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» Conditional expectation: g > g (X)F(X/ & j>
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Covariance between 2 random variables
» Measures the extent to which X and Y vary together
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» Vectors of random variables x and y, covariance matrix:
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Covariance between 2 random variables
» Covariance between indegér’\(aent variables: pr y );}Dfx}(,@(g)
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» Note: cov[x y] = J does not imply x,y mdependent
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