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Multivariate Gaussian distributions
• Guassian distribution is a building block of Guassian Processes

• Multivariate Gaussian distribution is defined  by: µ and 𝚺





Multivariate Gaussian distributions -
cont.
• Gaussian distribution has a nice property of being closed under conditioning and 
marginalization

•Marginalization:
• We can extract partial information from multivariate probability distribution

• Each partition X and Y only depends on its corresponding entries in μ and Σ



Conditioning
• It determinate the probability of one variable depending on another variable

• As with Marginalization conditioning leads to Gaussian distribution



Görtler, et al



Yuge Shi



Yuge Shi



Yuge Shi



Yuge Shi



Yuge Shi



Yuge Shi



Yuge Shi



Yuge Shi



Intuition behind GP
• There is a problem with above mentioned approach for nonlinear regression

• The solution lies in how the covariance matrix is generated

• The RBF kernel ensures the smoothness of the covariance matrix

• We can calculate convariance matrix for any real-values 𝑥1 and 𝑥2 by simply plugging them in

• The real-values 𝑥𝑠 effectively result in an infinite-dimensional Gaussian defined by 𝚺
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Gaussian Processes
•"A Gaussian process is a collection of random variables, any finite number of which have
consistent Gaussian distributions"

• GP is defined by:
• Mean function 𝑚(𝑥)

• Convariance function 𝐾(𝑥, 𝑥′)



Gaussian Processes are non-parametric
• Gaussian processes are non-parametric
• non-parametric = model with infinite number of parameters

• We can place a Gaussian process prior over the nonlinear function (parametric function above is 
drawn from the Gaussian process)

• We can add Gaussian noise 𝜎𝑦to the model, since the sum of Gaussian variables is also Guassian



RBF Kernel
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Computation
• How do we do computation with an infinite by infinite matrix?

•Marginalization

• We can easily compute the probability of 𝑦1 using the marginalisation property
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GP - Prediction
• To make predictions about 𝑦1 given the observation 𝑦2, we can use Bayes rules to calculate 
𝑝(𝑦1|𝑦2)

• Because 𝑝(𝑦1), 𝑝(𝑦2) and 𝑝(𝑦1, 𝑦2) are all Gaussians, 𝑝(𝑦1|𝑦2) is also Gaussian
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GP - Classification
• Covariance function (𝐾) is called the latent function 

• GP for classification also requires a link function

• The logistic function can be used

• This is complicated, because now we're multiplying normal distribution with some non-normal 
distribution, so the resulting distribution is no longer normal. Due to that, marginalization (step 
in training on observations) is much harder to compute (approximations needed)

For the binary discriminative case one simple idea is to turn the output of a 
regression model into a class probability using a response function (the 
inverse of a link function), which “squashes” its argument, which can lie in the 
domain (−inf, inf), into the range [0, 1], guaranteeing a valid probabilistic 
interpretation.
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