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13 6. Convolutional Neural Network (CNN)2] &

Convolutions

Higher-level features:
Combination of edges

Low-level features:
Edges

Input: Pixels

1% 7.Deep Belief Network (DBN)¢] +Z
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—O6— Test

3.4.3 Occam’s Razor
® Principle proposed by William of Ockham in the fourteenth century:
“Pluralitas non est ponenda sine neccesitate”.
® Of two theories providing similarly good predictions, prefer the simplest one.
® Shave off unnecessary parameters of your models.



3.4.4 Regularization & Structural Risk Minimization (SRM)

i Rreg[er] = Rtrain[f] + y”W”z
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3.4.5 MAP

® Maximum A Posteriori (MAP):
f = argmax P(f|D)
= argmax P(D|f) P(f)

= argmin -log P(D|f) —log P(f)
N J \ J
Y
Negativeylog Negative log
likelihood = prior =

Empirical risk Remp[f] Regularizer Q[f]

® Structural Risk Minimization (SRM):
f = argmin R, [f] + Q[f]



3.4.6 MDL
® MDL: minimize the total length of the “m
essage’.
® Two part code: transmit the model and th
e residual.
® f = argmin -log, P(D|f) -log, P(f)

N J\ J

Residual:\lgngth Leng’ag of the

of the shortest shortest code to
code to encode  encode the

the data given model (model
the model complexity)

3.4.7 Bias—Variance Tradeoff
® f trained on a training set D of size m (m fixed)
® For the square loss:
Ep[f(x)-y]? = [Epf()-y]° +  Ep[f(x)-Epf(x)]?

\ J \ y, N J
M N NG
Expected Bias? Variance
value of the
loss over

datasets D of
the same size
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