Gaussian Distributions

Properties of Gaussians

X ~N(u,0%)
Y=aX+b

} = Y~ N(au+b,a’c?)
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Gaussians (1D)

Gaussian with mean (u) and standard
deviation (0)
X ~N(p,0%)
a1 (@ - )?
p(z;p,o )—U\/ﬂexp( 552 )
p(w; p,0°)
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Properties of Gaussians
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Picture from [Bishop: Pattern Recognition and Machine Learning, 2006]

Gaussians (2D)

p(x)=N(1,Z)
X J
a a
X = , ‘LL =
xh ‘ll/)
Y = aa 2ab
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2D examples
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= u=[0;0] w=1[0; 0] w=1[0; 0]
C =100 1] 3=[60;0.6] 3=[20;02]
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w=1[1;0] w=[-.5; 0] w=[-1;-1.5]
2=[10;0 1] ==[10;0 1] ==[10;0 1]
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2D examples

w=[0; 0] w=[0; 0]
==[10;01] - ==[105;05 1]
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Pictures from [Bishop: PRML, 2006]
2D examples

Marginalization / Conditioning

Marginalizing joint distribution results ‘

in a Gaussian o
IR N 2w 24 p(x,)= f plx, ,xh)dxm
— g 'xh ‘u/) Ehu E/m

p(x)=N(g,.%,)
Conditioning also leads to a Gaussian

. / px, |x,)= N(‘ua\b’ Za\b) K
T My =M, + Eabzgl];(xb - u,)

u = [0; 0] w = [0; 0] w=[0; 0] ) Prior mean
£=[1-05;051] - £=[1-08;081] - £=[108;08 3] Gross conariance Prorierianee &) Oneerved (0
Zu\h =2 -2,2. 2%
Prior Variance (a) Shrink term (>=0)
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