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Types of square matrices: symmetric and Hermitian

 The choice of solution method often depends on the structure of a matrix. 
For example, symmetry has an impact on the eigenstructure

1

 

,  where   

1)  det  (determinant is a real scalar) 

2)  if  is Hermitian, t

  Symmetric matrix

  Hermitian matri

t

x

hen  (if exis s) is Hermitian

3)  if 

T

H H T

A A

A A A A

A

A A

A

−

•

=

= =



•

Properties of Hermitian matrices



 stands for "if

n

 and onl

, ,

y if

 are Hermitian  then  is Hermitian  

4)  if ,  are  

"

Hermitian, then  is Hermitia

B AB AB BA

A B A B

 =

+



  Skew-symmetric matrix

  Skew-Hermitian matrix

T

H

A A

A A

•

= −

= −

•



4

Types of square matrices: positive and negative, 
normal, unitary and orthogonal
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Structures of square matrices with respect to location 
of zero entries: diagonal, triangular, Hessenberg
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Structures of square matrices with respect to location 
of zero entries: bidiagonal, tridiagonal, banded
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Structures of square matrices with respect to location 
of zero entries: block, block diagonal and tridiagonal
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Inner product
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Euclidean inner product
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Vector norms
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 Norms are needed to measure lengths of vectors and closeness of 
two vectors (or matrices). 

 Examples of using vector norms: estimate convergence rate of an 
iterative method; estimate the error of an approximation to a given 
solution
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Particular cases of vector norms
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Matrix norms
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Operator matrix norms
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 Often the term “matrix norm” refers to an operator matrix norm. 
These operator norms are considered as proper matrix norms. 
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Particular cases of non-operator matrix norms
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Particular cases of operator matrix norms
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Important relations

2 2
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