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Singular Value Decomposition (SVD)

 What is Singular Value Decomposition (SVD)?

 Properties of SVD

 Computation of SVD
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What is SVD?

 What is Singular Value Decomposition (SVD)?
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 Relationship to AAT and ATA
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SVD Computation Steps
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 The SVD computation consists of three steps:
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Step 1: QR Decomposition
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Putting it all Together

1

1
0

 Compute QR factorizati     on of   
R

A QA
 

  
 



 The overall SVD algorithm

1

1 1 1

1

2 1 1 2

upper bidiagonal

( , ) or ( , )
0

 Compute bidiagonalization of   
T

B

T T T T

B m n B m n B B

Q R V B

B
U Diag Q I Q U Q Diag Q I U AV B

R

 

 

 
    

 



 , 1 , 1 1, 1

11

22

33 22

33

set to zero if  for any 1,... 1

 Find the largest  and smallest 

0 0

0 0
where is diagonal and  has nonzero super 

0 0

0 0 0

  DO for ever 

i i i i ii i ia a a a i n

q p

A p

A n p q
A A A

qA

m n

      



 
 

 
 
 
 

 





22

22

diagonal,

 any diagonal entry of  is zero, zero the super diagonal entry in the same row

                     Apply  step

if q = n

 to 

, q

 

uit

else, i

         

f

else Golub-Kahan SVD

               

A

A

A Diag end if

   

( , , ) ( , , )   

          end if

        end DO

T

p q m n p qI U I ADiag I V I 



Copyright ©2004 by K. Pattipati 19

Matrix Approximation

 SVD Properties and Applications:

• Approximation of a noisy matrix
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Orthogonal Procrustes Problem - 1
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Intersection of Null Spaces - 1
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Robust Control
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Robust Control & SVD
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Summary

 Properties of SVD

 Computation of SVD

1

1 1

1 1 2 1

1

0

:

                

 

       
0

 QR Decomposition

Bidiagonalization of

 Implicit QR with Wilkinson shift to diagona

     

lize 

 

    

 

T

B

T

R
A Q R Q

R R Q BV

B
B U V

B

 

 
   

 



 
   
 







 Applications

 Approximation of a noisy matrix by a matrix of lower rank.

  Orthogonal procrustes problem

  Intersection of null spaces

  Robust Control

        

 

                       









1 2,Net Result: ; ( ) ;T

m n BA U V Q Diag Q I U V V V    


