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Four Ways to Solve Least Squares Problems

• Many applications lead to unsolvable linear equations 

Ax=b → produce a best solution

• The least squares method chooses x to make ||b-Ax||2

as small as possible

• ATA: attractive symmetry, but size, condition number

• Large, ill-posed problems?
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ATA or ATCA

• In large problems, ATA is expensive and often 

dangerous to compute

– How to avoid? A=QR → Rx=QTb

– Try not to compute: orthogonal matrices, triangular matrices

applications ATA (or ATCA), C: positive diagonal matrix

Mechanical engineering Stiffness matrix

Circuit theory Conductance matrix

Graph theory Graph Laplacian

Mathematics Gram matrix (inner products of columns of A)
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Normal Equations (1)
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Normal Equations (2)
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Gram-Schmit

columns of  are still assumed to be independent, but not to be orthogonal

ˆ is a diagonal matrix and solving  needs work.

ˆ the columns of  is easy to find

operation counts do

orthogonalize
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Pseudoinverse of A: A+

(when A is not invertible)
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Pseudoinverse of A: A+



Applied Mathematics for Deep Learning Highlights of Linear Algebra - 8

Pseudoinverse of A: A+
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Least Squares with a Penalty Term

(Ridge Regression)
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