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When someone uses 'Machine
learning’, 'Al' and 'deep learning'
interchangeably in a discussion

Wall Street / Silicon Valley

can you please stop

| do not think it means
what you think it means.
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Artificial
HEY Inteligence WHY
DO YOU ALWAYS
WEAR THAT MASK?

The Open Secret
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“Learn’ ?

* Let's look at a "programming’ task

 The task:

Write a program that outputs the number in a 28x28
grayscale image

g -
5




“Learn’ ?

* Approach 1: try to write a program by hand

o How would you do it 7

y -
5




“Learn” 7

* Approach 1: try to write a program by hand

o How would you do it ?

» Approach 2: (the machine learning approach)

o Collect a large “dataset’” of digit images

o "Label” them with the corresponding numbers (0,1, ..., 9)

o Let the system “write its own program”
to map from images to numbers

o more precisely, this is “supervised learning”
— more on that later

* Approach 1 try to write a program by fiang

o How would you do it ?

* Approach 2: (the machine learning approach

0 (o

02

oct a large "

ataset” of digit images

el them wit

1 the corresponding numbers (0,1,..,9)

0 Let the system “write its own program’
to map from images to numbes

0 more precisely, this is ‘supervised laming
— More on that [ater



Machine Learning

1. Collect a dataset of images and labels
2. Use Machine Learning algorithms to train a classifier
3. Evaluate the classifier on new images

def train(images, labels):
# Machine learning!
return model

def predict(model, test _images):
# Use model to predict labels
return test_labels

Example training set

bird

cat

B s ol
T

deer



An image classifier
def classify image(image):
return class_label
Unlike e.g. sorting a list of numbers,

no obvious way to hard-code the algorithm for
recognizing a cat, or other classes.



def train(images, labels):

return model

def predict(model, test images):

return test labels




Nearest Neighbor Classifier

def train(images, labels): Memorize all
data and labels

MiaCliliie Lwearlriiiid

return model

def predlct(model test 1mages) Predict the label
# Use model to predict labels —— of the most similar

return test_labels . .
training image



Nearest Neighbor Classifier

deer bird car

Training data with labels

query data )

Distance Metric




Distance Metric to compare images
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Learning

Data

%

Learner

—>  Model

Inference

Input — | Model

—  Output



def train(images, labels):

return model

def predict(model, test images):

return test labels




The goal of learning is

to extract lessons from past experience

in order to solve future problems.



Let’'s LEARN. What does ¥ do?

2 ¥ 3 =30

[ ¥ 1 =49

o ¥ 2 =100

2% 2=10



Goal: answer future queries involving %

Approach: figure out what s« Is doing by observing its behavior on examples

Past experience Future query
=7
2 % 3 =36 SHFO=
(¥ 1=49
5% 2 =100

2 ¥ 2=10
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| earning from examples

(aka supervised learning)

Training data

{input:
{input:
{input:
{input:

2,3,
7,1},
5,2],
2,2],

output:36}
output:49}
output:100}
output:16}

%

Learner




The goal of learning is

to extract lessons from past experience

in order to solve future problems.



| earning from examples

(aka supervised learning)

Training data

{ztV), y1}
{42} —
{m(3) | y(3)}

Learner

— : X =Y
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Real-World Application:
A Model for Predicting Electricity Use

* What will the peak power consumption be in <your-favorite-city> tomorrow?

 Difficult to answer this question without data

o Difficult to build an “a priori” model from first principles ...

m High Temperature (F) | Peak Demand (GW)

. . . 2011-06-01 84.0 2.651

* Relatively easy to record consumption history —— - oa
(the utility company has this data) 2011-06-03  75.2 1.844
2011-06-04 84.9 1.959

* Relatively easy to record features that may affect consumption:

O temperature

example from Zico Kolter



Real-World Application:
A Model for Predicting Electricity Use

* What will the peak power consumption be in <your-favorite-city> tomorrow?
3.2

3.0

2.8

o
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High Temperature (F) example from Zico Kolter
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Real-World Application:
A Model for Predicting Electricity Use

* What will the peak power consumption be in <your-favorite-city> tomorrow?

3.2

X  Observed days
30 —— Prediction X XXX

2.8

N
»

N
N

N
N

<— PREDICTION

Peak Demand (GW)

g
=

— —
o)) o0
X

-2
N

55 60 65 70 75 80 85 90 95 100
High Temperature (F) example from Zico Kolter



The essence of machine learning:

* A pattern exists
* We cannot pin down the pattern as an equation

* We need to approximate the pattern as a function of the input

o Using datal
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Hypothesis space

LLearner

The relationship between X and Y is roughly linear: vy ~ 01«

—>  fo(x) = 012 + 6o




Training data

62.0 -

Search for the parameters, 0 = {6y, 6},
that best fit the data.

. fo(x) = 612 + 6O

61.5 -
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Training data

62.0 - i
615 - Search for the parameters, 0 = {6y, 6},
o that best fit the data.
R . . : fo(z) = 01 + 0o
60.0 - : ;
00 e, Best fit in what sense?
59.0 - r e

Feer W/ (2@, y@ON
5851 _1 a : : | ° . . : , . = . .

500 595 600 605 610 615 620 Y |he least-squares objective (aka loss) says the

best fit is the function that minimizes the squared
error between predictions and target values:

L(G,y)=(g—vy)* 9= fo(x)




Training data

62.0 -

Search for the parameters, 0 = {6y, 6},
that best fit the data.

fo(x) = 612 + 0

61.5 -
61.0 -
60.5 -
60.0 -
59.5 -

Best fit in what sense?

59.0 -

58.5 -

The least-squares objective (aka loss) says the
best fit is the function that minimizes the squared
error between predictions and target values:

L(G,y)=(g—vy)* 9= fo(x)
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g9 ;( 1 0 —Y )
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Training data Test query
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How to minimize the objective w.r.t. 07
N
g% — - (1)) _ 4,())2
arg min ;(fe(x ) — )

Use an optimizer!

— Output —— Score

Machine with knobs



Learning

Data

%

Learner

—>  Model

Inference

Input — | Model

—  Output



How to minimize the objective w.r.t. 07

In the linear case: Learning problem

1=1
() ()2 V1 y)
J(0) = 01z + 0 — y" () 2)
(0) ;(1 +6o—y)" T s o) v
= (y — X6)" (y — X0) o -
0" = arg;nin J(6) 2(XTX0* — XTy) =0 Solution
0.J(0) _ X"X0* = X"y /

.J(6)

=2(X' X6 - X*
59 = 2(XX0-X7y)




Empirical Risk Minimization

(formalization of supervised learning)

Linear least squares learning problem



Empirical Risk Minimization

(formalization of supervised learning)

Objective function

Uoss)
= arg min Z [, x(1)), y(¥))
fe7 s \ /
/ Training data

Hypothesis space



Case study #1: Linear least squares

LLearner

Objective
L(fo(z),y) = (fo(z) —y)°
Data

{;U(i), y(":)}fil . Hypothesis space N f

fo(z) = 612 + 69

Optimizer

9* __ (XTX)_ley




Data

LLearner

Objective
Hypothesis space

Optimizer

+

Compute



Example 1: Linear least squares

30 Data

= - )

.C% — [.earner | — fo

HH .......

o1 §) \

=

+ Input — —  Output
—




Example 2: Program Induction

|||||||

30 Data

.EE - - def predict(x):
5 — Learner y = 9.8 + 2
Q return y

—

-

def predict(x):

y = 0.8%x + 2 —> Output

return vy

Testing




Example 3: “Deep” Learning (with Neural Networks)

Data

|||||||

Iraining
1

T Yy
Learner | — ©<g>ﬂ

x Y
Input — ©<g>© — Output

Testing




Space of all functions O Hypothesis space (haystack)

d True solution (needle)

Space we will
search



Space of all functions O Hypothesis space (haystack)

J True solution (needle)

Space we will
search

_—

Linear functions

True solution is linear



Space of all functions O Hypothesis space (haystack)

J True solution (needle)

Space we will
search

- 09090 O 0 00

Linear functions

True solution is nonlinear



Space of all functions O Hypothesis space (haystack)

d True solution (needle)

Space we will
search

Deep nets




Space of all functions O Hypothesis space (haystack)

J True solution (needle)

‘ Hypotheses consistent with data




Space of all functions O Hypothesis space (haystack)

J True solution (needle)

' Hypotheses consistent with data

What happens as we increase
the data?




Space of all functions O Hypothesis space (haystack)

J True solution (needle)
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The essence of machine learning:

* A pattern exists
* We cannot pin down the pattern as an equation

* We need to approximate the pattern as a function of the input

o Using a set of observations (data) to uncover an underlying process



Regression vs. Classification

* Regression tasks: predicting real-valued outputs y €ER
* Classitication tasks: predicting discrete-valued quantity vy
oBinary Classification y € {—1,1}

oMulticlass Classification y €{1,2,..., k}



Real-World Application:
Tumor Classification

* Using machine learning to diagnose whether a tumor is benign or malignant

» Setting:
o physician extracts a sample of fluid from tumor

o Stains the cell 2 creates a “slide”

o Computes features for each cell such as area, perimeter, concavity, texture etc.

e \Want:

o A system that can process the “features’ and predict whether the tumor is benign or malignant

example from Zico Kolter



Real-World Application:
Tumor Classification

* Approach:

_ _ two features: mean area vs. mean concave points, for two classes
o Collect a dataset (hospitals have this data

0.25
X  Benign
from previous patients)
+  Malignant
o Store “features” for sample and it's label g 2 R
= |
. (- . . . al
o What type of classification problem is this? ¢ 015 y
[ [ m
Binary or Multiclass? =
@)
S 0.10
-
5
e Data: = 0.05
0 200 1000 1500 2000 2500 3000

Mean Area (pixels)

example from Zico Kolter



Real-World Application:
Tumor Classification

* Linear Classification: drawing a line separating the classes
0.25
— Separating boundary
0,90 X  Benign
: +
' + Mal

E alignant | P
O +
O
© 0.15 4
(C
O
-
O
= 0.10
-
(C
=

0.05

0.00

0 500 1000 1500 2000 2500 3000

Mean Area (pi}(ElS) example from Zico Kolter



Real-World Application:

PP Formal Setti
Tumor Classification ormal SELHne

Input features: z\Y) ¢ R".i =1,....m
Mean Area?)

Mean_Concave Points(?)
1

E.g.: 7)) =

Outputs: y*) € {1, +1} i =1,.
E.g.: y¥ e {-1 (bemgn) +1 (malignant)}

Model parameters: 0 ¢ R"

Hypothesis function: /1,: R™ — IR, aims for same sign as the output
(informally, a measure of confidence in our prediction)

E.g.: hy(x) =01z, 7 =sign(hy(x))

example from Zico Kolter



Real-World Application:
Tumor Classification

* Color denotes regions where hg(x) is >0 or <0

0.25
— Separating boundary
0.20 X  Benign
- +
. S

_"E d Ignant T ) : :
G +
o
© 0.15 \
(C
O
-
3
9 0.10
-
(0
=

0.05

O-DU ot PR 7

0 500 1000 1500 2000 2500 3000

Mean Area (pi}(ElS) example from Zico Kolter



Big Questions:

1.

2.

How do you represent Input and Output?
What is the optimization (training) objective?
What is the hypothesis space?

How do you optimize (train)?

What data do you train on?



Application: Image Classification

Big Questions:

1. How do you represent Input and Output?

2. What is the optimization (training) objective?
3. What is the hypothesis space?

4. How do you optimize (train)?

5. What data do you train on?



Image classification

Classifier o

mage X label y



Image classification

Classifier o

mage X label y



Image classification

Classifier o

mage X label y



Image classification

Classifier ——— [“Duck’

mage X label y



Y

(Z) (i))




How to represent class labels?

One-hot vector

Training data Training data Training data




What should the loss be?

0-1 loss (number of misclassifications)

[:()Af, y) = ]1(37 = y) «— discrete, NP-hard to optimize!

Cross entropy

K .
~ X X continuous,
ﬁ()’a Y) — H(YvY) — Z’yk log Y —<+—— differentiable,

k=1 CONvexX



Ground truth label y

10,0,0,0,0,1,0,0,...]




Ground truth label y

dolphin
cat
grizzly bear

angel fish

chameleon

clown fish
iguana

elephant

00 0 Prob



Prediction logy

fo: X

dolphin

cat

grizzly bear
angel fish
chameleon
clown fish
iguana

elephant

{K

4>

Ground truth label

dolphin

cat

grizzly bear
angel fish
chameleon
clown fish
iguana

elephant

- 00 log prob

Prob



Prediction logy Ground truth label vy Score —L(y,y)
K
: K A A
Jo: X =R —H(y,y) = ) yklog i
dolphin |8 dolphin o=
cat | cat
grizzly bear |J grizzly bear
angel fish ||l angel fish How much better you
chameleon ||l (+) chameleon could have done
/_/H
clown fish | N clown fish B A
iguana ||B iguana
elephant I elephant
- 00 log prob O Prob 1 - 00 - Loss O



Prediction logy Ground truth label vy Score —L(y,y)

K
fo: X — RH ~H(y,¥) =) _ yrlog ik
dolphin || dolphin =1
cat ||l cat
grizzly bear | orizzly bear | NS - e
f angel fish |} angel fish
chameleon || (+) chameleon
clown fish || clown fish
iguana || iguana
elephant | elephant

- 00 log prob O O Prob 1 - 00 - Loss O



Prediction logy Ground truth label vy Score —L(y,y)

K
fo: X — RH ~H(y,¥) =) _ yrlog ik
dolphin || dolphin =1

cat | cat

grizzly bear | grizzly bear

f angel fish |fi angel fish
chameleon || (+) chameleon | -

clown fish |fi clown fish

iguana |[IIIGE iguana

elephant I elephant

- 00 log prob O O Prob 1 - 00 - Loss O



Softmax regression (a.k.a. multinomial logistic regression)

fg . X > R%
Z — fg (X) «<— logits: vector of K scores, one for each class
y = softmax(z) «—— squash into a non-negative vector that sums to 1
— |.e. a probability mass function!
A e~
Yj = K . dolphin |
Zk:l € cat |J
grizzly bear |J
angel fish |l
t — chameleon |l
y clown fish (N
iguana |l
elephant |l

0 1



Softmax regression (a.k.a. multinomial logistic regression)

Probabillistic interpretation:

y=|P(Y =1X =x),...,P(Y = K|X =x)|] «<— predicted probability of
each class given input X

K
H(y,y) = - yrloggi «— picks out the -log likelihood
k=1 of the ground truth class y

under the model prediction y

N
f* =arg minZH(y(i), 7(")) «— max likelihood learner
Jer =1



Softmax regression (a.k.a. multinomial logistic regression)

fg:X% K

z = fo(x)

N\

y = softmax(z)

Data
{37(i)a y(i)}fil —

lLearner

Objective
L(y, fo(x)) = H(y, softmax(fy(x)))




Recap:
Linear Regression

( fo is a linear function )



L Inear regression

Training data

fQ(CL’) — 90 + 915[5

{x(i)a y(i) }7],\;1




L Inear regression

Training data

fQ(CL’) — 90 + 915[5




Linear Regression

( fo 1s a linear function )



Polynomial Regression

( fo 1s a polynomial function )



Polynomial regression

Training data

fo(x) = 0y + 012 + Oox”

K
fo(z) =) 6ra"
. {a:“{,y(”};il k=0

PX K-th degree polynomial regression
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Y 2s-
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15 A
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Training data

-
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(traln)’y(traln) 1=1

N

raining objective:

N

Z(fe(

1=1

6 7

(4)

L train

) —

8 9
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ytraln
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10

X

Y 25-
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Test data
°
//‘,,
° o g @) @
{x(test)’y(test)}l 1
z-’ll ':'I> Eli 7 8 9 10
X
est time evaluation:
M
(1) \2
Z(.fé’ (mtest) ytest)

1=1



What happens as we add more basis
functions’

K
fo(z) =) 62"
k=0




What happens as we add more basis
functions’




What happens as we add more basis
functions’




What happens as we add more basis
functions’




What happens as we add more basis
functions’




Y 2s-

20 -

15 -

10 -

What happens as we add more basis
functions’

K
fo(z) =) 62"
k=0

This phenomenon is called overfitting.

It occurs when we have too high capacity
a model, e.g., too many free parameters,
too few data points to pin these parameters
down.



20 -

15 -

10 -

When the model does
not have the capacity to
capture the true function,
we call this underfitting.

An underfit model will have
high error on the training
points. This error Is kKnown
as approximation error.
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Training data

Y 2s-
20
15 -
10 -
5

o] e ) (z (%) (%) N

(traln)’ y(traln) 1=1
4 5 6 7 : : 10 x

This Is a huge assumption!
Almost never true In practice!
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Test data
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Training data Test data

Y 25 1 Y 25 1

20 - * 20 -

15 - ° 15 -+

10 A 10 A

@
® o
5 1 . 5 4
. o o .
0 e (4) (4) 0 ® o o
{ (traln)’ y(traln)} {x(test)’ y(test) }z 1
p : ; 7 : 5 To ; : ; ; 5 5
X X

1id

Much more commonly, we have { (tram)’ y(tram)} ™ Ptrain

ptrain 7é ptest

1id

{x(test)’ y(test)} ™ ptest
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