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7. Symmetric Positive Definite Matrices

• Test for Positive Definite Matrix

– All eigenvalues of S are positive (S: real symmetric matrix)

– Energy xTSx is positive for x≠0 (best!)

– S=ATA with independent columns of A

– All the pivots are positive 

– All the leading determinants are positive

• Second derivative matrix is positive definite @ a 

minimum point

• Semidefinite allows zero 

eigenvalues/energy/pivots/determinants
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Multivariate Calculus
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Optimization (1)
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Optimization (2)
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Gradient Descent: Downhill to a Minimum
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Gradient Descent: Convergence
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Example with Zig-Zag
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Descent with Momentum
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Descent with Momentum: Quadratic Model
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Nesterov Acceleration
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Momentum vs. Nesterov
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