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Learning and Bayesian inference
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Nonlinear regression
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Sampling fromP(f)

N =5; % The number of training points.
sigma =0.1 % Noise variance.
h=1; % Kernel parameter.

% Randomly generate training points on [-5,5].

X =-5+ 10*rand(N,1);

X = (-5:0.1:5)" % The test points.

n = size(x,1); % The number of test points.

% Construct the mean and covariance functions.

m = inline('0.25*x."2', 'x"); % another example: m = inline('sin(0.9*x)";’
K = inline(['exp((-1/(h"2))*(repmat(transpose(pxs(q)) - repmat(q,size(transpose(p)))).*2)'], ¢.'\h";

% Demonstrate how to sample functions from therprio

L=5; % Number of functions sampled from the prior P(f)
f = zeros(n,L);
for i=1:L,
f(:,1) = m(x) + sgrtm(K(x,x,h)+sigma*eye(n))*ranm1);
end,;

plot(x,f,'linewidth’,2);
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Posterior fit

Active learning with GPs
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2D sensor placement application by
Andreas Krause and Carlos Guestrin
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GP regression

Zero-mean GP prior
p(f) = N(0,K)

Gaussian noise/ likelihood
y=f4e, Elexex)] =00 pylf) =N(f, o)

Themarginal likelthood (evidence) is Gaussian:

p(y) = /dfp(y!f)p(f)
= N(0,K + o)



GP regression

(Xt y) = ({xnt A fnt {’yn})ﬁ’ﬂ Train set
(XT:fTaYT) — ({Xt}a{ft}a{yt})gjzl Test set

Both setsare, by definition, jointly Gaussian:
p(f* fT) — N(O* KN+T)

Ky K J\TT}

KN T —

Thejoint distribution of the measurementsis:
p(y.yr) = N0, Kyir + 021)



GP regression
The predictive conditional distribution is Gaussian too:
p(YT‘Y) — N(IJ’T? ET) ;

= Kon [ Ky + 021]_1y
2 = Kp — Koy [KN + 021]_1KNT + 0’1



GP regression

% Generate random training labels.
F = m(X) + chol(K(X,X,h)+sigma*eye(N))*randn(N,1);
M = m(X);

% COMPUTE POSTERIOR MEAN AND VARIANCE
S = eye(N)*sigma + K(X,X,h);
y = m(x) + K(X,x,h)*inv(S)*(F - M);
y=Yy,
fori = 1r

Xi = x();

c(i) = sigma + K(xi,xi,h) - K(X,xi,h)*inv(S)*K(xi,X,h);
end

% Plot the mean and 95% confidence intervals.
plot(x,y-2*c,'g-','linewidth',3)
plot(x,y+2*c,'g-",'linewidth’,3)
plot(x,y,'r','linewidth’,3)
plot(X,F,'bx','linewidth’,15)



Parameter learning for GPs:
maximum likelihood

L = logp(y|x,0)
—2log |X] — 3y —p) ' XNy — p) — Zlog(2n)

For example, we can parameterize the mean andianca

f ~GP(m, k),
m(z) = ax® +bx+c
S e O
(z,2") = o exp(— 573 ) + o5 b

0 ={a,b,c Oy, Oy l}



Directed Graphical Models
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