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Least Squares Partial Derivatives
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Gradient and Critical Points inRimensions
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Matrix/Norm Notation (MEMORIZE/STUDY THIS)

A To solve the dlimensional least squares, we usetrix notatiorn
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Matrix/Norm Notation (MEMORIZE/STUDY THIS)

A To solve the dlimensional least squares, we usetrix notatiorn
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Matrix/Norm Notation (MEMORIZE/STUDY THIS)

A To solve the dlimensional least squares, we usetrix notatiorn
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Matrix Algebra Review (MEMORIZE/STUDY THIS
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Linear Leasbquares
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Linear and Quadratic Gradients
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Linear and Quadratic Gradients
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Normal Equations
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Incorrect Solutions to Least Squares Problem
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Least Sguares Issues

A Issues with least squares model: X is nxl

I Solution mighthot be unique .
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NonUniqueness of Least Squares Solution
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A A function isconvexif the area above the function is a convex.set
I All values between any two points above function stay above function.



Convex Functions
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How do we know If a function 1S convex?

A Some useful tricks for showing a function is convex:
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How do we know If a function 1S convex?

A Some useful tricks for showing a function is convex:
i 1-variabletwice-differentiable function is conveff ¥ Q Q 0 2 NJIx | tnf
I A convex functiomultiplied by noanegative constanis convex.
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