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Optimization
Steepest descent
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Constrained optimization: minimize J(#) under the constraints
c1(0)=0,...,cpm(0) =0

First order condition for local minima:
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Differentiation
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Multidimensional Normal Distribution
1 1 T -1
= _7(x_m) c (x_m)
f(x) (27r)d/2|0|1/26
Conditional normal distributions. If x and y are jointly Gaussian, i.e.,
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then the distribution for y conditioned on x is also Gaussian with mean
m = my + Cy; C; ' (x — my)
and covariance matrix
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Statistics and Estimation
Maximum likelihood (ML) estimation

0* = arg mgxp(obser’uatz’onsW)
Maximum a posteriori (MAP) estimation

0" = arg mgxp(0|0bse7“vatz'ons)
Bayes theorem:
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Minimization of Bayes risk:
Determine the conditional risks:
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R(ai|x) = ZAijP(Cjb()a 1= 1,2,... ,I
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and choose the action aj which yields the smallest risk.

Fisher’s Linear Discriminant:

Sw =251+ SQ, Sp = (m1 — mg)(ml — m2)T
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Unsupervised Learning:
Mizture density:
J
Fxlw) =" P(ej) f(xlej, wy)
j=1

C-means Clustering:

1. Choose the number of classes, J.

2. Choose prototype vectors w;,j =1,2,...,J.
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. Classify each pattern.

4. Recompute estimates based on the classification.



5. Return to step 2 if not consistent.

Principal Component Analysis

Cwj=\w;, C=FE{(x-mg)(x—m;)"}, m,=FE{x}

Karhunen-Loéve Transformation and Ezpansion for patterns from a zero
mean distribution:

y=WTx, x=Wy

Classical Parzen Windows:

d = Dimension of the pattern space.

N = Number of patterns

Vy = Volume of a hypercube with edge length hy, Vy = (hy)%.
kny = Number of samples inside the hypercube.

F(x) ~ kN/N 1%% X — xn
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where ¢ is a d-dimensional unit step function.
The Delta Rule (LMS):

yj(n) = wjx(n)
dj(n) dj(n) —y;(n)
Awj; = ndj(n)zi(n)

wj;: Weight from node # i to node #j

y;:  Output from node # j

d;: Desired output

z;: Component # i of the pattern vector x.



Error Backpropagation:

6i(n) = ej(n)s'(vj(n)), ej(n)=d;(n)—y;(n) (output layer)
§j(n) = s'(vj(n)) ) Sk(n)wgj(n) (hidden layer)
k

Awji(n) = ndj(n)zi(n) + alAwji(n —1)

Linear Regression:

y=ATx+e

Ordinary Least Squares Regression:

Aors = (XEXN) ' XX YN
where
XN = (X(1)7 X(2)a ... 7X(N))T

and

Ridge Regression:

Apr = (XL XN + M) 7' XYy

Principal Component Regression:
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Learning Vector Quantization:
Update the winner w:
w;(n) +n(n)[x —w;j(n)] if right class
wj(n+1) =
w;(n) —n(n)[x —wj(n)] otherwise

where 0 <n < 1.



