Lecture 6: Macnine learning



e My office hours cancelled this week
- Can do them by appointment instead
o PS3 out tonight



loday

e [emporal filtering
e [ntroduction to machine learning



Temporal filtering



Temporal filtering
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Source: Freeman, Torralba, Isola
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Source: Freeman, Torralba, Isola
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Cube size = 128x128x90

Source: Freeman, Torralba, Isola



Videos
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Cube size = 128x128x90

Source: Freeman, Torralba, Isola



Color amplification
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Orlgmal Phase-based
motion attenuation +
color ;1mp]iﬁc;1ti(m

[Wadhwa et al., Phase-based Video Motion Processing. SIGGRAPH 2013, Wu et al. SIGGRAPH 2012]



Motion magnification

Original

o Just spatial-temporal filtering!
e You'll do a simplified version in PS3

Wu et al., SIGGRAPH 2012]



Soiiree = Wadhwa et al., SIGGRAPH 2013



Machine learning




Last week: hole filling
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Source: A. Efros



— ™

> - - -
- - -

) 3 2 ‘-- : e ..';-.l ’ ¥ L _."‘.' °‘-m
‘:..—1 T -uﬁ._'..‘--\ - ;:v?':.:‘ !:!' . 3 £

[Hays and Efros. Scene Completion Using Millions of Photographs. SIGGRAPH 2007 .] Source: A Efros



- ,u,»—--q—,ﬁ N e et
d— o —— - .~.-
- "C w -".--L_

-

-~ .’)
’Q"-’ ———
. -r/-n

L -
. ‘1" o
Q"-“
et g
P R R
[ Ll |

L et

..I.- -

- -
.-

- 'b‘.‘".
LA gt

ATl kY.

g -‘wﬂ" Nl ol > 1

A, (i or e e

™ SN ’LI

™y < g

A Arew e

- ,.‘v" -

. N A L™ -~

Rl E T )
& & 371».
R o 2 B

-l
>~ "
L
" Patn ™
N & P

-
-

--'13'-14.. o

- » e

",yazna-

| 54 : -
L - '-"/ T .-eow 9
" RN ] b“""' F'."!.l
e b B 5 T B

g O =

e -y - - e
(TNt b o T e ¥
R ZERE SV I L ‘.’--.-
L S e e BSS L TR s el = |
4?‘5- — e W - - -
—~n"_--"_.' ——
; L TR LD Y b ol e

— PPy —-»_.u,"_.-

Pt

—— ’-"--”-‘. - b ’."-
=TT T U e e S "
T — «-E_ .-'.-“’v-‘*
SR .. L L A S e
- A TER L B R e i et P Lo "‘p"‘
L T e »™

Lol g v = T A Raw
e e ‘T-"; - - -'-" - ’—»r\l‘ - ~ N - —
-

. '—_ﬂ;—' ™~ -v.-.- - -
e . L -_—-— _'_!"-'- ---‘
.-—'0~~—~-“ s m s
__,_‘--\ -.-'.’.w e - ~™,
. ey ™ ‘w-‘.‘.".— 2™ = - -y -
— - - '--!'-”-. ---_”' - - A -
TR W g — TS N T e - .w"-n-—-" - -
WEIN I T  ames oe n .,.:?—--- e : TIE WL, e —~F
- - —_— n'- o--_’-g-'-“. ..-..
T S L o VS
T e WAL < o M e -
" - Pl et T T .‘-h-', e o
(L Rad Bl LA DR o - ‘l-."' '--- s
ol R R S ettt e Pl e it - - "-.— o
- L e 1',""-"\' (Y- > 8 o4 o =
. .~ e s N Bl | e Lo " ——— Q-'-“ L Bt
Py ,'-- -vﬁ L oamie o i L LI PR L e v —--v—q‘rw’-m -
“I\. - -—-_—‘.—’-.-. — Sy ' Ov'. — S WTFT ! s Tiogmemen - -,
< . = "-~--~' e Bt = L S~ P, e ———
e AP ’ a-" AR R WS AN fEE v M= S e
RS et T e TN WS Ten v Vg Fewis
e & J "‘\’"ﬁ‘ ."--‘-'—ln"-—a-r‘-. — S amw
- > > "~~ ) ——— - - -- _— P N e ——
- N —— e s Seamt o L L - g -~ - ———
- e s r ] BB el T R -- ~ - --_c- . "Sar Yy
ST s Yy = S gy ey e WP -
- T —— 46 P o R - - YY) 1“‘5}-\- R T L ML W -
—'"-a-— -)"v-.b. - - . '-- - _:,‘-v--’.‘kn--..—‘?
- - . - _ ol 0 0 L e v R '*V"-"-'_-- =YYy W, ~ - L——y .
L Al B ™ '-v.-- - —— =T 4
;'~~-—-n./-‘ ‘-W - \-v_ —— :&‘-. & Y oy BN -
At S-wmva | =Pl Pameifeany g A0 - pSewp s T o d )
— - | e RPN T -V w = N T e e T NT 2% et B = e T
— - T g —— W —— Wy e h g It P TR . ~t - - e tband
PR T B R A | v - ‘—u—f"—- - P '\-....- - - - Foweam -'J~ _ -
. v B . W - Rl R ¥ et Ll el L ad > B
M- - e Y- v-.- - ‘—9--.‘" - Y - . - S aayeery,
_-w-:_ "l-—';_ -y e - s =4 o et L - e "-"._-n
- L ey ) el b P B o ‘l-" lasT™an T
o -— Y t- -’"’ 2 ) Aad ‘,_2 ‘-9--,-‘ - .-—" -
“TTeemv v 9w L ———— e e - - !‘-ﬂ--- »
- N AN T hz‘.-‘-> e -v-" -.‘-—.. Bes ™
A -’-' ""--_’ -r.-'- ’4-- h_ b B NS | -
W W T A L '-'--‘:-w—" . vv.. o
WMo e o e wrw— w g
" Seeram e D, i "".--"_ i T
N et TR At e x'r‘
S B W e e ———— - - — q'0
- - Ay SOV LA T AT
=i INe - T R ST o~ e
.‘.(»~-y‘qq-‘-‘l‘ﬁt.- o B ay™- '0'*.
}AQ".‘ J A a 8 ) oy e - *
. A o~ . - .o “‘L -
- .-_. - ‘. r. -
. .
-\‘.ﬂ ‘I."...‘ N S
v g e e o M:-,.‘.
vy - N e

‘.-'—
el

-

- -

- -
- gt -

. . -

=
—
'-.-- —

e w N

e et

-'

f—
-

-
-
-

-
—

e ——
-_—

"‘..‘vn-n \»-'

- o
-

- A B ™ e T ™
-
N

Ll ad

R -y

'.-‘ -

~-':, c-__

i pe
bl » TH ke

- 3"-‘ - - -

- larye -_—r

-

—— - - L

.

s

—
I“. s

.v." s

. F - -~
. LA ‘_~'-p-‘

L e ,.,- *=
_'—-.-

— > -
pg—-- R e
-

— -
T "> —o—-—-«rg -

- - .'I~ = -
- ‘b Q._“-,'-ﬂ-p-. ‘—-
Yy v -y n

SR el & ek
-“"‘-1 P -

TTWEs LW
I R, e
” - ._...., . -r..v-.-". PO g Oy .

—— -
~~ -'-‘-,_nﬂ. -’ .0
P roee.
T AR - .
L
el il

¥ xn
.
,‘d’r\‘ = ,’
& SN -

e el ol
- —
S W T -

TR
- —‘r N e S . ¥

- "". o

- ‘Pﬂ-
P gy —y -~y .
—— - 0- ‘_'-n
- . -
’, —q-' I -.-...-'-

* . — -7.‘ -~ -—-!.

- "-—-'.’

. -.‘..rr
ety 4 Y I '1'.""
- ". L AL ..-:”‘h'
Ty ¥ T
|

"‘"' ‘-‘ - .
Lo L - -
e T R

’ - e . -~ o - -
. J _: ‘. - e P...,.\n' 'H -

.  m
s N

S - T XY ~-urv.,,
" b

- ’ ' v'
-, - - - — ’-4)-*"~\-‘
P e oy oy - — .-
TR B W . L T S m.
L - o o ™ ———
e am e o e T O -
F - " | — - . - —_
- Wy MRS LTS Lo Ty
BTl CEN Ay B " o L ST S b e
- —— ¥ ﬂ- BN LR - -
- -"&-.,‘.-.—.--. :— _:_..
I
- " B el
bt fa.-o.'r— - . -:‘"'-

- - -

—
- &

TE e

e — - -

- g s TR i
r"_.‘".' b
-_‘- - e - - .
- et e ,‘—-'.‘ E- .".‘—- -
.-,,-.-—.—" - e e oy -

S . O W T PR S e PV ..y
’ — - SRR .y .-
L e r-

- -\-,9-

i‘:.---' q
- —

SAER T T AN e - — -

T -

-

,--- - -
< 1.

- AL B '5

o 2

_“

-

— - —
-t . -------.r?‘-—t -’
——rfcsT e -
i e o
-=i- ‘-..- __Qh-or'-v--.
2l ™ A F
. L e WS Sy ————
M-
MERNE e
————— -n‘—ﬂ—‘-- - -

. gt vl - -~y

Lw '-.V!'",‘.-.""="-_-- .

- o o —— -

.—‘ -
Wb -

——

--J.’f'- E i . -

e ,-‘ﬁo -
'-v--‘-. -
- e W
e ==y
-.-- . - - -
"\ - 3 P -
wep . T - ’;"Ndj_

P

'-!-. S -

> ~ Ry b gt T el T

" s » "

e -~ Rt L T

o e -

oA\ - -...lpﬁ.-' -‘

- v:,h.‘:'{ 4 :“
: _— -

L N

S v g . ———— e ———

-y~ N - — - -

- " -'-' . L oA

————— - TREE LW .
YA p— -
n-- — - A .y
,Q P Y R
v B LTI e s ey - e e N
e SRS TGRS SRR e N\
.S e -

TI— > -‘

- ”4-'--e-v——“

v " ol - RS L

-y .--‘---“—--N.\-- .
- on--\rz- - "'-“ ,o“‘, . - - -
W - = W = e - n vu Bl < ’ —
- --Pﬂ’-‘

P -

e
- -

e Pt |

.- . -

e
- . - . Y - e - > |

e “s
.

- -

e
“rwlaee
w o om Ly

e e s T

————
S e
i o L
- T v, et
- o -— T - WP TN Ty
'v*,-q o~ .-lqv.--v e ba I T d ] —
'-vc q\.-' ?-' W L - -
= ] 1 A et e ¥ N gt d
e Tt Nl e *‘\,— - - -
. —— 'j_.-s- - Y. rd —
- e o 4
e =i i

»
[ A

- nﬂ;q -~
e,

e

T T

M-

.,'-

- e —

—— - e o
-

-

e
—— -
.-

-
-

Lo Y

- -

0

-
" . W -

LW P A S

- — W - '
B o B
-5

~~x—ﬂ.v~g- P .-
b ot £ aaia, P e 39—
. AdVg I Y * S 219

-

»0- M-y vs"\-q-*~ r*—‘.

S -

2 - - g
-.-- - - '. -”,.-

B i
-

™ sl

. -_

—— e T e

_—

-

-

-

-

- e g™ -~.
Al . R -— - n--
—- i

WIS T e e Y ——-ﬂ'- -.-Qc—.- - o~ -
> c’q- -

—
-

_-Q--n——’n'-——
. .
>t am bt B Bl o B -:—--
" S TS e et
W
- -
“'-—-—--4—“—“--."" ‘r‘.- | W |
SR TR e LT -
-

-

-

IR T e AR -

“—-— ——

- o ————
- -
-

-— e

.,u--‘”
e b
bt N 2

CaTagren -

. - --C

MY

——

-
.f""-_"'l 'l:"\‘l .
'Q"“"Q"-- LEReE S e,
3 f > " B IO N M _-:-
-» .- e WS
‘.’us- )!N:;u . Ry -
e - 1" >»
-‘-\ " 2 “em

(Q‘.' y
l".-u

“I

‘.l ....p'l )

SN
-

- ,
> T ‘% - e, — MY

- L. a » . . bt s T
3 ;& p .—--n " TeRT VMmN o W ‘=2 { ' 'j.-'
‘.-‘_,-.. : . N --'\-—"..‘
AT
o~ e " ]
W TTAAW, W e T W e
——— ¥ — '3. ‘\--.. .
AW My TV TRaw "™ ,- -
i e - CWMETTe T T,
---_”.ﬁ-‘- c--- n J""" -
- e ~n-’o~\ v - -
. - L - oy .‘—\‘o\‘
"h:""tt ‘Q- a'., -S -
e _4-‘A—?—--. 4- ---.
“ - L e T .
N 0'*-'. .‘-'—l"
) o -~ ey Y. » .~ l- T M, O —
Tie .Y B welwng o ameR
C W e —— N o Cocno
g R ,:-‘.'-’-
~ el | e -
s "cow e

p T s ™
ety Cer e .l

RIS
B g -
Yarr

- T @we
- b - W -
R

- | .

-
Tl el T L
- -r—Te eV ‘-r.v'\-.- —
- W B e - "-'t-"
- - - —.——— - .'-—:'-.-. 6-—
"’*‘i-- >~ "-_- : : u -'--.--_.—- M e . o -
- e L L g - - 3D - - - - ,-~ 4--,
c—‘v- “r . - .- - - — r ~---O Q- --“
-‘,hsw_ .- o~ wv—\~s~-~ D - P el et
T e B - [N 1R T e w™ 8 -
..-—.“‘_q.--v,--" '-4'-4‘-—‘-:‘"_--9.. b T ——-— - ;:""'
F A—--.— -I~.. —— - . - 5 -'._-H
o 3 - - - _—' -, . W —’.o. v - oo -~
— ‘v‘-.‘ - o —— e " - - - b 2 BB
- - e -~—-’ TR - ——— - e S
¥ -y - e T R -
- ——

-
[ - B N W L e =
- b ettt o s 0 Bl o

apea— .———-n_ e L
e . e o—ﬁ,:

-—
—

- -

- - - -

-~ - ’-
/-~

- -y v
L |/ .‘-k
-

—- - - - P

»
e

b L S anes --‘-—-_ L L .-—p'--."x g
- -\ e e N ——--“,‘s ’o
‘-'b.,"'"r'ﬂ— R T - SN
eu\" - - - - -~
T — S e

Ll o ek 2 -+ e ..".

Y - “ . ’~Ob-a SN
gty e W P e o, VRS WP I S e -]
—— — ., SR W Y - ——-—‘—rr-_o P% Sngaeen, = y
— "‘-"ﬂ"'*-"--,_ S N e o s r
el el e wm o syw il e, L T L
wlBnh o) 3 1 e s 2l - . - — - ‘av bos ek bl ~e
= rarmpntrTee SRS Pa W

] - a e e
R CPrage—~

-

.-

——— - ..—-
-

.
AT R T N e
k. B —— - ———— -~

_.-P-"'"
- -
¥
- —— W e e g -
o
~~ P 2 -
ettt T e e Ll e
L T — R
‘ -— “—-Q-ﬁ I'— —~-, -'-
.-..-;'z - —— \- -— ’
--——..w;_,g— ..‘”- E"PJ v., -
R L N S B e el o s_w, '4__.-
-_--‘--w'—.“ " - "'""'-—.1'.“.-"" ﬁ . - . -
gy Ty gy e -y = T D AT =TT~ NPT, S,
—— — ---._‘P-'- Y e Bt e Bl ..—.—o<¢v-v“ - N e .- ‘. -
« e ™ - el et Bt -_—— -y R e S T N —.—1 -
-9 '~.—-.:4"‘---~. _-—.-' ‘--.. N b -.._ -—-—' .bv...a
e- ‘--t_ ‘. . -.— l’--.-;.‘u‘.. - .--~--—,-- = ," ‘-u- “v‘ ‘.* ---..~
~ — . ‘hv‘:‘-b L - - \.:. —— = - - .,a._’, e~ ‘-5‘" P -
LIRS o aw e e W - Aot 0 o 2 e Bl 3 4]'-—- ,.. -~ e - -y - T S -~ &
- ﬁ..--p’ﬂov v-—'.'——? - eYyry
=S ——— e -

—-— o=
—‘-.w'-...'- EIEE s W " R D T
.

--. >

—— -
- -

- e
Pl L e BN

- —
| — —,—:

A
e .=

e ¥ B s -
- . -

Co
-

e & s
»

- T - —
. o-'v---‘
r ek o PR PO

T s e -

- — '

.—— e e e Y o % tmn - -' @ -3—’ - -
- ——— ~_-.~.—"'- '“ - W w'-" -~.— -

L e —— - — a .{--’Ot-'-ou--.q-_:-.’-"’ ——————
Lo oo -."‘-' . - e e T
-— -'v——;~- 1~y -“‘1 Ay — -y —

*w A N e e & y - B e -
- e - N."'""" v T - FaNRvETawmEAasT'ER - = Sond
: ----"ﬂ“cv - . e - W - -G’— - . - T T T,
5 Y R "-Q m o - L. -t e N P an Ben—e
— .Q-,l’.- - - R o -,.--~.-- - -

s A B el i e

s ; --_ & - - - e
Y- ' - - W e TR NERETNT 20N b [T
~:’" - - .-—f"._.— - - W > g £ WEran A e -
,"V)_-T-—..'—' - - - "y t .g»c - " »

s ny-p..
.- --,.-n-“" - - --' -c ?"
. LR & ot WL —---..—-‘_\.

—.._ '.""’- 3 -s N .-"
_".- —-.‘w'-. ) | W e LT .w-,‘nr- g ¢ - \" -

. i - - - Y. DRy S R ree "‘_’

....v‘.‘”'-.\.- - "'Q‘-~-nl." -t Q .

Wil T B ALy T W Seewe S0y - . gad o |
L TN « WA 1T s 8™y -
e d S LY T -

bl S LR
"- _—.-g *u”: 2
L i s o RS -
(W el ey L r .-

‘n. - &w"’
-~ v g, W=

e B A 4 . '
F Tpal i A ks L 3 2K
P T =~ N em o= e sy
2 'u . W, Hao-wma™ PRt o w
. ) o P TV A R TF I R L
‘H '~‘ J! . "-.ﬂ“ AN
ﬂ"‘ . -

85 o
Vo s o PR, e e 8

-
-
-
—— -
..

-
= .
»
‘--.v_
L AN
\L -
c.---
ey
-

A LENS

- -

— ., -
CRES B
y v

- - -
’Y""

- L
s

Lo b T "

Source: A. Efros




... 200 total

Source: A. Efros



Source: A. Efros
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Source: A. Efros
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Source: A. Efros



. A. Efros

Source



Source: A. Efros



Source: A. Efros



... 200 scene matches

Source: A. Efros
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Why does it work?

Source: A. Efros



Source: A. Efros
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Nearest neighbors from a
collection of 20 thousand images

Source: A. Efros



Nearest neighbors from a
collection of 2 million images

Source: A. Efros



“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.

“For many tasks, once we have a

Enter The Datal billion or so examples, we essentially
have a closed set that represents (or at
least approximates) what we need...”

Source: A. Efros



Learning

Data

%

[Learner — Model

Inference

Input — | Model | — Output

ML Iintro slides from: Isola, Torralba, Freeman



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

2y¢2=16

Source: Isola, Torralba, Freeman



%D 2 ¥ 3=36

‘= T¥1=49 Your s ()2

C:@ 5 Y5 2 =100 — brain — y — (zy)

H 2952 =16

o1 0

k=

i 3%¢5 —> || Tk y— (zy)? || —> 225
=

Source: Isola, Torralba, Freeman



|_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

Source: Isola, Torralba, Freeman



|_earning from examples

(aka supervised learning)

Training data

{mlayl}
T2, Y2} —
{$3,y3}

L.earner

— : X =Y

Source: Isola, Torralba, Freeman



|_earning from examples

(aka supervised learning)

Training data

— Learner | — f: X — Y

Source: Isola, Torralba, Freeman



Case study #1: Linear least squares

Source: Isola, Torralba, Freeman
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61.0 -
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59.5 -

59.0 -

58.5 A

Training data

® o
®
o
® o
o o ® o
® o n
o N
® . L4
59.0 59.5 60.0 60.5 61.0 61.5 62.0 X

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

Source: Isola, Torralba, Freeman

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

Source: Isola, Torralba, Freeman



62.0 -

61.5

61.0 -

60.5 -

60.0 -

59.5 -

59.0 -

58.5 A

Training data

{xi, Yi fV: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?

Source: Isola, Torralba, Freeman



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:

Source: Isola, Torralba, Freeman



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:

Source: Isola, Torralba, Freeman



Training data

62.0

61.5 -

Complete learning problem:

61.0 -

60.5 -

9*

N
afgemiﬂ > (folzi) —vi)?
i—1

N

60.0 -

59.5 A

59.0 -

arg min (6’1% -+ 6’0 — yi)Q
0
1

58.5 - | | | | | | | 1=
59.0 59.5 60.0 60.5 61.0 61.5 62.0 X

Source: Isola, Torralba, Freeman



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
T

Source: Isola, Torralba, Freeman



Training data Test query

62.0 - 62.0 -
61.5 + 61.5 -
A/
61.0 61.0 +
60.5 - 60.5 -
60.0 - 60.0 -
59.5 - 59.5 -
59.0 - 59.0 -
58.5 i 1 1 1 1 1 1 1 58.5 i 1 1 1 1 1 1 1
59.0 59.5 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
XL

A ARREEE > | fo| - > )

Source: Isola, Torralba, Freeman



Why Is squared error a good objective”

62.0

61.5 -

61.0 -

60.5 -

60.0 -

59.5 A

59.0 -

58.5 -

Source: Isola, Torralba, Freeman

Follows from two modeling assumptions
1. Observed Y'’s are corrupted by Gaussian noise:

e=Y — fo(X) e ~ N(0,0)
Y = fo(X) + e
—(y — fo(x))?

Py(Y =y|lX =x) < exp

202

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

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



Why Is squared error a good objective”

62.0

61.5 -

61.0 -

60.5 -

60.0 -

59.5 A

59.0 -

58.5 -

Source: Isola, Torralba, Freeman

I=1

= arg min Z(y — folx
1=1

)7



Why Is squared error a good objective”

62.0

Under the assumption that the data is distributed as:

Y = fo(X) + ¢ e ~ N(0,0)

N

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

61.5 -
61.0 -
60.5 -
60.0 -
59.5 A

The most probable estimate of 0 is:

59.0 -

58.5 - | | | | | | | = 0" = argemm Z(fe ($Z) o yz)2
. . . . . . 1

This is called the maximum likelihood estimator of 6.

Source: Isola, Torralba, Freeman



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

We'll use methods from optimization.

Source: Isola, Torralba, Freeman



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

In the linear case: Learning problem
e sy
0" = arg min Or12; + 09 — ;)2
g@ ;( 1 0 — Yi) :
N , r1 1 Y1
__ | . 1
= (y — X0)" (y — X0) o o
0" = argemin J(6) 2(XTX0* — XTy) =0 Solution
2J(0) _ XTXo* = XTy /
00 N 9* _ (XTX)_lXTy
0J(0) o iT~en T
0 2(X* X0 — X'y)

Source: Isola, Torralba, Freeman



Empirical Risk Minimization

(formalization of supervised learning)

Linear least squares learning problem

Source: Isola, Torralba, Freeman



Empirical Risk Minimization

(formalization of supervised learning)

Objective function
(loss)

/ Training data
Hypothesis space

Source: Isola, Torralba, Freeman



Iraining

Example 1: Linear least squares

Data

— Learner — fo

Testing

Input —> / —  Output

Source: Isola, Torralba, Freeman




—xample 2: Program induction

=0 Data

.EE . h def predict(x):
5 — Learner y = 9.0 + 2
S return y

—

H .......

a0

053 def predict(x):
-5 y = 0.8%x + 2 %OUtPUt
>, return y
-

Source: Isola, Torralba, Freeman



Example 3: Deep learning

=0 Data

= : ) . y

.C% — | Learner | — Q<g\‘/@

—

=

o] )

7 Input — Q<vg>© —> Output
=

Source: Isola, Torralba, Freeman



L earning for vision

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”

Source: Isola, Torralba, Freeman



L earning for vision

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”

Source: Isola, Torralba, Freeman



|lmage classification

Classifier |[Jmms

mage X label y

Source: Isola, Torralba, Freeman



|lmage classification

Classifier |[Jmms

mage X label y

Source: Isola, Torralba, Freeman



|lmage classification

Classifier |[Jmms

mage X label y

Source: Isola, Torralba, Freeman



|lmage classification

Classifier —— |“Duck”

mage X label y

Source: Isola, Torralba, Freeman



Y

Source: Isola, Torralba, Freeman



How to represent class labels?

{

Training data

X Y
“Fish’ }
)

“Grizzly”

| “Chameleon”}

One-hot vector

Training data

Training data

Source: Isola, Torralba, Freeman



What should the loss be?

0-1 loss (number of misclassifications)

ﬁ(y, y) — ]l('y — y) <— discrete; hard to optimize!

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

Source: Isola, Torralba, Freeman



Ground truth label 'y

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

Source: Isola, Torralba, Freeman



Ground truth label 'y

dolphin
cat
grizzly bear

angel fish

chameleon

clown fish
iguana

elephant

Source: Isola, Torralba, Freeman



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 1

Source: Isola, Torralba, Freeman



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

Source: Isola, Torralba, Freeman



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

Source: Isola, Torralba, Freeman



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!
R 62«7 dolphin |l
S — cat il
y] ZK 623 grizzly bear |}
k:l angel fish (Il
% — chameleon |l
y clown fish | I
iguana |l
elephant |l
0 1

Source: Isola, Torralba, Freeman



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;,¥i) <— maximum likelihood
Jer =1

Source: Isola, Torralba, Freeman



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

f@ZX% R

z = fo(x)

y = softmax(z)

LL.earner
Data

{x;,y; 7];\;1 — Objective — f
L(y; fo(x)) = H(y,softmax(fp(x)))

Source: Isola, Torralba, Freeman



The Problem of Generalization

Source: Isola, Torralba, Freeman



20 A

15 -

10 A

| Inear regression

Training data

{%, Z/z}f\fﬂ

T s 7 & 5 ny

f@(a’i) — 9() + 01 x

Source: Isola, Torralba, Freeman



| Inear regression

Training data

f@(])) — 9() —+ 91£E

Source: Isola, Torralba, Freeman



20 A

15 -

10 A

Polynomial regression

Training data

{%, Z/z}f\fﬂ

S & 7 5 5 by

f9($) — 6)() 6’1$ 92$2

K
_ 4 k
fo(x) = kL
k=0
K-th degree polynomial regression

Source: Isola, Torralba, Freeman



20

15 -

10 -

Training data

{xia Yi g\;l

T 5 7 & s Dy

Source: Isola, Torralba, Freeman



Training data

Test data

Y 25 A Y 25- /

20 - 20 -
15 - 15 -
10 - 10 -

5 - 5 |

0- 0 T

4 5 6 7 8 9 10 e 4 5 6 7 8 9 10
X

Source: Isola, Torralba, Freeman



Training data Test data

Y25- Y25-
20 - 20 - ,
15 -+ 15 - K /
’//
10 - 10 - /
5 - 5
//‘//
0 0 - Og (test) (test)y M
{xi =, ; = i=1
4 5 6 7 8 9 1IO 4 5 §) 7 8 9 1IO
X X
------------------------------------- (train) (train),y iid
..T.rH?-?'ﬂ'E‘i‘-Q?.’.‘.e.'C‘i‘f"I‘.Q Pr 2?.9.??.' {7, Y } ™~ Ddata
(test) (test)y iid
Pdata {37@ Y, } '~ Daata

Source: Isola, Torralba, Freeman



Training data Test data

Y25- Y 25-
20 - 20 - ,
15 - 15 - y |
’//
10 1 10 - ,
5 - c
,’.//
01 = Tte— B train train 0 - I Te— o o test test
[ Y, e,
4 5 6 7 8 9 10 4 5 6 7 8 9 10
X X
raining objective: est time evaluation:
N M
train train\ 2 testy , test)2
E (folxy™™) —y; ™) E (fo(z;%%") — y;°%")

Source: Isola, Torralba, Freeman



Training data Test data

Y 2s- Y 25-
20 - 20 1
15 - 15 -
10 - 10 A
5 - 5 -
" A {7, ¥} ~ Paata
4 5 6 7 g 9 10 X 4 5 6 7 8 9 10 v
Training objective: True objective:
N
. . 2 < 2
Z(fe(mfram) — ;") 4”{:v,y}~pdata[(f9($) —y)°
i=1

Source: Isola, Torralba, Freeman



(Generalization

“Ihe central challenge in machine learning Is that our algorithm must perform
well on new, previously unseen inputs—not just those on which our model
was trained. The abillity to perform well on previously unobserved inputs Is
called generalization.

... [this Is what] separates machine learning from optimization.”

— Deep Learning textbook (Goodfellow et al.)

Source: Isola, Torralba, Freeman



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

2y¢2=16

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

Training data

Y 25- K
o(x) = g 0.
o

15 - k — O
10 -

5 1 /‘/

/’,’// N
0 B — 9 ””” {:’177/7 y’L Z:]_
4 5 6 7 8 9 10

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

Y 25

K
fo(z) =)  Opa’
k=0

15 A

10 A

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

Y 25

20 A

15 A

10 A

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

Y 25

20 A

15 A

10 A

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

Y 25

20 A

15 A

10 A

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

Y 25

20 A

15 A

K
fo(x) = Z 02"
k=0

10 A

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

Y o5 K

20 A
15 A

10 A

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

K=7

Y 25

20 A

15 A

10 A

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

Y 25

20 A

15 A

10 A

Source: Isola, Torralba, Freeman



What happens as we add more basis functions?

Y 25

20 A

15 A

10 A

Source: Isola, Torralba, Freeman



Y 25

20 A

15 A

10 A

What happens as we add more basis functions?

| 2p AN
7/47/ 1=1

K
fo(x) = Z 02"
k=0

This phenomenon is called overfitting.

't occurs when we have too high capacity
a model, e.qg., too many free parameters,
too few data points to pin these parameters
down.

Source: Isola, Torralba, Freeman



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 known
as approximation error.

Source: Isola, Torralba, Freeman



20 -

15 -

10 -

The true function is a
quadractic, so a quadractic
model (K=2) fits quite well.

Source: Isola, Torralba, Freeman



20 -

15 -

10 A

/ Now we have zero
approximation error — the
curve passes exactly
through each training point.

But we have high

generalization error,

reflected in the gap

between the true function

and the fit line. We want to
do well on novel queries,

|, Ui ,f\;l which will be sampled

A : . 7 : : T from the green curve (plus
X noise).

Source: Isola, Torralba, Freeman



Underfitting

Y25-

20 A

15 A

10 -

High error on train set
High error on test set

Appropriate model

Y 25+

20 -

15 -

10 -

L ow error on train set
L ow error on test set

Overfitting
K=10

Y 25+

20 -

15 A

10 -

[ owest error on train set
High error on test set

Source: Isola, Torralba, Freeman



Underfitting Appropriate model Overfitting

Y25-

10

N

10

Source: Isola, Torralba, Freeman



We need to control the capacity of the model (e.q., use the appropriate number
of free parameters).

The capacity may be defined as the number of hypotheses under consideration
N the hypothesis space.

Complex models with many free parameters have high capacity.

Simple models have low capacity.

Source: Isola, Torralba, Freeman



Iraining error versus generalization error

— - Training error

nderfitting zone | Overfitting zone T
—— (Generalization error

Error

0 Optimal Capacity

Capacity |“Deep Learning”, Goodfellow et al.]

Source: Isola, Torralba, Freeman



How do we know if we are undertitting or overfitting"

25 A

20 A

15 A

10 A

Validation data {xgval), y§"a”}

e —1

\\‘-----
N
S

A S
\
N\
ﬁ-‘-----
N\
N
N

PR
-
-

N
~
I---------\.\.
~
~

Y 25-

20 A

15 A

10 -

Cross validation: measure prediction error on validation data

Source: Isola, Torralba, Freeman



Fitting just right

Underfitting”
1. add more parameters (more features, more layers, etc.)

Overfitting”?
1. remove parameters
2. add regularizers

Selecting a hypothesis space of functions with just the right capacity is
known as model selection

Source: Isola, Torralba, Freeman



Regularization
Empirical risk minimization:

N
— arg@minzﬁ(fe(Xi)ayfi) + R(@)
i=1

Source: Isola, Torralba, Freeman



Reqgularized least squares

K
fo(x) = Z 0, x"
k=0

R(@) — )\ ||(9||2 <+—— Only use polynomial ter
2 them! Most terms shou

ms If yO

d be ze

O

U really need

ridge regression, a.k.a., Tikhonov regularization

(Probabillistic interpretation: R is a Gaussian prior over values of the parameters.)

Source: Isola, Torralba, Freeman



A B C
Low A — ?
- % . Medium A — ?
High A — ?

|[Adapted from “Deep Learning”, Goodfellow et al.]

Source: Isola, Torralba, Freeman



A B C
LowA — C
. % - Medium A — B
HighA — A

|[Adapted from “Deep Learning”, Goodfellow et al.]

Source: Isola, Torralba, Freeman



Regularized polynomial least
sguares regression

L.earner

N Objective
2
> (folws) —yi)® + A|6]]3
Data 1=1
Hvpothesis space
{zi,yitie; — 7P P — f

K
fo(x) = Z 0, 2"
k=0

Optimizer

" = (@ @+ N) Py

Source: Isola, Torralba, Freeman



Underfitting

Y25-

20 A

15 A

10 -

Simple model
Doesn’t fit the training data

Appropriate model

Y 25+

20 -

15 -

10 A

Simple model
Fits the training data

Overfitting
K=10
Y 25- /
20 A *
15 -
10 -
-
a {zvi)yi ﬁil
4 5 6 7 8 9 10 ¥

Complex model
Fits the training data

Source: Isola, Torralba, Freeman



Next lecture: neural networks



