), 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?







random( ) ?
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Riding the Marguerite
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Bus armives (0 mins aftos 2:00pm

$ 81 15

M)

Prodablay Mass

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)?

Descretize snto 2.5 man chusk s The limin ot discretazation size = 0
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Integrals

g/

@ d0

*loving, not scary



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

A probability!



Probability Density

Climate Sensitivity
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Probability Density Function
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Simplicity is Humble
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* A Gaussian maximizes entropy for a given mean and variance



PDF and CDF of a Normal

.0°)

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
requured to pass before moving on in school

See i you can guess the minimum score to pass the tesl

2.1 Poziom podstawony

<04 68 _‘QJ.

Wykres 1. Rozklad wynikdow na panomme podstawonym

w1 2111 1.9 T T lfanother casa-ol Leach




Will the Warriors Win?

| aAs
hat the Warriors beat the Blazers?

g

What is the probability t
How do you model zero sum games?

B 955 \




ELO Ratings

How it works:

« Each team has an "ELO" score S, calculated
based on their past performance.

« Each game, the team has ability 4 ~ N(S§, 200?)

« The team with the higher sampled ability wins.

Ap ~ N(1555, 200%) Aw ~ N(1797,200%)
A o -, -~ . ’ ’ -~ \\
Q, y: ¥ 5
’ A= >
1555 1797 ability



&

Joint Distributions




Joint Distributions

Go to this URL.: https://goo.gl/Jh3Eu4




Probability

Joint Probability Table

Shared
Roommates 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

o
w

Probability

o
-

m il

Roommates 2RoomDbl Shared Partner Single Frosh Soph Junior Senior 54

o




Algorithmic Fairness

— - l
- -
s
D=0 D=1
G=0 G=1 G=0 G=1

0 021 032 0.01 0.01
1

T
T 007 028 0.02 0.08

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

|



Joint Dart Distribution

Dart Probability Density Dart Results
900

0 900



Joint Dart Distribution

N

t Results  P(hit within R pixels of center)?
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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!

Free =2 :
- — ,)- ') -) -)
P ( Risk = 1 |~;pauu) — Do DE Pi
. o e viagrat'free * * * Ffor
Credit-card: 2 212! ... 2!

For=2 Y
The probability of a word in
spam email being viagra

Probability of seeing
this document | spam







Midterm (part 1)

AN (114
L)< DIYCARE

9 \
~




20,000 4

15,000 4

10,000 4

5,000

Midterm (part 2)

Examples of the Logit-Normal Distribution

Birth years of American girls named Lauren

u=0 0=05
n=1 0=05
|

— u=25,0=05

0

1940

1920

1930

1950

1960

1970

1980

1990 2000 2

1900 1910
The median iving girl named Lauren was born arcund 1992 and ranges from 16 to 29 years old.




Midterm Distribution

X ~ LogitNorm(y = 1.3,0% = 1.1)

W Midterm Histogram

— LogitNorm
FE[X]=289.5
Std(X) =19.5
F1(0.5) = 92.0
P(Perfect) = 0.009

Q \Q %Q %Q N °>Q (QQ /\Q QOQ QQ\QQ\\Q\%Q
Midterm Score bucket (m)
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Biometric Keystroke

Hold - Time
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Mystery: Why is Binomial Normal?



Mystery: Why is the sum of |ID uniforms
normal?



Mystery: Why is the mean of
lID vars normal?



C.L.T. Explains This

j

Mean of
samples
of size 15

Mean of
samples
of size 15




P(X = x)

0.07
0.06
0.05
0.04
0.03
0.02
0.01
0.00

70

€.

80

L.T. Explains This

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

90 100 110 120 130 140

Piech, CS106A, Stanford University

150




C.L.T. Explains This

Problem set 5: What is the sum of IID uniforms?

01

0128

01

ocas

RNV MBNMNITENONQOLDUBMSBOTU SN Y R SYSMY S Y B SR

Piech, CS106A, Stanford University




Machine Learning Example

- You want to know the true mean and variance of
happiness in Buthan

« But you can’t ask everyone.
« Randomly sample 200 people.
« Your data looks like this:

Happiness = {72, 85, 79, 91,68, ... , 71}

« The mean of all of those numbers is 83. Is that the true
average happiness of Bhutanese people?



Population



Sample



Collect one (or more) numbers from each person



Bootstrap




Universal Sample

Bhutan PMF
Nepal PMF

Probability

Universal PMF

Probability




Peer Grading on Coursera
HCI.

31,067 peer grades for
3,607 students.



A/B Testing

23%
O
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Thompson Sampling
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General “Inference”

— WebMD —
HEALIH



General “Inference”

tom Checker s

SYMPTOMS QUESTION NDITION % EATMENT

AGE 0 GENDER Male
Add more symptoms

NY SYMPTOMS
cough > theoat Frtstion
sneezing >
or Choose common symptoms
bloating cough diarrhea dizziness fatigue
fever headache muscle cramp nausea
throat irritation Results Strength: MODERATE

Z - ovaos E——— |




Lots of Random Vars?

@

Sore Throat




Bayes Nefs!

é
5 \
& Exposure |
7 Probability of
ol = disease depends
on risk factors
“; 1
5 Cold
F:
Q
ra— e — Probability of
symptoms
depends on
disease
Xl xl()
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Alg #1: Joint Sampling

wobMd — -bash — 38x22

[0, 9, 0, 0]
P (0, 1, 0, 1]
ES LVVVVY (1, 0, 1, 0] '
(1 1y s T Each one of these is
[0, 1, 0, 1] one posterior sample:
(6, 1, 0, 0]
[0, 0, 0, 0]
[0 4: 1;: 1]
(6, 1, @, @]
(0, 1, 0, 1]
[0, 1, 0, 0]
def main(): (6, 1, @, 1] [Flu, Ugrad, Fever, Tired]
[0, 1, 0, 1]
obs getObser iRy as
R (1, 1, 1, 1]
[0, 0, 0, 0]
(0, 0, 0, 0]
samples samp [ZTETETES
prob = probF LuCQL Y-y

' Observatlon = [None, None, None, 1]
PI"(FlU) Pr(Flu | Obs) = 0.140635888502

> |




Alg #2: MCMC

1] MCMC is a way to sample
with conditioned variables

o
—

£l , 101.0, 1] .

(1. 0 101.0. 0] fixed
[1, , 101.0, 1]

(1 o 101.0. 1]

[1, i 1010, T]

(1, ¢ AL

Each one of these is

(S RN ROV OV B O B A A A A A A A RO A A B AN)
=
e

i1, 1, 181. ' 1% one joint sample:
. I

[1: 1; 491:0; 11

1 1; '101:0; 1]

1, 1, 191:.0; 1l

[1, 0, 101.0, 1] [Flu, Undergrad, Fever, Tired]
11, 1y 201.9; %Ll

[1 101.0, 1]

™
=
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Towards Machine Learning

Neural Networks

Ea) ("
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MLE: Likelihood of Data

Likelihood of Data from a Normal

1CCESS -~

Nb Peints
12| A

909 % Mask connect




0.30

(.25

0.20

0.15

P!Uh.l"i“l_\ Mass

010 L

0.05

0 .00

0

S5

10

Gumbel Fit

1S 20 25

= Data Histogram

& Gumbel Fit

) 35 40 45 SO 55 60 65 70 75 80 85 9% 95

Max Similanty Score



MAP: Most Probable Parameter

So good to see
you again!




Machine Learning

Ancestry

l'- '
N
ey
vav/

Netflix

NETELIX




Logistic Regression




Deep Learning

Layer x

[ ofer” --ooooOO‘O']

Layer h

[Pr—

h}' = (

Layer y

LL(#) = ylogy
+ (1 —y)log[1 — 9]

— (]

.,

=0

L),
e - ()
Yy =0 E h.l 0,)
1=0

(h)
E X,H‘;“, )



By the numbers



~609 Fruit




~ 30 Major Keys

Naive Bayes Assumption:

9
P(x[y) = HP zi|y)



1 C;ontest




Thomas Bayes

- Rev. Thomas Bayes (1702 -1761) was a British

mathematician and Presbyterian minister

- He looked remarkably similar to Charlie Sheen

« But that's not important right now...



Jacob Bernoulli

- Jacob Bernoulli (1654-1705), also known as
“James”, was a Swiss mathematician

- One of many mathematicians in Bernoulli family

- The Bernoulli Random Variable is named for him

. He is my academic great'?>-grandfather

- Same eyes as Ice Cube



Simeon-Denis Poisson

- Simeon-Denis Poisson (1781-1840) was a prolific
French mathematician

- Published his first paper at 18, became professor
at 21, and published over 300 papers in his life

« He reportedly said “Life is good for only two things,
discovering mathematics and teaching mathematics.”

+ I'm going with French Martin Freeman



Carl Friedrich Gauss

 Carl Friedrich Gauss (1777-1855) was a
remarkably influential German mathematucnan

. Started doing groundbreaking math as teenager
= Did not invent Normal distribution, but popularized it

- He looked like Martin Sheen

« Who is, of course, Charlie Sheen’s father









Proximal Concepts



Bounds: Markov’s Inequality

- Say X is a non-negative random variable

P(X >2a)< E[X], forall a>0
a
0
. : I
Proof: v
- /=1ifX=a, 0otherwise ™
» Since X >0, Is£ 0 s

a
« Taking expectations:
E[Il=P(X 2a)< E[z}
a

_ E[X]

A




Markov and the Midterm

Statistics from CS109 midterm

» X = midterm score
- Using sample mean X = 102.0 = E[X]
» Whatis P(X2=110)?

E[X] 102
P(X >110) < =0 — 22 _ (.93
(X 2 10) < 110 110

« Markov bound: < 93% of class scored 110 or greater

» In fact, 15.1% of class scored 110 or greater
o Markov inequality can be a very loose bound

o But, it made no assumption at all about form of distribution!



Learn Bayes Nets Params?

Lors

- - . ] - |
e Sltress . Exposure
z Probability of
~ b
2 disease depends
on risk factors
S
5 . ,
4 - . ]
S Cold Flu
S / \
~ / \
Probability of
symptoms
depends on
disease
X, X

sSyvmptoms

* That is what we did with Naive Bayes



Learn Bayes Nets Sfrucfure? ,

* That is what we did with Ebola Bats!



Missing Data?

Missing Not at Random: You collect data on whether or not people intend to vote for Ayesha,

a candidate in an upcoming election. You send an electronic poll to 100 randomly chosen
people. You assume all 100 responses are [1D.

User Response Count

Responded that they will vote for Ayesha 40
Responded that they will not vote for Ayesha 45
Did not respond 15

* Scratched the surface in section



Temporal Patterns?

() () ()

* Special type of Bayesian Network
called a Markov Network



Ethics and Al



Ethics and Datasets?

i

Did someone blink?

Sometimes machine learning feels universally unbiased.

We can even call some estimators “unbiased”

Google/Nikon/HP had biased datasets






Much more to Ethics + Al



Open Problems



One Shot Learning

Single training example: i r

a ¥ N &
restse: @D A =
H & af
H A

Gt E 2



Bayesian Program Learning

i) Iii) B Human drawings Human parses Machine parses
w é? NG e

es |3 lenleo 33 G (Ble|m© [B|E| @ [B|E)
Sl HEEIEEEREEE
Smosly Do [Pl ] [FP6]x
=B Y[ Yo| [¥L[ ¥ ¥0| [¥[3 Y0

) bR "'ﬂ»'i)ﬁ ol [T _ﬁj
- W rle] (W mlw | vl alw ]

by eEEIREEIEEE

© > e | e | [

Lake et al. Human-level concept learning through probabilistic program induction "



Bayesian Program Learning

Bayesian Program Learning models Deep Leaming models
Bl Pecpie Bl o B Dosp Siavese Conveat  (NOle: onily

B 6PL Lasion (no laarming4o-learm) B Dosp Comrmt W'mm
BPL Lesion (no compositionalty) Bl Hecaccrical Doep npanel A)
A
35
30
25
20

e
2
d&’ \

Lake et al. Human-level concept learning through probabilistic program induction



Transfer Learning

TRANSFER LEARNING

211



x1

X2

3 -4

x4 1

Neural Network Sfrucfure?




Neural Turing Machines

External Input External Output

gyl

Controller

/7 O\

Read Heads Write Heads

I |

Memory

Neural Turing Machine (NTM)



Theoretical Deep Learning




Sampling + Deep Learning!

» .- - * e o N oa - (3 ‘. OB s S v m

s 2050049 -
trrPEr I I EL e i

4420000000 pe
SHP2099%0 9
L g
L B 2

.
.
+
-
»
»

P04 42 040004
ter bbb eI e

:00000000000

*
*
>
»
*

i . e

xQQOQQQOOQOO

“
@
o
o
O
o
L=
o
.'
]
.
~.
O

o ; . e ; a & 176132187

» - ¢. » » Q. .o . o.
oo oo oo

X o’:“ . ‘. e -’:“ $ ‘.0 3':“ §




Natural Language




Skin Lesion Image Deep Convolutional Neural Training Classes Inference Classes
Network (Inception-v3) (757) (varies by task)

Aral et melanora

[ erarcec enccrs. 4@ 925% Malignant

kS i 4 © 8% Benign

Lsteva, And. t al. "Dermatologist-level classifjyeetye skin cancer with deep
eural networks." Nature 542.763 @ 15-118



Climate Change?




Climate Change?




Honorable Mentions
Differential Privacy
Fairness and Al
General Al
Better Optimization
Deeplearning + X
Self Driving Cars
Understanding Video



After CS109

Theory

CS161 — Algorithmic analysis

Stats 217- Stochastic Processes

CS 238 — Decision Making Under Uncertainty
CS 228 — Probabilistic Graphical Models

Al

CS 221 - Intro to Al

CS 229 — Macine Learning

CS 230 - Deep Learning

CS 224N — Natural Language Processing
CS 234 - Reinforcement Learning

Applications
CS 279 - Bio Computation
Literally any class with numbers in it






Technology magnifies.
What do we want magnified?



Why Study Probability + CS?



Interdisciplinary




Closesi Thlng To Magic




Now is the Time




Oh and lis Useful

1,000,000 more jobs than students by 2020

1,400,000

1,200,000

$500 billion
opportunity

1000,000

800,000

1.4 million
computing jobs

600,000

400,000

SRR 400,000 computer
: science students

| | | | | | | | |
201 2012 2013 2014 2015 2016 2017 2018 2019

Code.org

|
2020



Everyone is Welcome
v




| guarantee the techniques will
change...



You are close to the edge of human
knowledge

(all of you)




The End



