Pattern Recognition (Advanced)
Jdododoon oo 2

Kyoto University, ACCMS
OO000 OO00OOoooooooon

Mori Shinsuke
O 00

http://www.ar.media.kyoto-u.ac.jp/members/mori/



regularization
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linear programming classifier
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let regularization term be d
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sparse solution parameters near 0 become 0
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various variations
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first term loss function
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second term regularization term
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sequential minimal optimization
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max W (a Za, 3
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Z Z aiozjyiyjK(a:i, a:j) S.t. O S a; S C, Z(l/zyz = O

=1

only two variable parameters
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without loss of generality we choose
000000000 a, ald OO
before after

000 ( Old Old) = 00 D ( new aIQlew)

new new constant old old
ntoy = U U =a7 7y + a3y

is considered as the variable

2. a2 [0 U
new __ _old old new
af® = oy 4 (ag™® — o )9192
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sequential minimal optimization

0000000000000 (SMO algorithm) 00 2

max W (a Za, ; ZZaiajyiyjK(wi, x;) st 0<q <C, Zaiyi =0

i=1j=1 i=1

from the box constraints
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U<ad™¥ <V

case

L.yt #y 0DODO
U = max(0,a3" — o)
V = min(C,C — o™ + as'?)

case

2. Y1 = Y2 HRERE
U = max(0,a5™ + ad® - O)
V = min(C,a}'? + a3t
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sequential minimal optimization

0000000000000 (SMO algorithm) 00O 3

max W (a) = Zai - %ZZaiajyiyjK(wi, xz;) st. 0< o <C, Zaiyi =0
i—1

i=1j=1 =1

notetions for simplicity
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difference between the class and the output of the discriminant function
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Ei = flai) —yi = (Z ajyiK(a:j,a;i)ij) -y 1=12
j=1

second-order derivative along with the diagonal line

2.00000000000020000 (—k)
K = K(331,331) —|—K(332,332) —2K(331,332)
= ll¢(@1) — d(x2)|]"
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sequential minimal optimization
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max W (a Za, ; ZZaiajyiyjK(wi, x;) st 0<q <C, Zaiyi =0

i=1j=1 i=1

the analitic solution in the two variable case
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oW _
1. 5; =000

FE,— F to be checked
o = ggia AL = F) - tpbeged
K
therefore
2.0 < ™ <V
1% if V < ay®
a5 =14 ay™® if U<as™® <V

U if as™® < U

finally
3 000 anew — Oélld _|_( old new)yly2
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inimal optimization

m
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sequential
[

max W (a) = Z l—%ZZaajylyj (i, x;) s.t. OgaigC,Zaiyi:O
=1

=1 ]:1 =1

select two parameters

e 1000000000 m,n (000000 a;x, (0O00))D0OO

search for points which do not satisfy KKT condition
1. KKT(Karush-Kuhn-Tucker) D 0O OO0 0000000

let one to be «; if found

gobdbobbtdiddebog

select o which miximizes |E; — Fs|
2. |E,— B0 000000000
checking the sign

(a) 000000

full search

(b) O O O
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sequential minimal optimization

DDDDDDDDDDDDD (SMO algorithm) 00O 6

n

max W (a Za, ZZ@ a;yyi K (i, ;) st 0<a; <C, Zaiyi =0

’Llj 1 =1

select variable parameters

1. 0000000000 a1, a0 00

renew

2. ., OéQI:I 0ad

check the stop condition
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maximum entropy method
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distorted trihedron
e I UOO300

probability of each surface

00000000 p=(pi, po, p3) 00O

condition

1.py+pa+p3=1

2. p3 =2

what probabilities are reasonable

e IO DDOODODODDDOODODOO?
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maximum entropy method

000000000 (ME)

maximum entropy principle

e JUUOOOOOOO

select the model of the maximum entropy

gogobooboubobuobgobooan

in the distorted trihedron case

e U DUI30DLDOOODO

obj. func.

— gogd

wher
m}z)ixH 000 H= Z —p; log p;
1=1

— DEIDEI

Lpr+pr+p3=1
2. p3 = 2py
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maximum entropy method

00000 O0D0O0DO (MaxEnt)

from the constraints

e 00O UIDU Y
1.6
p3 = 2p1, p2=1—3p; 14
1.2
obj. func 1
e JIODO 08 ~
dH 3. 0H dp; 08—
- = Z 0.4/
dp1 i1 Opidp L/
dp;i ol

0 005 0.1

3
= — 2 (logpi+1)

from the graph
e00000 (DDODODO)

dp1

p = argmax H = (0.218, 0.346, 0.436)
p

H = mﬁxH — 1.5310
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constraint expression with feature functions
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training examples

e 1 00O OO

{(%1, yl)a (172, y2)7 B (xN; yN)}

feature functions
o []

¢i:(x7y)'_>{071}7 i€{1727"'7n}

empirical distribution
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Pr.y) = TEY
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constraint expression with feature functions

0000000 oDoooo (0o 2)

expectation value of f; based on the empirical distribution

e I DODDODDDODOD 0000

Eploi] =X P(z,y)¢i(z,y)

LY
e (000D0D0)000 P(z,y) 00000 ¢,0000
Eplé] =2, P(z,y)éi(z.y)

these must be equal

e UL ODODOOOOMO

> P(z,y)di(e,y) = Pz, y)¢i(z,y)

T,y
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maximum entropy method

gooododgdnd

obj. func.  maximize

e00OID (DLD)
H(P)=— ny P(x,y)log P(x,y)

constraint
)

nyP(xay)@(a?,y) =" P(x,y)pi(z,y) Vie{l,2, -

)

P(zr,y) >0  V(z,9)

%P(x,y) =1

O00000000P(z,y)000ODODODOO
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Lagrange multiplier method

Joooooogoogn

introduce Lagrange multipliers

e 0000 00O 0w (>0000

L(P,w)

= H(P) + ;wi(EP[¢i] — Eplei])

= - (Z) P(x,y)log P(z,y) + le 2;{13(93, y) — P(z,y)}oi(z, y)
z,y 1= z,
partial derivative is

e 0 0 O OO0(IDOD)
oL n

Py —log P(x,y) — 1 —|—i_zlwi¢i(a;,y) 0

< P(x,y) = Cexp (f: wigbi(x,y)) oooo0oOond
i=1

constant C is decided by the other constraints

e D CUODODODODDODOODODO
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parametric form
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formation in a parametric form

e 1000000 ODDODODODOOODD (DDODDOOODODOD)

1

Pw(x,y) = % exp((w - ¢(7,y)))

Tw = %eXpr - P(2,y)))

are the weights is the feature vector

wOo O0OO0OO00O¢(z,y)d D0ODOOO

search algorithm

e L OOOOONO

GIS(Generalized Iterative Scaling),
BFGS(Broyden-Fletcher-Goldfarb-Shanno)
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conditional maximum entropy model
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for discrimination

we need
e 0000000 P(ylx) O
is replaced by _

P(z,y) O P(z)P(ylx)DDDODOOO

;p(x)%:P(y\a;)@(x’y) = %p(xvy)¢i(l‘,y) Vie{1,2,-

this refers to only x in the training data

Toboboodbd2DbbO0on
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solution
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solution depending on z

e x [ 000OOMOO

Py (ylz) =

Zw(v) = 2 exp((w - $(z,y)))

are the weights is
wlOODODODODODO¢(z,y) 000000 0

(w - (. y)) = z wii(x, y)
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parameter estimation
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probability distribution
e [ 0O 0O 0O

P(y|z; w) =

minimize the following

e [ U IO OO

n
w = argmin Y _ —log P(y;|z;; w)
w =1
the frequency of x is considered because of a sum over i

000000000 000000000
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ME as a classifier

JododdndME

estimate the label y with the highest prob. for an input =
e U x0000OO0OOOOO0OOyDOOO

prob. distribution

— g 0o o o
1
P(y|z; w) = Zu(@) exp({w - ¢(z,y)))
classification can be n-ary

- 0 0 (@yO O 0o)

<>
I

argmax P(y|z; w)
y
= argmax log P(y|z; w)
y

7 el @)

= argmax (w - ¢(z,y)) — log Z,(z)
y

= argmax log
y
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regularization
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avoid over training by a regularization term

e IO OOOOOOODOOO

norm

o [,00000

. & C
Q%ngg—JogP@mxuuﬂ+"§Huﬂh

assume a Gaussian dist. as the prior

000000000 0exp(—w?/20%) O O O

norm

o L,000
min 3 —log P(yi|z; w) + Cllwl];
=1

assume a Laplacian dist. as the prior

D000000000O0exp(—o|w;|) O O O
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loss function comp.

0000000 (SVM, ME, etc.)

loss func. regularization term
e OO+ 0O O 0O 0O
. 1 n includes
min — > Loss(f (i), i) + CR(w) 0 f(z) O «wOOO
ni=1
1. SVM

HingeLoss(f(x),y) = max(1 —yf(x),0)

2. ME (y e {-1,1})
LogLoss(f(x),y) = log (1 + e—yf(w))

3. AdaBoost (y e {-1,1})
ExpLoss(f(z),y) = e /)

square loss

4.2000 (ye{-1,1})
SquareLoss(f(z),y) = (1 —yf(z))> .y’ =1
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graph of the loss functions

goooobogn

SVM: max(1l —yf(x),0)
ME: log(1 + e /()

AdaBoost:
MeanSquare: (1 —yf(x))?

ma>;(1-z, 0)
log(1+exp(-2))
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report

0 O

friday deadline
e70230(00)0 O

hand written
o [l
staple together multiple pages

e IO UOOOOOOOO
you attended

1.ifgoood

derive the objective function in the soft margin case
eI 0II0OUIIDIUIabdOOODOOOOOOO
derive in SMO
e SMOLUUIIODNU <" <VOUODO

make your own questions of equal or greater difficulty and answer them
Else 000D 0O0O0OODODDOOOODOOODOODOOOOOO

must be different from all questions in this or previous years for full credit

(0O 0OO0D ODODODOOODOODoOODoODOoOTDo Do)

questionnaire

2. 00000

what interested you

() 0000000000

what you want to learn more about

(b) 00000 DDODDOO0DD0O00O00DO0OD

other topics you want to learn

(c)00OOO0OO0OOOOOOM



