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Announcements

® Final project proposals due 10/25

® | ist your team members (1-3 members if fine, but 2 is highly
recommended)

® ither:
® State which suggested project you will work on

® \Vrite your own ~1 page proposal (see guidelines on the website)



Edges

Occlusion
Horizontal 3D edge
Change of / |
Surface orientation Vertical 3D edge

/

Contact edge

Shadow boundary



Violations of simple world assumptions

FIGURE 24.9 The impossible steps. On the left, the horizontal stripes
appear to be dlle to palllt; OIl tlle rigllt’ tlley appear to be dlle to Sllad- Adelson, E.H. Lightness Perception and Lightness Illusions. In The New Cognitive

Neurosciences, 2nd ed., M. Gazzaniga, ed. Cambridge, MA: MIT Press, pp. 339-351, (2000).

24 Lightness Perception and
Lightness Illusions

EDWARD H. ADELSON
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[Hays and Efros. Scene Completion Using Millions of
Photographs. SIGGRAPH 2007 and CACM October 2008.]
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Why does it work?
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Nearest neighbors from a
collection of 20 thousand images



Nearest neighbors from a
collection of 2 million images



“Unreasonable Effectiveness of Data”

[Halevy, Norvig, Pereira 2009]

Parts of our world can be explained by elegant
mathematics
ohysics, chemistry, astronomy, etc.

But much cannot
psychology, economics, genetics, etc.

Fnter The Datal “For many tasks, once we have a
billion or so examples, we essentially

have a closed set that represents (or at
least approximates) what we need...”

(Great advances in several fields:

e.d., speech recognition, machine translation
Case study: Google




|_earning versus inference

Last lecture: Inference
Given a model P(z1,x2,13,...), make inferences such as arg max P(x1|x2, T3, .. .)

L]

This lecture: Learning
Given data, automatically come up with the model that best explains it



Learning

Data

%

[Learner — Model

Inference

Input — | Model

—  Qutput



What does ¢ do?
2 Y¢ 3=36
7 Y5 1 =49
55¢ 2 =100

2y¢2=16



%D 2 ¥¢ 3=36

= Tc1=49 Your o s ()

C:@ 5 Y5 2 = 100 — brain — y = (zy)

o= 2 ¥¢ 2 =16

o]

k= >

= 3% 5 — | % y— (zy) —> 225
—




|_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}

%

LLearner




|_earning from examples

(aka supervised learning)

Training data

{$1,y1}
T2, Y2} —
{$3,y3}

L.earner

— f: X =Y



|_earning from examples

(aka supervised learning)

Training data

Learner | — f: X — Y




Example 1: Linear least squares

=3} Hannah Fry @ ( _— > o
@FryRsquared

FFS &£

To briefly explain how Linear
Regression helped us reverse
engineer the BSR equation, let's break
It down. Linear Regression is an Al
equation that finds the proper
coefficients for an equation by
sorting through massive amounts of
data. The equation looks something
like BSR = X(a)+ Y(b) + Z(c).... and so
and and so forth.



62.0 -

61.5

61.0 -

60.5 -

60.0 -

59.5 -

59.0 -

58.5 A

Training data

o
o
o o
.. o
o
o
o
® o
o o° °
* o ®
® N
o a1
59.0 59.5 60.0 60.5 61.0 61.5 62.0

Test query

62.0 -

61.5

61.0 -

60.5 -

60.0 -

59.5 -

59.0 -

58.5 A

/

Y

59.0 595 60.0 60.5  61.0 ‘/
L

61.5

62.0

X



62.0 -

61.5

61.0 -

60.5 -

60.0 -

59.5 -

59.0 -

58.5 A

Training data

® o
@
® o
o .. o
o
o
o
® o
o o° °
o
° e ®
o
¢ N
@ . .
o® . {Ti,yitita

59.0 59.5 60.0 60.5 61.0 61.5 62.0 X

Hypothesis space

The relationship between X and Y is roughly linear:

lL.earner

—>  fo(x) = 012 + 0,

y ~ 01x + 6o



62.0 -

61.5

61.0 -

60.5 -

60.0 -

59.5 -

59.0 -

58.5 A

Training data

{xi, Yi z’j\;1

59.5 60.0 60.5 61.0 61.5 62.0 X

Search for the parameters, ¢ = {0y, 61},

that best fit the data.
f@(ZE‘) — (9156 -+ 9()

Best fit in what sense?



Training data

62.0 -
61 5 - Search for the parameters, 0 = {0, 01},
o that best fit the data.
wsl fo(x) = 613 + 6y
60.0 - :
2 e, Best fit in what sense?
59.01 o . :!. / N

FIHE i Yitiza
5851 1 5 5 1

se.0 595 600 605 610 615 620 x  [he least-squares objective (aka loss) says the

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

L(9,y)=(g—y)® 7= folz)



Training data

62.0 -

Search for the parameters, ¢ = {0y, 61},
that best fit the data.

f@(ZE‘) — (9156 -+ 9()

61.5
61.0 -
60.5 -
60.0 -
59.5 -

Best fit in what sense?

59.0 -

58.5 A

s9.0 595 600 605 6L0 615 620 x [he least-squares objective (aka loss) says the
best fit is the function that minimizes the squared
error between predictions and target values:

L(9,y)=(g—y)® 7= folz)



62.0

61.5 -

61.0 -

60.5 -

60.0 -

59.5 A

59.0 -

58.5 -

Training data

59.0 59.5 60.0 60.5 61.0 61.5 62.0 X

Complete learning problem:

9*

N
argemin > (folzi) — vi)?
i—1

N
arg min Z(é’lxz -+ 6’0 — yi)Q
b =1



Training data Test query

Y Y :
|
62.0 - 62.0 - .
,
61.5 - 61.5 - ,
,
|
61.0 - 61.0 - 1
,
|
60.5 - 60.5 - 2
: 1)
|
60.0 - 60.0 - :
|
|
59.5 - 59.5 - :
|
|
59.0 - 59.0 - :
, y’
58.5 i 1 1 1 1 1 1 1 58.5 i 1 1 1 1 1 ‘ 1 1
59.0 590.5 60.0 60.5 61.0 61.5 62.0 X 59.0 59.5 60.0 60.5 61.0 61.5 62.0 X

/
L



Training data Test query

Y Y
62.0 A 62.0 -
61.5 - 61.5 -

N,
61.0 - 61.0 -
60.5 - 60.5 -
60.0 - 60.0 -
59.5 - 59.5 -
59.0 - 59.0 -
58.5 - | | | | | | | 58.5 -




Why Is squared error a good objective”

Follows from two modeling assumptions
1. Prediction errors follow a normal distribution:

62.0

61.5 -

61.0 - Y ~ f@(X)
60.5 - EZY—fQ(X) GNN(()?O-)
Y = fo(X) +e
(e 2
- Py(Y = | X = ) o exp (Y zgg(x))

58.5 -

2. Training datapoints are independently and
identically distributed (iid):

N
Po({yitie o bily) = | | Po(yilas)
1=1



62.0

61.5 -

61.0 -

60.5 -

60.0 -

59.5 A

59.0 -

58.5 -

Why Is squared error a good objective”

N
0" = arg max H Py (y;|x;)
O 1=
N
B (y — fo(x))?
= arg max H exp >
I=1
(y — fo(x))
= |
arg max log H exp >
I=1
N
= argmax 3 & 2f92< 7))
-

N
— fe
— arg min Z

= arg min Z(y — fo(x))’



62.0

61.5 -

61.0 -

60.5 -

60.0 -

59.5 A

59.0 -

58.5 -

Why Is squared error a good objective”

Under the assumption that the data is distributed as:

Y = fo(X) + ¢ e ~ N(0,0)

N

({yz {337/ H Py(yi|z;)

The most probable estimate of 0 is:

f* = arg min Z(fg(:pf,,) —y;)°
0 =1
This is called the max likelihood estimator of 6.

Notice that this does not depend on the functional form of f!



How to minimize the objective w.r.t. 67
N
0" = argemin > (folzi) —yi)’
1=1

Use an optimizer!

— Output —> Score

Machine with knobs



How to minimize the objective w.r.t. 67

In the linear case: Learning problem
---------------------------------- sy
0" = arg min 02, + 09 — ;)2
g@ ;( 1 0 — Yi) :
E(6) i(e 00 — ;)2 . "
p— 'CEZ —I— — Yy 1
i=1 1 Y x= | 6= (01 6o) y= N
= (y — X0)" (y — X0) on 1 un
0* = arg@min E(0) 2(XTX0* — XTy) =0 Solution
OE(0) X X9 =X"y /
o0 " -
* = (X' X)) X'y
OE(6)

YR 2(X1 X0 — X'y)



Empirical Risk Minimization

(formalization of supervised learning)

Linear least squares learning problem



Empirical Risk Minimization

(formalization of supervised learning)

Objective function
(loss)

/ Training data
Hypothesis space



Example 1: Linear least squares

L.earner

Objective
L(fo(x),y) = (fo(x) —y)
Data

Hypothesis space
N
{xivyi}izl — — f

f@(ﬂ?) — (9122‘ -+ 9()

Optimizer

(9* _ (XTX) —ley




Data

L.earner

Objective
Hypothesis space

Optimizer

T

Compute



Example 1: Linear least squares

=0 Data

E ; |

.C% [.earner | — fo

=

Q0 N

=

+ Input —> —  Output
o




Iraining

—xample 2: Program induction

Data

L.earner

def predict(x):

y = 0.8%X + 2
return y

Testing

def predict(x):
y = 0.8%X + 2

return y

—> Output



Example 3: Deep learning

=0 Data

= : | z y

.C% [.earner | —

—

1))

= put — | 630 [— Output
—




L earning for vision

BIg questions:

1. How do you represent the input and output”

2. What is the objective?

3. What is the hypothesis space”? (e.g., linear, polynomial, neural net?)
4. How do you optimize”? (e.g., gradient descent, Newton’s method?)

5. What data do you train on”



Case study 1: Image classification

1. How do you represent the input and output?
2. What is the objective?

3. Assume hypothesis space Is sufficienly expressive
4. Assume we optimize perfectly

5. Assume we train on exactly the data we care about



|lmage classification

HELEli e ——

mage X label y



|lmage classification

HELEli e ——

mage X label y



|lmage classification

HELEli e ——

mage X label y



|lmage classification

Classifier —— |“Duck”

mage X label y



Y




How to represent class labels?

{

Training data

X Y
)

“Grizzly”

| “Chameleon”}

One-hot vector

Training data

Training data




What should the loss be?

0-1 loss (number of misclassifications)

ﬁ(y, y) = ]l('y — y) <+— discrete, NP-hard to optimize!

K

ﬁ(}A’a Y) — H(Y? }A’) — = Z Yr log Yy, <— continuous, differentiable
k=1



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




Prediction y Ground truth label vy

f@ : X — R

dolphin |8 dolphin

cat |§ cat

grizzly bear (§ grizzly bear

f angel fish || angel fish
chameleon ||B chameleon

clown fish || NGNGB clown fish

iguana | iguana

elephant I elephant
O 1 O



Prediction y Ground truth label vy | 0SS

Jo : X — RH H(yaf’):—iykbg?)k
dolphin ||l dolphin =

cat |§ cat
grizzly bear (§ grizzly bear
f angel fish || angel fish
chameleon ||l (+) chameleon
clown fish || NGNGB clown fish
iguana | iguana
elephant I elephant

0 1 0 1 0 1



Prediction y Ground truth label vy | 0SS

fo : X — RH H(yaf’):—iykbg?)k
dolphin dolphin =
cat cat
X grizzly bear grizzly bear || NG B
% f angel fish |} angel fish
chameleon || (+) chameleon
clown fish || clown fish
iguana || iguana
elephant | elephant




Prediction y Ground truth label vy [ 0SS

Jo : X — RH H(yaf’):—iykbg?)k
dolphin [§ dolphin =
cat |§ cat
grizzly bear | grizzly bear
f angel fish |fi angel fish
chameleon ||B (+) chameleon |G -
clown fish |f clown fish
iguana |[IIIEGE iguana
elephant I elephant
0 1 0 1 0 1



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

f@ X — QK
Z — f@ (X) <+— |ogits: vector of K scores, one for each class
y = softmax(z) <«— sqguash into a non-negative vector that sums to 1
— |.e. a probability mass function!
. e~
Yj = dolphin
Zé(:l e <k pcat
grizzly bear
angel fish
Sf — chameleon

clown fish
iguana

elephant

@) -I..--



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) = — Zyk log .. <«— picks out the -log likelihood
k=1 of the ground truth class y

under the model prediction y

N
f*=argmin ) H(y;, yi) <— max likelihood learner!
rer =1



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

N

y = softmax(z)

Data
{$i7yi ffil —

L.earner

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




Case study 2: Image colorization

1. How do you represent the input and output?
2. What is the objective?

3. Assume hypothesis space Is sufficienly expressive
4, Assume we optimize perfectly

5. What data do we train on?
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Training data

lmage colorization

Input X

Output y

|Zhang et al.,

—CCV 2010]



Grayscale image: L channel Color information: ab channels

HxW x1 HxW x2

X ©

Yy ©

[Zhang et al., ECCV 2016]



Grayscale image: L channel Color information: ab channels

HxW x2

HxW x1

X ©

Yy ©

[Zhang et al., ECCV 2016]



Choosing loss and representation

INnput Qutput Ground truth
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Recall: least squares loss corresponds to Prediction for a single pixel i]
the following modeling assumptions:

Best Gaussian fit to the true data distribution is to center the
Gaussian on the mean of the data distribution.

fig modified from [Goodtellow, 2016]



Prediction for a single pixel i,]

110}
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110 |




one-hot representation of K discrete classes
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b
L(y, fo(x)) = H(y,softmax(fs(x)))
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INnput /hang et al. 2016 Ground truth

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



"Regression’ ‘Classification”

® Continuous-valued prediction ® Discrete-valued prediction
® (Usually) models unimodal distribution ® Models multimodal distribution







INstructive fallure




INstructive fallure




[ from Reddit /u/SherySantucci]



[Recolorized by Reddit ColorizeBot]



Photo taken by
Reddit /u/
Timteroo,

Mural from street

artist Eduardo
Kobra




Recolorized by
Redd]
ColorizeBot

HInTEIREw

N\




Image colorization In a nutshell

LL.earner

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

Hypothesis space

Convolutional neural net

Optimizer
Stochastic gradient descent




Next up:

1. overfitting, regularization, generalization
2. neural nets!

e
e
-

.......

.........

Max
pooling

-
\.‘
-

192

128

13

¥

192

128

Max
pooling

192

.....

192

128 Max
pooling

2048 2048

1000



