K-NN Cross-Validation: MINIST Digits

5 fold cross validation
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test set error rate

K-NN Performance: Shape Contexts

0.3

0.25

0.05

?ﬂk | -
~-x . ___

~-— g

-

4000 6000 8000

size of training set

2000

Alternative Distance Measures

10000

0.06

0.05%

1 '0.04F

size of training set

Choice of Neighborhood Size K

Belongie, Malik, & Puzicha, PAMI 2002




MNIST: Shape Context Errors

210:8 7 448:4 = 9 58 8—+3 60280 127 848:8 =9 1084: 80 11124 =6 1227: 72
1248; 9 = 5 1300: 5= T 132083 1531 B =7 1682 3= T 1710: 9= 5 179 2= 7 179 B =2 3 1902 9 = 4

o
-
-
P
~

T

2415 8 20745+ 8 2099240 213: 49 218% 12 2238 5~ 8 24484 9

2588: 5+ 3 26556 -1 T2 4489 208 7 WEX 8 =8 W74 =2 3251 2—r6: M2E 8 MTE 3T

2BBX P T

)
O\
Y
\y

el
o~
O
O
J

3668: 50 30294 B51:8- 4 40848 =7 4164:9 =7 42021 =7 4370 8- 4 4458: 8 =7 4508: 97
488X 9 =7 47X 89 476294 575 =32 58385 —3 G855 27 BET2 07 G577 T =1 GEOB: 07
1 -
"
6E34: 1 —y 8068 8— 0 B250cB— 4 831772 BE26: 4 — 9 9508: T — 2 SR G =T 97k 5 =6 S851:0— 6

\)

2 /776

=
N




K-NN Cross-Validation: Nursery

5 fold cross validation
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Sum-of-Squares Error Function
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Slides adapted from Bishop’s “Pattern Recognition and Machine Learning”



The Gaussian Distribution

N(z|p,0?)
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Central Limit Theorem

The distribution of the sum of N i.i.d. random
variables becomes increasingly Gaussian as N
grows.

Example: N uniform [0,1] random variables.




Geometry of the Multivariate Gaussian
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Moments of the Multivariate Gaussian (1)
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Moments of the Multivariate Gaussian (2)
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Partitioned Gaussian Distributions




Partitioned Conditionals and Marginals

p(Xa|xp) = N(Xa‘“awv 2a|b>

Sap = Agy =Baa — Zar Sy Sha
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p<Xa> = /p(Xa,Xb)de
= N(Xaltty, Xaa)




Partitioned Conditionals and Marginals
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Bayesian Linear Regression (1)

Define a conjugate prior over w
p(w) = N(w|myg, So).

Combining this with the likelihood function and using
results for marginal and conditional Gaussian
distributions, gives the posterior

p(wlt) = N(w|mp,Sy)
where
my = Sy (Salm0+ﬂ‘l)Tt>
Sy = Sgl+pele.




Bayesian Linear Regression (2)

A common choice for the prior is
p(w) = N(w|0,a7'T)

for which
my = [Sy®'t
Sy ol + 32" ®.

Next we consider an example ...




Bayesian Linear Regression (3)

0 data points observed

Prior Data Space




Bayesian Linear Regression (4)

1 data point observed

Likelihood Posterior Data Space




Bayesian Linear Regression (5)

2 data points observed

Likelihood Posterior Data Space




Bayesian Linear Regression (6)

20 data points observed

Likelihood Posterior Data Space
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Regularized Least Squares (1)

Consider the error function:
ED<W) -+ )\Ew<W)

Data term + Regularization term

With the sum-of-squares error function and a
qguadratic regularizer, we get

1 & A
9 Z{tn —w p(xn)} + §WTW
n=1

, is called the
regularization
coefficient.

which is minimized by
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Regularized Least Squares (2)

With a more general regularizer, we have
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Lasso Quadratic




Regularized Least Squares (3)

Lasso tends to generate sparser solutions than a
guadratic
regularizer.
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Predictive Distribution (1)

Predict t for new values of x by integrating
over w:

p(tlt, a, f) = / p(tlw, B)p(wlt, a, B) dw
— N(tmEe(x), 0% (x))
where

% 1 $(x)TSn(x).
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Predictive Distribution (2)

Example: Sinusoidal data, 9 Gaussian basis functions,
1 data point




Predictive Distribution (3)

Example: Sinusoidal data, 9 Gaussian basis functions,
2 data points




Predictive Distribution (4)

Example: Sinusoidal data, 9 Gaussian basis functions,
4 data points




Predictive Distribution (5)

Example: Sinusoidal data, 9 Gaussian basis functions,
25 data points




