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O OBJETIVO
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You can't connect the dots looking
forward; you can only connect them
looking backwards. So you have to

trust that the dots will somehow

connect in your future.

-Steve Jobs



O OBJETIVO
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Em qual modelo acreditar ?
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Navalha de Occam - A hipotese mais provave
mais simples e consistente com os dados

Solucao de

Compromisso Overntting

Inadequado




Gaussian Processes - Priors over functions

0 0.5 1
input, x

(a), prior (b), posterior



Interpolacao polinomial



SINAL (senoidal) + RUIDO

M
y(z, w) = wg + w1z + waz® + ... + wyz™ = ija:j
=0



Ajustando: erro médio quadratico

A
¢ ot

E(w) =

l\.’)lr—*
||M2

minimizador W

IEn,W) — tn}2 g ERMS — \/ZE(W*)/N
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Melhor Interpolacao

1_

t
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-1t

Polinomial

M=0 -

t

4 0 L

M=3 |

1t

-1t

[es ] 5
=

0 s 1

y(z, w) = wo + w1z + wex® + ... + wyz™




Coeficientes dos polindmios interpoladores

M=0 M=1 M=6 M=9
w 0.19 0.82 0.31 0.35
w -1.27 7.99 232.37
w -25.43 -5321.83
Wy 17.37 48568.31
wy -231639.30
Wi 640042.26
wy -1061800.52
w3 1042400.18
Wy -557682.99
wy 125201.43
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Overfitting (Treino é treino, jogo € jogo)

—©6— Training
—6— Test

Conjunto de 100 pontos de teste.
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Treinando com mais dados
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Coeficientes dos polindmios interpoladores
- 0 efeito regularizador

InMA=—-00 InA=-18 InA=0
wy 0.35 0.35 0.13
wy 232.37 4.74 -0.05
ws -5321.83 -0.77 -0.06
wy 48568.31 -31.97 -0.05
wy -231639.30 -3.89 -0.03
Wr 640042.26 55.28 -0.02
wg | -1061800.52 41.32 -0.01
wy | 1042400.18 -45.95 -0.00
wg -557682.99 -91.53 0.00
Wy 125201.43 72.68 0.01



Domando o Overtf
(Equilibrando Trei

P

itting

no e Jogo)
Training
Test

-35 -30 In \ =25 -20
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Uma abordagem bayesiana



"Teoria da probabilidade ndo é nada além de
senso comum reduzido ao calculo” - Laplace

..........

"Senso comum nao é nada comum” -
Voltaire .



Sir David John Cameron MacKay

(22 de Abril 1967 — 14 de Abril 2016)

David J.C. MacKay

Information Theory, Inference,
and Learning Algorithms

i’w \;

f d
. ":‘ﬂ}i 't

A ‘ ‘

Cambridge University Press, 2003
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Busca por padrdoes — FAQ Linux

Teorema de Bayes

Z a; Pi

z 1 a 0.0575 a
a - 2 b 0.0128 b
b . 3 ¢ 0.0263 c
c . 4 4 0.0285 d
d H 5 e 0.0913 e
e - 6 £ 0.0173 <
f n 7 g 0.0133 g
% . 8 h 0.0313 h
i . 9 i 0.0599 i
3 10 j 0.0006 j
i . 11 k 0.0084 K
1 - 12 1 0.0335 1
m . 13 m 0.0235 m
n | 14 n 0.0596 n
o o 15 o 0.0689 o
5 - 16 p 0.0192 p
r - 17 q 0.0008 q
S 18 r 0.0508 r
t l 19 s 0.0567 s
u = 20 t 0.0706 t
v 21 u 0.0334 u
w " 22 v 0.0069 v
;‘, o - 23 w 0.0119 w
2 . . A : 24 x 0.0073 x
“ . . I 25 y 0.0164 y

LA TR RN | (TR L RE) | LER 56 v 0.0007 )

abcdefghijklmnopqrstuvwxyz— y 27 —  0.1928 -




Teorema de Bayes

| N<M E < 2ot B, 000 B BHRWHDHhoQOT'Y 8
| N<M s < 2ct i R, 000 B BHRWHEP'OFHOQLOT'Y 8

(IR IR RN ERE | EREEEY KN B
abcdefghijklmnopqrstuvwxyz— y abcdefghijklmnopqrstuvwxyz— y

(a) P(y|x) (b) P(z|y)



P(z|y, H)P(y|H)

P(z|H)
P(z|y, H)P(y | H)

>y Plx|y,H)P(y' |H)




Previsao Bayesiana

O preta 1 preta 9 pretas 10 pretas
10 brancas O brancas | s, 1 branca 0 brancas

Urna u contém u bolas pretas e 10-u bolas brancas

Carlos seleciona uma urna ao acaso e retira N vezes com reposi¢ao
N=10 retiradas e n;, = 3 pretas foram observadas

Qual a probabilidade que Carlos esteja usando a urnau ? .



Inferéncia

O preta
10 brancas

1 preta
9 brancas

N=10 retiradas e n;, = 3 pretas foram observadas
P(u,np|N)
P(np|N)
P(np|u, N)P(u)

P(u|'nB,N)

9 pretas
1 branca

10 pretas
O brancas

P(np|N)
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Vocé ndo pode fazer inferéncia sem fazer
hipoteses

QWO ~NOULIPDPWNEFLO ~

012345678910 np

P(ng|N) = ZPunB|N ZP(u)P(an,N)



0.3 -
0.25 A
0.2 -
0.15 A
0.1 -
0.05 - ‘

lllllllllll

01 2 3 45 6 7 8 9 10
u

Pulns=3,N)  P(u|np,N) ”“}f(”?z'%’m
nB

0

0.063 1 1 (N

0.22

099 P(’n,B|N) 11 \np

0.24

0.13

0.047

0.0099

0.00086

0.0000096

0 27

)fng(l T fu)N_nB
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P r e d I Ct I O n The art of prophecy is very difficult, especially with

respect to the future.

(Mark Twain)

0.3 1
0.25 4
0.2
0.15 4

0.05 A

|||||||||||

01 2 3 456 7 8 910

— P(ballyy is black [np=3, N =10) = 0.333

0

0.063
0.22
0.29
0.24
0.13
0.047
0.0099
0.00086
0.0000096
0

Soo~Nouhwo—O|R
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Previsao Bayesiana

p(y* ‘D) — /p(y* |D, e)p(e D) do
W) = s Baves |
oy D) — L2 O)p(DIO)p(6) dF
* /(D0 )p(6') dO’

Custo exponencial com o numero de parametros



Interpolacao Polinomial — O Retorno

M=3 |

ot
[
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A abordagem bayesiana

p(t|lz,w, B) = N(t|ly(x,w),3~')  Modelo de Erro

Yy(zo, W)

-

Zo
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N input va.
t target val

p(tx, w, 8) = HN

Inp(t|x,w, ) =

_2n_

p(t|x, wmr, Omr)

Minimizando

WML

= N (tly(z,

N

ues x = (w1,...,xn)7
ues t = (t1,...,tn)7

|y Tn, W ) Independéncia dos Erros
g N
_z:l{y(xnaw -+ 9

—Ing — B) In(27).

WML)) /81\_/111;) .



A abordagem bayesiana completa

Priori sobre os coeficientes

(M+1)/2
p(w|a) = N(w|0,a 1) = (%) exp {

p(w|x,t, o, B) o p(t|x, w, B)p(w|c).

MAP (Maximum a posteriori)

Minimizar:

2

N
Equivale a ,5 0}
q. .. 5 E— (:Un, — tn}2 —+ WTW A -

o
——w'w
2

jevipe

|
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Predicao Bayesiana
(Tome médias levando em conta toda a incerteza)

p(t|z, X, 1) = / p(t|, w)p(w|x, t) dw.

J

p(tlz, x,t) = N (tjm(z), s*(z))




L . INCERTEZA DA OBSERVACAO
Predicao Bayesiana +
INCERTEZA NOS PARAMETROS

p(tlz, x,t) = N (t|m(z), s*(z)) DO MODELO

a=5x10"" I
B =111 < N\

0]

Como escolher ?
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Cross-validation and Model Choice

]

i

i

run 1

run 2

run 3

run 4



Posterior, likelihood, prior, evidence

D |6, H)P(8|H)

P@©|D,H) = Ll D70

_ likelihood X prior
posterior = . :
evidence

37



A Navalha de Occam
Quais os dois proximos numeros ?

Ou
-19.9, 1043.8 ?

-1,3,7,11, 7, ?

15,197 (somar4)

—x3/11 + 9/11z2% 4+ 23/11°7

“A theory with mathematical beauty is more
likely to be correct than an ugly one that fits
some experimental data ”— Paul Dirac
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A Navalha de Occam

H, — the sequence is an arithmetic progression, ‘add n’, where n is an integer.

H,. — the sequence is generated by a cubic function of the form z — ca3 +
dx? + e, where ¢, d and e are fractions.

OCCAMS ) - William of Occam

1287 - 1347

A Parsimonious
Shave Every
Time!

Entia non sunt multiplicanda sine necessitate
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Lancamento de moedas — Selecao de Modelos

Observation of a sequence of the letters a and b

The probability, given p,, that F' tosses result
in a sequence s that contains {F,, Fp} counts of the two outcomes

Probability of string s P(S |pa, F, Hl) — pfa(l - pa)Fb.

[For example, P(s=aaba|p,, FF =4, H1) = papa(l — pa)pa.|

Priori P(pa | ’}-{1) =1, p,€ [O, 1]

40

and pp, =1 — pa,.



Probabilidade posteriori de Pa

P(s|pa, F,H1)P(pa | H1) BAYES

P(pa|s, F, Hy) P(s|F, H1)

:

Constante (F,+ DI(F, + 1) F,\FK)!

1
— Fa — Fy — — ‘
Normalizadora © (81 F71) = /0 dpa pa*(1 = p) I'(Fa+ Fp +2) (Fa+ Fp +1)!

= Evidéncia 41




Do ajuste para a previsao

P(a|s,F) = / dpa P(a|pa)P(pa |8, F)

F 12
paa(l_pa) °
P — a Ma
=) /dp ’ P(s| F) REGRA DE

Fat1(1 _ Fy
— / dp, P (1= Pe) LAPLACE
P(s| F)

[(Fa+1)!Fb!]/[ F R ]_ Fy+1
(ot B+ 2|/ |(F s R+ 1) Fo+ Fp +2




Selecao de modelos

Outro cientista introduz um outro modelo: G@

Hipothesis Hy: probability of a is pg = %
- P(s|F,H1)P(H,)
P(H1|S,F)— P(S|F) :
Como selecionar o modelo ? VS.

s| F, Ho)P(Ho)
P(s|F)

P(H0|S)F): P(

P(s|F)= P(s|F,H1)P(H1) + P(s| F,Ho)P(Hop)

43



Selecao de modelos
Defining pg to be 1/6, we have
P(s| F,Ho) = (1 — po)®  =Eidénc
Thus the posterior probability ratio of model H; to model Hj is

P(Hi|s,F) _ P(s|F,’Hi)P(H,)
P(HOISaF) P(S|F>HO)P(HO)

Fa!Fb! Fa F
(Fa+Fb+1)!/p0 (1= po)™.

How model comparison works: The evidence for a model is
usually the normalizing constant of an earlier Bayesian inference.

44




Comparando modelos

P Hl S,F
F  Data (F,, Fy) PEHO:S F;
6 (5,1) 9992.2
6 (3,3) 2.67
6 (2,4) 0.71 =1/1.4
6 (1,5) 0.356 =1/2.8
6 (0,6) 0.427 =1/2.3
20  (10,10) 96.5
20 (3,17) 0.2 =1/5
20 (0, 20) 1.83
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Ho is true H; is true
pPa=1/6 pa = 0.25 pa = 0.5

g '1000/1 g 1000/1 g | '1000/1
4 100/1 4 1001 4 100/1
o 10/1 o 101 o 10/1
0 /\/\ﬁ\wm o! 11 0y 1
-2 110 -2 110 -2 1110
4 | 1100 4 1100 4 1/100

0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
g '1000/1 g '1000/1 g 1 od '1000/1
4 100/1 4 10011 4 100/1
5 10/1 5 101 o 10/1
0 “\kkﬁwm 0 1 p St ol 11
-2 110 -2 110 -2 1110
4 | 1100 4 | 1100 4 ~1/100

0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
g '1000/1 g | '1000/1 g '1000/1
4 100/1 4 10011 4 100/1
o 10/1 5 101 o 10/1
0 Mm 0 | 11 ol 1/1
-2 1/10 -2 110 -2 110
4 | | 1/100 -4 | | 1100 4 | - 1/100

0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 46



Navalha de Occam — Ajuste de modelo

1 — First level of inference

P(w|D,H;) = P(Dlw, H:) P(w|H,)

P(D|H;)

Likelihood x Prior
Evidence

Posterior =



Navalha de Occam — Comparacao de modelos

2 — Second level of inference

P(H;| D) « P(D | H;)P(H;) | Pw| D,y
Pwln)
P(D | HZ) = /P(D | W, HZ)P(W | Hz) dW / : ‘/,/', vv|MP \\‘\

For many problems the posterior P(w | D, H;) « P(D |w,H;)P(w|H;) has
a strong peak at the most probable parameters wyp

12

P(D|H;) P(D | wyp, Hi) X P(Wype | Hi) 0w|D

Evidence ~ Best fit likelihood x Occam gmctor

Occam factor =




e

P(D |H3)
P(D|Hz2)

oo
°

——P(D|H)

™~
\\/
¥

<]
\-1
"

D¢t

Dy

49



Probability theory reaches parts that ad hoc
methods cannot reach

P(t|D,I) = Zp(t | D,H,I)P(H|D,I). Previsdo Bayesiana
H

P(D|H,I)P(H|I '

P( I D, I) p— ( P(D)I I)( I ) Test of Predictions *dictions
P(D|IAH)P(A|H

px| Do) = PRINHOPAH)

P(D |
(DIH) . EVIDENCE




Machine Learning: Treino, Teste, Previsao e Acao

Colete
mais
DADOS

Escolha quais
DADOS adicionais
coletar

Colete
DADOS

d

4

Crie MODELOS
Alternativos

Ajuste cada MODELO
aos DADOS

\ 4

Atribua preferéncias
aos MODELOS alternativos

N

Escolha futuras ACOES

Crie novos
MODELOS

Decida se deseja

criar novos
MODELQOS
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