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Chapter 0

Review from linear algebra

0.1 Linear equations and systems

Definition 0.1.1. A system of linear equations is a collection of linear
equations in the same variables x1, ..., z,, that is

1121 + a12%2 + - + a1 Ty = by

2171 + A2 + -+ - + A2pTp = b2

n1T1 + Ap2T2 + -+ + QppTn = bn

A system of linear equations is called consistent if it has either one of
infinitely many solutions. If a system has no solutions it is called inconsistent.

When a system has more equations than variables we call it overdeter-
mined. If there are more variables than equations we call it underdeter-
mined.

Definition 0.1.2. The coefficient matrix, A, is a rectangular array having
m rows and n columns where the coefficients of the system are recorded. The
right—hand side vector, b, is a column that records the right—hand sides of the
equations. That is,

aiq ai12 . A1n bl
asy a2 ce. Qo2p b
A= b=
bm,
Am1 Am2 oo Qmn

For any i =1,2,...,m and j = 1,2,...,n, we refer to a;; as the (4, j)th entry
of the matrix A and to b; as the jth entry of the vector b.
We can combine the above information into one matrix, called the augmented



Chapter 0. Review from linear algebra 6

matrix of the linear system, as follows:

a1 a2z ... ain | by

a21 as2 N Qaon b2
[A]b] =

Gm1 Am2 - Gmn | bm

Definition 0.1.3 (Operations that preserve solution set). The following three
operations preserve the solution set of a system of linear equations

1. Add a multiple of one equation to another equation.
2. Multiply any equation by a nonzero number.
3. Permute the equations as needed.

Definition 0.1.4. A matrix is said to be in echelon form (EF) if the following
conditions are satisfied:

1. Any zero rows (i.e., all row entries being equal to 0) are at the bottom.

2. Every nonzero row has a leading (leftmost) nonzero entry, called the pivot,
which is in a column to the right of the pivot in any row above it. We
refer to a column that contains a pivot as a pivot column and the location
of the pivot as the pivot position in that column.

3. All the column entries below a pivot are equal to 0.

We say the matrix is in reduced echelon form (REF) if it is in EF and in addition
1. All pivots are equal to 1.
2. All the column entries above a pivot are equal 0.

With the above set of definitions we can systematically solve a system of
equations. This is generally taught using Gaussian Elimination. This algo-
rithm is effective and easy to follow, however it is computationally inefficient
and generally not used by computers. Matlab for example uses a form of LU
decomposition which we will see later this semester. Solving a system of equa-
tions can be done with a myriad of algorithms in O(n?) time, this means that
even massive matrices (millions by millions) can generally be solved in a short
period of time.

0.2 Matrix notation and basic properties

A matrix is denoted using square brackets and with a capital letter. If a matrix
is said to be m by n, then we mean m rows by n columns.



7 0.2. Matrix notation and basic properties

The notation A = [a;;] fori =1,...,mand j =1,...,n. Means A is an m
by n matrix whose ith jth entry is a;;. This is useful when we want a generic
matrix where we can reference specific entries. Another common notation is

A=lar|az || an]

where q; is a column vector of A.

A matrix is called square if and only if m = n. Two matrices are equal if
their dimensions (m, n) are equal and all their entries are equal. The diagonal
entries of a matrix are when the row and columns are equal. The off-diagonal
entries are the rest.

Denote My, x.(S) to be the set of n X m matrices whose entries are pulled
from the set S. If n = m, then we will write M,,(S). Another frequent notation
for a set of matrices is S™*"™, this is most common with R™*".

A matrix is called upper triangular if all the entries below the main diag-
onal are zero. A matrix is called diagonal if all off-diagonal entries are zero.

Definition 0.2.1 (Matrix addition and scalar multiplication). Let A = [a;;]
andB = [b;;] be two m x n matrices, and let r be a scalar.
The matrix sum of A and B is an m x n matrix C = A+ B = [¢;;] such that

cij =a;; + by foralli=1,2,...,mandallj =1,2,...,n.
The scalar product of A by r is an m X n matrix C' = rA = [¢;;] such that
cij =ra; foralle=1,2,...,mandall j =1,2,...,n.

Theorem 0.2.2 (Basic properties of matrix addition). Let A, B,C' be matrices
and r be a scalar.

1. A+ B = B+ A (commutative property).
2. (A+B)+C = A+ (B+C) (associative property).

3. A4+0=A=0+ A (we say 0 is the additive identity or the neutral of
addition).

A+ (—A)=0=(—A) + A (we say —A is the additive inverse of A).
(rs)A = (sr)A = s(rd) =r(sA).

r(A+ B)=rA+7rB and (r+ s)A =rA+ sA (distributive property).
1A= A.

IfA+B=C,thenA=C—-Band B=C — A.

© RS &

If A+ C =B+ C, then A= B (cancellation law).

With the above properties we shall see that matrices form a vector space
under addition and scalar multiplication.
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Definition 0.2.3 (Matrix vector multiplication). Given an m x n matrix A

whose columns are a1, as,...,a,, and given a column vector x whose entries are
T1,T3,...,T,, the product Az is defined as the linear combination
Z1
T2
Az =ay |az |- |ay) | . | =x101 + 2202 + -+ - + Tpay,.
Tn

Definition 0.2.4 (Matrix Multiplication). Let A be an m X k matrix and B a

k X n matrix whose columns are by, bo,...,b,. Then, the product of matrices
AB is defined as the m x n matrix whose columns are Aby, Abs, ..., Ab,, that
is,

AB = A[by | by | -+ | bp] = [Aby | Aba | -+ - | Aby).

It is important to think about the above theoretical importance of what
matrix multiplication is, each column of AB is a linear combination of the
columns of A using the entries of the corresponding column of B. So one way to
think about this is that the matrix B is the weights of how we want the columns
of A to be mixed and combined.

A more practical way of actually computing the entries of the products is
for A = [a;;] and B = [b;;], then the ith jth entry of AB is

k
ainbij + aigboj + - + aiby; = Z @inbhj-
h=1
Definition 0.2.5 (Commutative matrices). We say that two matrices A and B

commute if AB and BA are both well-defined products and AB = BA.

Definition 0.2.6 (Identity and zero matrix). We call the matrix I which is a
diagonal matrix of all 1’s the identity matrix. That is I = diag(1,1,...,1).
We denote the zero matrix 0 or 0,, to be the matrix of all zero entries.

Definition 0.2.7 (Trace). The trace of a matrix is the sum of the diagonal
entries. Symbolically if A = [a,;] is a matrix, then

tr(A) = a1 +as2 + - + ann.

Definition 0.2.8 (Transpose). The transpose of a matrix swaps its rows and
columns. Symbolically if A = [a;;], then AT = [a;;].

Theorem 0.2.9 (Matrix multiplication properties). Let A, B,C be matrices,
then

1. AT=1A=A.
2. A0 =0A=0.
3. A(B+C) = AB + AC and (B + C)A = BA + CA.
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4. A(BC) = (AB)C.
5. tr(AB) = tr(BA).
6. (AB)T =BTAT.
7. AB = 0 does not imply that either A or B is the zero matriz.

Note that the last property of matrix multiplication means that generally
division of matrices is not well defined.

Definition 0.2.10. Let A be a square matrix, then A* = AAA... A, so powers
are the standard repeated multiplication. By convention A% = I. We will talk
later about negative powers.

Definition 0.2.11. A matrix A is called symmetric if A = AT. The matrix

A is instead called skew-symmetric if AT = —A.

0.2.1 Exercises

1. For matrices

1 1 5 3 20
A=|7 3 =2 and B=|4 0 3
15 1 -3 -7 1 2

Find the trace of the following

A, AT B, and AB.

2. For a 2 x 2 matrix A = {Z b] , prove that A% — (a+d)A+ (ad—bc)I = 0.

d

3. Let A= [4 2}. Find all matrices X = B ﬂ such that AX = XA.

3 1

4. Find three 2 x 2 matrices A(# 0), B, and C such that AB = AC and
B#C.

5. If A, B are both n by n matrices with real entries such that tr(4) = 3 and
tr(B) = 5, then what can we say, if anything, about tr(AB)?

6. Find two matrices A, B such that AB =0, but A # 0 and B # 0.

7. Let A and B be two symmetric matrices such that A? + B? = 0. Prove
that A = B = 0. Hint: Use the trace of A2.

8. Let A and B be two n x n matrices such that 4> = A, B?> = B, and
(A+ B)? = A+ B. Prove that AB = BA = 0.



Chapter 0. Review from linear algebra 10

0.2.2 Solutions

1. For matrices

1 1 5 3 20
A=|7 3 =2 and B=|4 0 3
15 1 -3 -7 1 2

Find the trace of the following
A, A" B, and AB.

The trace is the sum of the diagonal entries, so the trace of A is 143+—-3 =
1. The trace of AT is still 1 since taking the transpose does not affect the
main diagonal. The trace of B is 3+ 0+ 2 = 5. Finally to find the trace
of AB we can solve for the three diagonal entries which are 1(3) + 1(4) +
5(—=7) = =23, 7(2) + 3(0) + —2(1) = 12, and 15(0) + 1(3) + —3(2) = —3.
So the trace is —14.

2. For a 2 X 2 matrix A = {CCL b} , prove that A% — (a+d)A+ (ad—bc)I = 0.

d
To prove this we can take each piece of the sum on the left individually,
giving
42 _ [a® +be  ab+ bd]
" lac+ed be+d?”
[a® +ad ab+bd
(a+d)A = lac+cd  ad+ d?
[ad — be 0 |
(ad—bc)If_ 0 ad — be|

Now taking the sum we can see that each entry gives 0.

4 2
3 1

To start we can find AX and X A which are
442y da+ 22}

3. Let A= [ ] Find all matrices X = B ﬂ such that AX = X A.

AX[3+y 3T+ 2

4+ 3z 2+x]

XA = [4y+3z 2+ z|°

Now we can subtract these two to get the following 4 equations

-3z 42y =0
3x+22—-2=0
—3y—32+3=0
3z — 2y = 0.
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Notice that the last equation is just the negative of the first so we can
ignore it. For the rest we can solve this with a standard coefficient matrix
giving

-3 2 0 0

3 0 2 2

0O 1 1 1
Solving this gives the constraint that 3x+2z = 2. Thus, there are infinitely
many solutions.

. Find three 2 x 2 matrices A(# 0), B, and C such that AB = AC and

B#C.

There are a lot of ways to approach this problem. One option is to just
pick a random nice matrix A, then solve for B and C. For this we can

pick
. 1 1 . by by | c2
A= 1 J , B= [bs sz ,and C = [03 64] .

Taking both sides gives

AB = = AC.

(b1 + b3 ba + by _|late cata
_bl+b3 by + by c1+c3 ca+tcey

This gives that by + bs = ¢1 + c3 and by + by = ¢ + ¢4. Now we can
just pick some values such that B and C' are not equal. In this case let
by =by=1,b3=0by =—1,¢c; =co =2, and ¢c3 = ¢4 = —2. Then we have
satisfied the sums, we clearly have that B # C' and AB = AC = 0.

. If A, B are both n by n matrices with real entries such that tr(4) = 3 and

tr(B) = 5, then what can we say, if anything, about tr(AB)?
We can’t say anything about tr(AB). Consider

T Y
A= —x+3 and B = 0 ,
0 —y+95

then we nicely have the trace requirements for A and B. However tr(AB) =
xy and since x and y are arbitrary numbers we can make this trace what-
ever we want. Thus there is nothing nice we can say about the trace of
them together.

. Find two matrices A, B such that AB =0, but A # 0 and B # 0.

We actually did this as part of the solution for problem 4. Take

1 1 1 1
A:[l 1] and B:[_l _1]

Then we have AB = 0.
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7. Let A and B be two symmetric matrices such that A% + B? = 0. Prove
that A =B =0.

Proof. Let A = [a;;) and B = [b;;] fori,j € {1,...,n}. Nowif A>+B% =0
then we have tr(A% + B?) = 0 which gives that tr(A4?) + tr(B?) = 0. Lets
look at each trace individually

n n
2
)= ) aiaj

i=1j=1

Since A is symmetric we have a;; = a;; which simplifies the equation to

n n
_ 2
=2 > a
i=1 j=1

A similar calculation with B gives the following

tr(A?) + tr(B?) = ZZa”—FbQ =

i=1 j=1

Looking at what we have here all of the entries in the above sum are being
squared and are thus nonnegative. If we sum a bunch of nonnegative
terms together and get zero we must have that all of the terms are zero.
Therefore A =0 and B = 0. O

8. Let A and B be two n x n matrices such that A2 = A, B> = B, and
(A+ B)? = A+ B. Prove that AB = BA = 0.

Proof. Let A, B € M,, such that A2 = A, B2 =0, and (A+ B)?> = A+ B,
then expand the binomial normally giving

(A+B)?*=A>+AB+BA+B*=A+AB+BA+B=A+B.

Thus we have that AB + BA =0 or that AB = —BA. Now multiply this
by A on the left giving A°B = —ABA which simplifies to AB = —ABA.
Additionally multiply this by A on the right giving ABA = —BA? which
becomes BA = —ABA. Thus BA= —ABA and AB=—-ABA so AB =
BA. However we have AB = —BA and AB = BA thus AB = 0 and
BA=0. O



Chapter 1

Vector spaces

1.1 Definition

Definition 1.1.1 (Field). A field is a set with two binary operations, addition
(denoted by a+b) and multiplication (denoted by ab), such that for all a, b, c € F:

l.a+b=b+a.

(a+b)+c=a+ (b+0c).

There is an additive identity 0; that is 0 +a = a for all a € R.
There is an element —a in R such that a + (—a) = 0.

a(bc) = (ab)e.

a(b+ c¢) = ab+ ac and (b+ ¢)a = ba + ca.

ab =ba

31 € F such that la = al = a.

© »® N e s wN

If a # 0, then there exists a=! € F such that aa™! = 1.

Example 1.1.2. The rational (Q), real (R), and complex numbers (C) form
fields.
The integers (Z) however, do not since they have no multiplicative inverses.

A
Example 1.1.3. Let

Zg[Z] :{a-‘rbl | a,bGZE;}
={0,4,24,1,14+4,1+2i,2,2 44,2 + 2i}.

Where the addition and multiplication operations are as they are for complex
numbers mod 3. In particular note that —1 = 2. With these operations Z3|i]
forms a field with 9 elements. A

13
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Definition 1.1.4 (Vector space). A set V is said to be a vector space over a
field F if V has two operations addition and scalar multiplication such that for
all u,v € V and a € F they satisfy the following

l.u+v=v+u

2. (u+v)+w=u+ (v+w)

3. There exists a 0 € V such that 0 +u =4+ 0= u.
4. There exists a —u such that u + (—u) = 0.

5. a(v+u) =av+au

6. (a+b)v=av+bv
7. a(bv) = (ab)v
8. lv =w.

The elements in V' are called vectors while the elements from F' are called
scalars.

If the field for a vector space is R we call it a real vector space and if the field
is C we call it a complex vector space. These will be by far our most common
vector spaces.

Example 1.1.5. The set
R™ = {(al,ag,...,an) ‘ a; € R}

is a vector space over R. Where the operations are elementwise addition and
scalar multiplication. A

Example 1.1.6. The set M2(Q) of 2 by 2 matrices with entries from Q is a
vector space over Q. The operations are

ay ag + b1 bg _ a1+bl a2+b2
asz a4 bg b4 - as + b3 a4 + b4

b ay az| ba1 bCLQ
az Q4 o ba3 ba4 ’

and

A

Example 1.1.7. The set Z,[z] of polynomials with coefficients from Z, is a
vector space over Zj,, where p is a prime.

More generally, if F is a field and F'[z] are the polynomials with coefficients
from F, then Fz] is a vector space. A

Theorem 1.1.8. Let V' be a vector space.
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1. The zero vector of V is unique.

2. The negative of a vector v € V is unique.

3. —v=(=1)v forallveV.

4. If ro =0 for somev €V and r € F, then either v =0 orr = 0.

Proof. Assume there is another zero element w € V', then by the properties of
being a vector space u+0 = 0 and ©+ 0 = uw. Thus v = 0 giving that there was
only one zero element.

Let v € V and assume that u; and us in V such that v +u; = 0 and
v+ ug = 0, then

up =u +0=u; + (v+uz) = (ug +v) +us =0+ uz = us.
For any v € V' we have
I+ (-Dv=0 = v+ (-)r=0 = (-1)v=—v.

Suppose rv = 0 for some r € F and v € V| then proceed by cases. If r = 0,
then we are done. If r # 0, then

1
v=1lv=—-rv=-0=0.
r r

1.1.1 Exercises
1. Prove that V = {(x,y) € R? | y = 522} is not a vector space.
2. Prove that V = {(z,y,2) € C3 | 2 = 2z + 3y + 1} is not a vector space.

3. Prove that the set of all nonnegative infinite sequences V = {(z1,22,...) |
x; > 0} is not a vector space.

1.1.2 Solutions

1. Prove that V = {(x,y) € R? | y = 522} is not a vector space.
Consider the vector a = (1,5) € V, then a+a = (2,10) is not in V. Thus
V' is not a vector space since it is not closed under addition.

2. Prove that V = {(x,y,2) € C? | 2 = 2z + 3y + 1} is not a vector space.
This set V' is missing the zero vector.

3. Prove that the set of all nonnegative infinite sequences V = {(z1,22,...) |
x; > 0} is not a vector space.

Let a = (1,1,...) € V, then the additive inverse is —a = (—1)a =
(=1,-1,...) which is not in V.
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1.2 Subspace

Definition 1.2.1 (Subspace). Let V be a vector space over a field F' and let
U be a nonempty subset of V. We say that U is a subspace of V if U is also a
vector space over F' under the operations of V. We denote this by U < V.

Theorem 1.2.2. Let U be a nonempty subset of a vector space V.. Then, U is
a subspace of V if and only if

ru+sw e U

for every u,w € U and r,s € R.

Proof. Let U be a subset of a vector space V' and suppose that ru+ sw € U for
every u,w € U and r, s € R. For r = s = 1 we get that U is closed under vector
addition. For s = 0 we get that U is closed under scalar multiplication. Hence
U is a subspace of V.

Conversely, suppose that U < V', then U is closed under scalar multiplication
and vector addition. Thus for any r,s € R and u,w € U we have that ru and
sw are in U which means their sum ru + sw € U. O

Definition 1.2.3. Let V be a vector space and let U and W be two subspaces
of V. The intersection of subspaces U and W is the set

UNW={veV:veUandveW}
and the sum of subspaces U and W is the set
U4+W={wveV:iv=utw, ueU, and w € W}.

IfUNW = {0}, then the sum U+ W is called the direct sum of subspaces
and is denoted U & W.

In the case where V =U @& W, W is known as the complementary sub-
space of U.

Theorem 1.2.4. Let V be a vector space, and let U and W be two subspaces
of V.. The intersection U N W and the sum U + W are also subspaces of V.

Proof. To do as exercise. O

Theorem 1.2.5. Let V be a vector space, and let U and W be two subspaces
of V. Then V.=U @& W if and only if every v € V can be uniquely written as a
sumv=u+w withu e U andw € W.

Proof. Suppose that V = U @ W. If there exists v, u € U and w’,w € W such
that v = v/ + v’ and v = u + w, then

v=utw=uv 4w = u—v=w-weUnW ={0}

= o =u and v =w.
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Hence the decomposition v = u + w is unique.

For the converse, suppose that any vector v € V' can be uniquely written as
asum v =u+w with u € U and w € W. It is obvious that V = U + W and
therefore we must only prove that UNW = {0}. Assume for contradiction that
this is not true, that is U N W contains some vector . Then by the uniqueness
of the decomposition of x we can write © = x + 0 where x € U and x = 0+ z
where z € V, but this implies x = 0. Thus we have a contradiction, giving that
Unw = {0}. O

Example 1.2.6. Consider the vector space R? and its subsets

V={(z,y,2) €ER®: 2 =0}
U={(z,y,2) € R®: 2 =0}
W = {(z,y,2) €R®: 2 =y =0}.
We can see that each of these subsets are in fact subspaces of R? since they

are closed under the two operations.
Looking at the intersections we get

VU= {(z,y,2) €ER®: 2 =2z =0}
VAW ={(z,y,2) ER¥: 2 =y=2=0} = {0}
UnNW ={(z,y,2) eR* .2 =y =0} =W.

Following the above and that V + W = R? we see that V @ W = R3. Further-
more, as you will prove since U N W = W we know that U is a subspace of

w. A

1.2.1 Exercises

1. Explain why the following subsets of R? are not subspaces of R?:

(a) Vi ={(z,y) € R?* 1z >y},
(b) Vo= {(z,y) €R*:y* =z},
(c) Vs ={(z,y) eR2: 2 +y=1}.

2. Prove Theorem [[.2.4]
3. Prove that the sets

V={(z,y,2) €R® |z = 2y},
U={(v,y,2) €R? |z =32}

are subspaces of R3. Then, describe their intersection V N U.
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1.2.2 Solutions

1. Explain why the following subsets of R? are not subspaces of RZ:

(a) Vi = {(w,y) € R2 12 > g},
Let v; = (2,1) and vy = (2, —1) which are both in V;. Now vy — vy =
(0,2) which is not in Vj so it is not closed under vector addition.
Another way to solve this is just to take vo and consider its additive
inverse.

(b) Vo = {(x,y) € R? : y? = 2},
Let v1 = vy = (1,1) which are both in Vs, then vy + vy = (2,2) & Va.
Thus V5 is not closed under addition.

(c) Va={(x,y) eR?:z+y =1}
Let v = (2,—1) € V3, then Ov = (0,0) € V5. Thus V3 is not closed
under scalar multiplication.
You can also argue that V3 is missing the zero vector.

2. Prove Theorem [[.2.4]

Proof. Given a vector space V with field F' and with subspaces U and W
we want to show that the intersection and sum of U and W are subspaces
of V. First consider the intersection, let u,v € UNW and r,s € F.
Now ru + sv € U since u,v € U and U is a subspace. By the same logic
ru+ sv € W. Thus ru+ sv € U NW giving that U N W is a subspace.

For the sum let v,u € U4+W, then we can write v = v1+vo and u = uq+uso
where v1,u7 € U and v, us € W. Now we have

TV + sSu = rv; + rve + suy + Sus.
Since U and W are both subspaces we have rv; +su; € U and rvs + sus €
W giving that rvy + rve + suqy + sug € U + W. O
3. Prove that the sets
V ={(z,y,2) € R® |z =2y},
U= {(Jl,y,Z) GRB ‘ L= _3Z}

are subspaces of R3. Then, describe their intersection V NU.

Let (21,91, 21), (z2,y2,22) € V and r,s € R, then we want to show that
r(z1,y1,21) + $(x2,y2,22) € V. To do this it must satisfy the restriction,
which we can see from

roy + sxo = r(2y1) + $(2y2) = 2(ry1 + sy2).

Thus V is a subspace of R3.
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Similar for U let (z1,y1,21), (€2,¥y2,22) € U and r,s € R, then from the
linear combination we get the condition

ray + sxe = r(—3z1) + s(—322) = —=3(rz1 + s22).

When we take the intersection of subspaces defined by linear constraints
we get both of their constraints. So in this case

VU= {(z,y,2) €R®| 2z =2y and z = —3z}.

Note also that because we don’t have that V C U or U C V the intersec-
tion is a proper subset.

1.3 Linear combinations

Definition 1.3.1. Let V be a vector space and let v, vo,...,vr € V. For any
k scalars ri,7o,...,7: € R, the vector

V="T101 + 71U+ - +rpvy €V

is called a linear combination of vy, vs, ..., vy with coefficients r1,79,..., 7.
The set of all linear combinations of vy, v, ... v is denoted by

span{vy, va,...,vpt = {v=rivy +rovg + -+ v €V iy, 1o, ..., 1k € R},

and it is called the span (or linear hull) of vy,...,v;. The vectors vy,..., v
are called the generators of this span.

Theorem 1.3.2. Let V be a vector space, and let vi,...,vp € V. Then
spanf{vy, ..., v} is a subspace of V.

Not only is the span of vectors a subspace of the original vector space, but
it represents the smallest subspace that contains those vectors.

Theorem 1.3.3. Let U and W be two subspaces of a vector space V', then their
union

UUW={veV:velU orveW}
is a subspace of V if and only if U <W or W < U.
Proof. To do on homework. O

1.4 Linear Independence

Definition 1.4.1. Let V be a vector space, and let vi,ve,...,v € V. The
set {v1,...,vx} is called linearly dependent if at least one of its vectors can
be written as a linear combination of the others. Otherwise the set is called
linearly independent.
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Theorem 1.4.2. Let V be a vector space over a field F', and let vy, ... v, € V.
The set {v1,...,vx} is linearly independent if and only if it satisfies the following
condition

ruy+ -+ =0 for r,...,1p, €F = r1=---=1r,=0.

Example 1.4.3. Lets prove that the vectors (1,1,1), (1,1, -1),(1,—1,—-1) € R3
are linearly independent. First we have that

r1(1,1,1) +r2(1,1,-1) + r3(1,-1,-1) = 0.
This gives the equations
rm+re+r3=0
ry+1reg —1r3= 0

7‘1—7’2—’/‘320.

From the first equation r3 = —r; — ro, substituting this into the other two gives
27"1 + 27’2 =0
27”1 =0.

From the second equation we see that ry = 0, but this implies from the first
equation that ro = 0. Going back to the original we have that r3 = 0. Thus the
only linear combination that gives zero vector is with zero coefficients giving
that these vectors are linearly independent. A

Theorem 1.4.4. Consider the vector space R™ and vectors vy,...,vp € R™.
Form the n x k matriz A whose columns are the vectors vy, ...,v and compute
an echelon form E of A. Then, {vi,..., v} is linearly independent if and only
if every column of E contains a pivot.

1.4.1 Exercises

1. Prove that the vectors v; = (1,—1) and vo = (1,2) span the vector space
R2.

2. Prove that the vectors v; = (1,1,1), va = (0,2,1), and vz = (0,0, 3) span
the vector space R3.

3. Prove that span{(1,2,3),(—1,3,2)} = span{(1,0,1), (1,1, 2)}.

4. Let V be a vector space, and let u,v1,vo,...,vx € V. Prove that
span{u,vy,...,v5} = span{vy,..., vk}
if and only if u € spanf{vy,...,vi}.
5. Prove that if V is a vector space with vectors vq,...,v; and if v; = 0 for

some i € {1,...,k}, then the set {vy,...,v;} is linearly dependent.

6. Let V be a vector space and let u,v,w € V. Prove that u, v, and w
are linearly independent if and only if u, u + v, u + v + w are linearly
independent.
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1.4.2 Solutions

1. Prove that the vectors v; = (1,—1) and vo = (1,2) span the vector space
R2.
To show we span the vector space R? we want to show that every vector
in R? can be achieved as a linear combination of v; and vs. To do this
let (z,y) € R?, then for ryv; + rove = (z,y) we need ry + ro = x and
—711 4 2r9 = y. Solving gives that r; = 2z —y and ro = y — x. Since these
systems are consistent we know the vectors span.

2. Prove that the vectors v; = (1,1,1), va = (0,2,1), and v3 = (0,0, 3) span
the vector space R3.

For this problem we will take a different approach than the first one. We
can instead make a matrix from the vectors which is

1 00
1 2 0
1 1 3

Row reducing this gives the identity matrix which has a pivot in every
row. Since the solution space stays the same through row reduction we
know that these vectors span R3.

3. Prove that span{(1,2,3),(-1,3,2)} = span{(1,0,1),(1,1,2)}.

A direct way to show that these sets are equal is to show you can make the
generators from one set using linear combinations from the other. That is
we can take

3 2
2(1,2,3) — 2(~1,3,2) = (1,0, 1

5(17) 5( 77) (17)
21,2,3) = 2(=1,3,2) = (1,1,2)
5 y < 5 0 - Y .

Similarly for the other direction we get

—(1,0,1) +2(1,1,2) = (1,2,3)
—4(1,0,1) +3(1,1,2) = (1,1,2).

4. Let V be a vector space, and let u, vy, vs,...,vr € V. Prove that
span{u, vy,..., v} = span{vy, ..., v}
if and only if v € span{vy, ..., v}
Proof. If span{u,vy,...,vx} = span{vy,...,vx}, then we can write any
vector in {u, vy, ..., v} as a linear combination of the vectors in {vy, ..., vg}.

In particular, this means that

U = 1101 + 1roUg + - + LUk
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which implies that u € span{vy, ..., v}

Conversely if, u € span{vy,...,v;}, then we can add u to the spanning
set without changing it. Thus span{w,v1,...,vx} = span{vy,...,vx}. O

5. Prove that if V' is a vector space with vectors vy, ..., v, and if v; = 0 for
some i € {1,...,k}, then the set {v1,...,vx} is linearly dependent.

Proof. Consider the vectors v1,...,v; and without loss of generality as-
sume v = 0, then for the set {v,...,v;} to be linearly dependent we
need to find a non-trivial linear combination to get the zero vector. To do
this consider

Ovy +0vg + -+ - 4+ 1, = 0.

O

6. Let V be a vector space and let u,v,w € V. Prove that u, v, and w
are linearly independent if and only if u, u + v, u + v + w are linearly
independent.

Proof. If u, v, and w are linearly independent, then consider the linear
combination

ru+ro(u+v) +r3(utv+w) = (1 +ro+r3)u+ (re +13)v +r3w = 0.
Letting s1 =71 + ro + 13, S5 = r9 + 13, and s3 = r3, then we have
s1u + S2v + szw = 0.

Following wu,v,w are linearly independent we know the only solution is
s1 = s2 = s3 = 0 which gives that ry =r, =rs =0.

Conversely if u, u 4+ v, u + v + w are linearly independent, then by the
same algebra from above we have that ry = ro = r3 = 0 which after
rearrangement gives s; = so = s3 = 0. O

1.5 Basis and dimension

Definition 1.5.1. Let V # {0} be a vector space, and let {vy,vs,...,v,} be a

set of vectors in V. The set {v1,...,v,} is called a basis of the vector space V
if

1. the set {vy1,...,v,} is linearly independent, and

2. the vectors vy,...,v, span V.

Note that for infinite vector spaces, their are infinite fields since we can scale
the basis to get a new one.
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Theorem 1.5.2. Let V be a vector space, and let vy,...,v, € V be nonzero.
The set {v1,...,v,} is a basis of V if and only if every vector v € V is written
as a linear combination of vi,...,vV, in a unique way.

Theorem 1.5.3. Let V be a vector space with a basis {vy,va,...,v,}, and let
U1, - .-, Uy be linearly independent vectors of V. with m < n. Then we can
replace m vectors of the basis {v1,...,v,} by the vectors uy,...,un such that

the resulting set of n wvectors is also a basis.

Definition 1.5.4. Let V # {0} be a vector space with a basis that has n
elements, then the dimension of V' is n. We denote this with

dim(V) = n.

In this case V is referred to as a finite vector space.

If a basis of V requires an infinite number of vectors, then V' is an infinite
vector space.

By convention if V' = {0}, then we say that V is zero dimensional.

Theorem 1.5.5. Let V' be a vector space with dim(V') = n. The following hold:
1. If m > n, then the set {v1,..., vy} is linearly dependent.
2. If {v1,...,v;m} is linearly independent, then m < n.
8. Ifvi,...,um €V span V, then m > n.

Theorem 1.5.6. Let V' be a vector space with dim(V) = n, and let U be a
subspace of V. If dim(U) = n, then U = V.

Theorem 1.5.7. Let V be a finite dimensional vector space, and let U and W
be two subspaces of V.. Then

dim(U + W) = dim(U) + dim(W) — dim(U N W).
Note that by the above theorem if U and V' are complementary, then we can
drop the difference. That is dim(U & W) = dim(U) + dim(W).
1.6 Linear transformations

Definition 1.6.1. Given two vector spaces V and W over fields Fy and Fy a
transformation is a function

T:V—>W

that assigns to every v € V to a vector v € W. We denote this with T'(v) = u.
A transformation is called a linear transformation if it satisfies

1. T(vy +v2) =T(v1) + T(ve) for every vi,vy € V
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2. T(cv) = T'(v) for every v € V and ¢ € Fy.

Definition 1.6.2. Let T': V — U be a transformation (function), then
1. The vector space V is called the domain and U is called the codomain.
2. The vector u = T'(v) is the image of v.

3. The set of all images is called the range, denoted R(T).

N

. The set of all vectors v € V such that T(v) = 0 is called the nullspace
(or kernel), denoted null(T).

1.6.1 Exercises

1. Are the following linear transformations

(a) T :R3 — R3 given by T'(u1,us,u3) = (uy,us + us, 0).
(b) T : R3 — R3 given by T'(u1,uz,u3) = (1 + uy,ug, us3).
(c) T :R3 — R? given by T'(uy,uz,u3) = (2u1,us + u3).

2. Find a basis and the dimension of the subspace of R? that is spanned by
the vectors (1,—1,0),(2,1,3),(1,1,2).

3. Find a basis and the dimension of the subspace of R? that is spanned by
the vectors (1,2,1),(3,3,1),(1,5,3).

4. Consider the subspaces of R3

U={(v,y,2) €ER?: 2 — 2y + 2z =0}
W = {(z,y,2) €R®: 20 + 3y — 2 =0}

Find a basis, and the dimension for U, W, U + W, and UNW.

1.6.2 Solutions

1. Are the following linear transformations

(a) T :R3 — R3 given by T'(u1,us,u3) = (uy,us + us, 0).
Yes. To see this, we need to show that the transformation satisfies
the two properties. First let (vy, v, v3), (u1,uz,uz) € R and r € R,
then

T((Ul, Vg, U3)+(U1, Uusg, Ug)) = T((v1+u1, ’U2+U2, U3+U3)) = (U1+U1, 1}2+U2+U3+U3, 0)
which is equal to

T ((v1,v2,v3))+T((u1,u2,usz)) = (v1, va+uv3,0)+(ur, us+us, 0) = (vi+u1, vo+us+vs+us,0).
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Similarly for scalar multiplication
T(r(v1,va,v3)) = T((rvy, rve, rvs)) = (rvy, rve + rovs)
which is equal to

rT((v1,v2,v3)) = (rvy, rvg + 1v3).

(b) T : R3 — R? given by T'(uy,uz,u3) = (1 + uy, us, u3).
No, consider (1, 1,1) and the scalar 0, then 7°(0(1,1,1)) = T((0,0,0)) =
(1,0,0) while 0T°((1,1,1)) = 0(2,1,1) = (0,0, 0). Since these are not
equal, we have that T is not linear.
Note, you can also say that for a transformation to be linear it must
map the additive identity to the additive identity, which in this case
it does not. But be careful with this, the output space does have the
identity it just comes from (—1,0,0).

(c) T :R3 — R? given by T'(uy,us,u3) = (2u1,us + u3).
Let u = (ug,us,u3) and v = (vy,ve,v3) be in R, then
T(u+v) = T((u1+v1, us+va, us+v3)) = (2us +2v1, us +v9 +ug+vs)
which is equal to

T(u) + T(v) = (2ug + 201, ug + vo + ug + v3).
For scalar multiplication we have
T(ru) = (2ruy, rug + rus)

which is equal to

rT(u) = (2ruy, rug + rug).

2. Find a basis and the dimension of the subspace of R? that is spanned by

the vectors (1,—1,0),(2,1,3),(1,1,2).

One way to approach this problem is to place the vectors into a matrix,

1 21
A=1-1 1 1],
0 3 2

then we row reduce the matrix to echelon form yielding

1 2 1
0 3 2
0 0 0

Since we have pivots in 2 row we know that the dimension is 2. To find
the basis, we now need to pick two vectors from the list that are linearly
independent. In this case, any 2 will do. So a basis is (1,—1,0),(2, 1, 3).
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3. Find a basis and the dimension of the subspace of R? that is spanned by
the vectors (1,2,1),(3,3,1),(1,5,3).

Approaching this problem just like the last gives the matrix

1 3 1
2 3 5
1 1 3
which reduces to
1 3 1
0 -3 3
0 0 0

Again we have the dimension is 2, and we can pick any two vectors for
the basis. One option would be (3,3,1), (1,5, 3).

4. Consider the subspaces of R?

U={(z,y,2) €ER®: 0 — 2y + 2 =0}
W = {(z,y,2) € R*: 224 3y — 2 = 0}

Find a basis, and the dimension for U, W, U + W, and U N W.

To find a basis we can rewrite the constraint equations. So for U we have
T—2y+2=0 —= 2 —-2y=—=z.

Now we can find the basis vectors (1,0,—1) and (0,—2,—1) by setting
either + = 1,y = 0 or z = 0,y = 1. Similar for W gives the vectors
(2,0,1) and (0,3,1). Thus, the dimension of U and W are both 2.

To find a basis for U + W we can simply take all the basis vectors together
and find the linear independent subset. That is consider

span((1,0,-1),(0,-2,-1),(2,0,1),(0,3,1)).

From this we can see that we can reach all of R3, thus the dimension
is 3 and any 3 linearly independent vectors will work for a basis like
(1,0,0),(0,1,0),(0,0,1).

Finally, for U N W we are taking both constraints simultaneously. So
to find our basis vectors we can substitute z = 2z 4+ 3y from W into
x —2y+ z =0 from U giving

x=2y+ (22 +3y)=0 = 3x+y=0 = 3z =—y.

Now setting x = 3 forces y = —1 and z = —5. So the only basis vector is
(3,—1,—5). Giving the dimension is 1.
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1.7 Isomorphisms

Definition 1.7.1. Let V and W be vector spaces with v;,v3 € V. Then a
linear transformation 7' : V' — W is called one-to-one if whenever vy # vy we
have that T'(v1) # T'(v2).

The linear transformation is called onto if for all w € W there existsav € V
such that T'(v) = w.

Theorem 1.7.2. Let V and W be vector spaces. Then a linear transformation
T:V — W is one to one if and only Null(T) = {0}.

Definition 1.7.3. A linear transformation is called a bijection if it is one-to-
one and onto.

Definition 1.7.4. Let V and W be vector spaces, then V' and W are called
isomorphic if there exists a bijective linear transformation 7' between them.
This is denoted with V' = W. This linear transformation T is called an iso-
morphism from V to W.

Theorem 1.7.5. Let T : V — W be an isomorphism. Then T—! : W — V is
an isomorphism.

Theorem 1.7.6. Let V and W be vector spaces, let T : V — W be an isomor-
phism, and let vy,...,v, be a basis for V. Then T(v1),...,T(v,) is a basis for
w.
Theorem 1.7.7. Suppose V and W are vector spaces over the same field. Then
V2 W if and only if dim(V) = dim(W).

Furthermore if dim(V) = dim(W) and T : V. — W is a linear transforma-
tion, then the following are equivalent

1. T is one-to-one,

2. T is onto, and

3. T is an isomorphism.

This result allows us to always work over F™ for some field F' as our vector

space.

1.7.1 Exercises

1. Prove that polynomials of degree less than or equal to 3 with real coeffi-
cients are isomorphic to R*.

2. Can you have R? and R* be isomorphic?
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1.7.2 Solutions

1. Prove that polynomials of degree less than or equal to 3 with real coeffi-
cients are isomorphic to R*.

Proof. Let p(z) = ax® + bx? + cx + d and define the transformation
T(p) = (a,b, c,d).

Following polynomial addition and scalar multiplication is done elemen-
twise and T is the identity mapping between these two spaces, we have
that it is a linear transformation.

Let p be defined above and q(z) = uaz® +va? + sz +t, then if T'(p) # T'(q)
we have that (a,b,¢,d) # (u,v,s,t) which gives that p # ¢. Thus T is
one-to-one.

Let (a,b, c,d) be some vector in R*, then we can build p(z) = az® + ba? +
cx + d such that T'(p) = (a, b, ¢,d). Thus T is onto.

Since T is a linear transformation that is a bijection, we have that the two
spaces are isomorphic. O

2. Can you have R? and R* be isomorphic?
No, this would break Theorem [I.7.7]
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Eigenvalues

2.1 Determinants

Definition 2.1.1 (Laplace expansion of determinant). Let A = [a;;] be an nxn
matrix. The determinant of A, denoted by det(A), is defined recursively as
follows. For n =1 det(A) = ay;. For n > 1

n

det(A) = Z(—l)j+1a1j d@t(Alj).

j=1

where A, denotes the (n—1) x (n — 1) matrix obtained from A by deleting row
1 and column j.

When writing out the determinant for computation, it is common to change
the square brackets to straight lines. That is

1 2 1 2
aly 3=15 1

Example 2.1.2. For a general two by two matrix,
a b
A=

det(A) = adet([d]) — bdet([c]) = ad — be.

we have that

Example 2.1.3. Consider

NN DN
W NN

29
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then

det(A) = 1 ‘

O
w o
\
o
SN
w
+
b
SN
SN
Il
\
SN
w
Il
&

Definition 2.1.4. Let A € M,,, then

1. Define A;; as the (n —1) x (n — 1) matrix obtained from A by deleting its
ith row and the jth column, we refer to A;; as a submatrix of A.

2. Define M;; = det(A;;), we refer to M;; as a minor of A.
3. Define C;j = (—1)"*7 M;;, we refer to C;; as the (i, j)th cofactor of A.

Theorem 2.1.5. Let A = [a;;] be an n x n matriz. For anyi=1,2,...,n, the
determinant of A is given by its Laplace (cofactor) expansion across the ith row

det(A) = Z ik Cik-
k=1

For any j = 1,2,...,n, the determinant of A is given by its Laplace (cofactor)
expansion down the jth column

det(A) =Y ax;Chj.
k=1

While theoretically useful, the Laplace expansion is computationally terri-
ble. Generally it requires n! multiplications. Using Gaussian elimination, it is
possible to reduce this to only n? making the determinant a fairly computable
quantity even for massive matrices.

When using Gaussian elimination, elementary row operations change the
determinant in controlled ways. These are

1. Permute rows 4,5 (i # j), then negate det(A).
2. Scale row ¢ by 7, then scale det(A) by r.
3. Add multiple of row i to row j, then no changes to det(A).

A common question (or complaint) from students is dealing with the (—1)7**
power. If we drop this, we get a well-defined quantity called the permanent of
a matrix. However, the permanent is generally computationally infeasible as it
does not share the same Gaussian elimination trick to solve it. Thus, the —1
power is actually a simplification.

Theorem 2.1.6. Let A, B be two n X n matrices and r be a scalar. Then,
1. det(AB) = det(A) det(B)
2. det(rA) =r"det(A)
3. det(A) = det(AT)
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2.2 Invertible matrices

Definition 2.2.1. Let A be an n X n matrix. If there exists an n X n matrix
B such that
AB=BA=1,

then A is called invertible (or nonsingular). The matrix B is called the in-
verse of A. If a matrix does not have an inverse then it is called noninvertible
(or singular).

Theorem 2.2.2. The inverse of an invertible matriz A is unique and denoted
by AL

Theorem 2.2.3. Let A, B be invertible matrices, then
1. (AB)"'=B'A~L
2. (AT l=(A"HT.
1y _ 1

Theorem 2.2.4 (Invertible matrix theorem). Let A € M,,(R), then the follow-
ing statements are equivalent.

1. A is invertible.
The linear system Ax = b has a unique solution for every b € R™.
. The homogeneous system Ax = 0 has only the trivial solution.

. The reduced echelon form of A equals the identity matriz.

2.
3
4
5. The columns of A form a linearly independent set.
6. The columns of A span R™.

7. The linear transformations T(x) = Ax is a bijection.
8. The transpose A" is invertible.

Procedure 2.2.5. Computing the inverse can be done with Gaussian elimina-
tion. This procedure will fail if the matrix is not invertible. Let A € M,,,

1. Set up the augmented n x 2n matrix [A | I].
2. Fully row reduce A into reduced echelon form.

3. If A does not have a pivot in every row/column, then we are left with an
inconsistent system of equations and A is not invertible.

4. If A has a pivot in every row/column, then the resulting augmented matrix
should be [I | A~!] giving the inverse.

A
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2.2.1 Exercises

1. Compute the determinant of the following matrices

42 1
A=1[1 0 of,

2 -3 7
1 0 0
B=1{2 3 0|, and
6 2 0

1 2 34 467 52
02 7 8 9
c=100 3 —15 =
00 0 2 —V3
oo o0 0o 1

2. Let A and B be 2 x 2 matrices such that det(A) = —4 and det(B) = 3.
Find the following quantities or explain why they cannot be found with
the given information

(a) det(B?)
(b) det(A™1)
(c) det(AB)

(d) det(A + B)

3. Find 2 x 2 matrices A, B such that

(a) A and B are invertible, but A 4+ B is not invertible.

(b) A and B are not invertible, but A + B is invertible.

4. Find the inverse of

b

I
—_ O =
o = O

[\
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2.2.2 Solutions

1. Compute the determinant of the following matrices

4 2 1
A=1(1 0 o,

2 -3 7

1 0 0
B=12 3 0|, and

6 2 0

1 2 34 467 52

0 2 7 86 9
cC=10 0 3 —-15 =«

00 0 2 —V3

00 0 0 1

For the determinant of A note that the second row has the most zeros so
it would be easiest to go across that row. To use this row we need to swap
rows 1 and 2. Doing this causes us to need to take the negative of the
determinant of A. This gives

det(A):l’ 2 1 ‘:14+3=17.

-3 7

So the answer is —17.

For B, we can see that there is a column of all zeros. If we take the
transpose and use the Laplace expansion across that row, we can see that
the determinant will be zero.

For C, this is a upper triangular matrix. So we will take the Laplace
expansion across the first column. This gives

2 7 86 9
0 3 -—15 s
det(C) =1 00 2 3
0 0 0 1
3 —15 T
=120 2 -3
0 0 1

Note that this process works in general. So for arbitrary upper or lower
triangular matrices, the determinant is just the product of the main diag-
onal.
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2. Let A and B be 2 x 2 matrices such that det(A) = —4 and det(B) = 3.
Find the following quantities or explain why they cannot be found with
the given information

(a) det(B?)
Following, det(AB) = det(A) det(B) we can turn this into det(B?) =
det(B)3 = 33 = 27.

(b) det(A™1)
We can use one of the properties of the matrix inverse to know that
det(A™Y) = gy = —1/4.

(c) det(AB)
We have det(AB) = det(A) det(B) = —4(3) = —12.

(d) det(A+ B)
There is no nice formula for this. To see this, consider

—4 0 4 0 9 3
A—[O 1],3—[0 ﬂ,andC—{8 3]

0 3

0. If instead we take det(A + C) = 97/3. So we can make the
determinant of the sum arbitrary.

Note that det(B) = det(C) = 3 If we take det(A+B) = det [O (7)} =

3. Find 2 x 2 matrices A, B such that
(a) A and B are invertible, but A + B is not invertible.
Let A=1 and B = —1I, then A+ B = 0 is clearly not invertible.
(b) A and B are not invertible, but A + B is invertible.
Take
1 0 0 0
A= {0 O] and B = [0 1],

then we can see both A and B are not invertible since they have rows
of all zeros. The sum A + B = I which is invertible.

4. Find the inverse of
1 0 -2
A=10 1 2
1 0 -1

Following the inverse procedure, take

[A 1] =

—_ O =
o = O
[\
OO =
o = O
— o O
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Row reducing this augmented matrix gives

10 -2 -1 0 2
01 2 2 1 =2
10 -1 -1 0 1

Now taking the right half gives the inverse as

-1 0 2
Al=12 1 =2
-1 0 1

2.3 Eigenvalues
Definition 2.3.1. Let A € M,, and let  be a nonzero vector such that
Ax = Az,

where \ is some scalar. We then call A the eigenvalue of A corresponding to
the eigenvector x. The ordered pair (A, z) is called an eigenpair.
The set of all eigenvalues of A is referred to as the spectrum of A.

Note that the zero vector is never considered an eigenvector.

Example 2.3.2. Consider

1 2 0 1
A=13 -2 2| and z= |1},
1 1 1 1
then we have
3
Ax = |3| = 3z.
3
Thus z is an eigenvector of A with eigenvalue 3. A

For the eigenvalue equation, we can write
Ar =X = (A—- X))z =0 = z € null(4 - \I).
This gives the following definition.

Definition 2.3.3. Let A be an n X n matrix and suppose Az = Ax for some
scalar A\ and some nonzero vector x. Then, we refer to null(A — AI) as the
eigenspace of A corresponding to \.

From the above definition, we have the following
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1. All the eigenvectors of A corresponding to its eigenvalue A belong to
null(A — A\I).

2. Since the null space of a matrix is a subspace, any nonzero linear combi-
nation of eigenvectors of A corresponding to A is also an eigenvector of A
corresponding to A.

3. We can find a basis of the eigenspace null(A — AI) by solving the homoge-
neous linear system (A — AI)z = 0 and expressing the solution set as the
span of linearly independent vectors.

Example 2.3.4. Let

2 1 2 -2

1 4 2 -2
A=1_31 7 9|

1 1 2 -1

then A has distinct eigenvalues 1, 3,5, where the eigenvectors for them are

, and

N =
— = =
N ==

Note that for this matrix there are only 3 distinct eigenvalues and the sum of
the dimension of the eigenspaces is 3. A

Example 2.3.5. Let

A:

_o O O
= O O

1
0
0
0

o O = O

Then A has eigenvalues 1, —1 where —1 has eigenvectors

1] 0
-1 0
0 and 1
0 ] -1
and 1 has eigenvectors

1 0

1 0

0 and 1

0 1

Here we have 2 distinct eigenvalues and 2 eigenspaces each of dimension 2. A

Theorem 2.3.6. Let A € M,,(C) and let A € C. The following statements are
equivalent:
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1. X\ is an eigenvalue of A.

2. Az = \x for some nonzero x € C™.

3. (A= A)x =0 has a nontrivial solution.
4. A — M is not invertible.

5. AT — M is not invertible.

6. X\ is an eigenvalue of AT.

Corollary 2.3.7. Let A € M,,. Then A is invertible if and only if 0 is not an
eigenvalue of A.

Procedure 2.3.8 (Finding the eigenspace). Let A € M,

1. To find the eigenvalues of A we setup the polynomial det(¢t] — A). The
roots of this polynomial are then the eigenvalues for the matrix.

2. For each distinct eigenvalue, A, found in step one, solve the linear system
(A — AI)z = 0 to compute a basis of the eigenspace corresponding to .

A

From the above procedure, you may ask why det(¢t] — A) instead of det(A —
tI)? From our properties of determinants we have

det(A — tI) = (—1)" det(t] — A),

so they are equivalent in terms of the roots of the polynomial. However, det(¢] —
A) is always monic, meaning the coefficient of the largest degree term is 1.

From Theorem we know that the eigenvalues of A and AT are equiv-
alent. However, their eigenvectors are generally not equivalent. This leads to
the following definition.

Definition 2.3.9. Let A be an eigenvalue of an n X n matrix A. Let y be an
eigenvector of AT corresponding to A,

ATy=)y = y A= \y".

We refer to the eigenvector y of AT as a left eigenvector of A corresponding
to A. We will also refer to its eigenspace as the left eigenspace of A.

2.3.1 Exercises

1. Confirm that A = 2 is an eigenvalue of

1 -1 5
A=1|1 3 -4
3 3 6

and compute a basis of its eigenspace.
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2. Let
-1 0 1
A=1-3 4 1
0 0 2

(a) Compute the eigenvalues of A.
(b) Compute bases for each of the eigenspaces of A.
3. Let A be an n x n nilpotent matrix, which means that A™ = 0 for some
positive integer m.
(a) Show that every eigenvalue of A is equal to 0.

(b) Find, if possible, a 2 x 2 nilpotent matrix with exactly one nonzero
entry.

(c) Find, if possible, a 2 x 2 nilpotent matrix all of whose entries are
nonzero.

4. Let A be an n x n idempotent matrix, which means that A% = A.

(a) Show that every eigenvalue of A is either equal to 0 or 1.

(b) Find, if possible, a 2 x 2 idempotent matrix all of whose entries are
nonzero.

2.3.2 Solutions

1. Confirm that A\ = 2 is an eigenvalue of

1 -1 5
A=11 3 -4
3 3 6

and compute a basis of its eigenspace.

To confirm that 2 is an eigenvalue of A we want to find a vector z such
that Az = 2x. To do this we compute (Ax — 2I)x = 0 this gives the
following system of equations

-1 -1 5 T —r1 — X2 +5x3=0
1 1 —4 To| =0 = T+ a0 —4ax3 =0
3 3 4 T3 3r1 +3x2 +4x3 =0
Solving these gives the vector z = [1 -1 O]T.
2. Let

-1 0 1

A=|-3 4 1

0 0 2
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(a) Compute the eigenvalues of A.

To compute the eigenvalues, we compute det(t] — A). To do this note
that a Laplace expansion across the bottom row has the most zeros.
This gives

t+1 0 1
det(tI-A)=| -3 t—4 1 |=(t-2) ’
0 0 t—2

t+1 0

Ty ‘ = (t=2)(t+1)(t—4)

Since this is already factored we can see the eigenvalues are t = 2,
t=—1,and t = 4.

(b) Compute bases for each of the eigenspaces of A.

Since we have three distinct eigenvalues, we will have that each eigen-
value has a dimension 1 eigenspace. To see this take (A — 2I)x =0
which gives

-3 0 1| [z —3x1+23=0

-3 2 1 | =0 = —-3r1+2r3+23=0

0 0 0| |z3 0=0.
From this we get 27 = x3/3 giving the eigenvector x = [1 0 3} T
Doing the same for t = —1 gives

0 0 1| [ 3 =0

-3 5 1f |zl =0 = —-3z1+5x2+23=0

0 0 3 T3 31‘3 =0.

This gives 23 = 0 and 21 = 5z2/3.
Finally for t = 4 we have

-5 0 1 X1 75.%1 + Tr3 = 0
-3 0 1 0| =0 = —-3z1+23=0
0 0 —=2| |xz3 3rs = 0.

This gives the vector x = [O 1 O]T.

3. Let A be an n x n nilpotent matrix, which means that A™ = 0 for some
positive integer m.

(a) Show that every eigenvalue of A is equal to 0.

Let (A, z) be a eigenpair for the matrix A, then
Az =Xz = A’z =)’z — AMz=\"2z — 0= \"=z.

Following = # 0 we must have that A = 0.
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(b)

Find, if possible, a 2 x 2 nilpotent matrix with exactly one nonzero
entry.

Consider A = 8 (1) . We know that the eigenvalues of a diagonal

matrix are the entries along the main diagonal, so the eigenvalues of
A are zero and we have a non-zero element. To see that A is really
nilpotent take A% = 0.

Find, if possible, a 2 x 2 nilpotent matrix all of whose entries are

nonzero.
a b
A= { d}

pa(t) =t* — (ad — be)t + (a + d).

For the roots of this to both be zero we need a+d = 0 and ad—bc = 0.
This gives that a = —d and —a? = be. Thus, one option is

[

Consider

Then

4. Let A be an n x n idempotent matrix, which means that A2 = A.

(a)

Show that every eigenvalue of A is either equal to 0 or 1.
Let (A, z) be an eigenpair of A, then

Az =\ = A%z =\’ = Az =)’z = A=)\

The only numbers that equal their own square are 0 and 1.
Find, if possible, a 2 x 2 idempotent matrix all of whose entries are
nonzero.

One way to approach constructing this is to start by a matrix all of
whose entries are equal. That is

a a
a=la 3
then ) )
2 20/ 2@
A7 = {2@2 2a2|"

This gives we need to pick a such that a = 2a> = a = % Thus

the matrix }

D=0 =

=

works.
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2.4 Characteristic polynomial

Definition 2.4.1. Let A be an n x n matrix. The n-degree polynomial p4(t) =
det(tI—A) is called the characteristic polynomial of A. The equation p4(t) =
0 is called the characteristic equation of A.

Lemma 2.4.2. Let (A, x) be an eigenpair of A € M,, and let p be a polynomial.
Then,

p(A)z = p(M)z,
that is, (p(\), z) is an eigenpair of p(A).

Theorem 2.4.3. Let A € M,, and let p be a polynomial such that p(A) = 0,
then

1. Ewvery eigenvalue of A is a root of p(z) = 0.
2. A has at most n different eigenvalues.

Definition 2.4.4. Let A € M,,. The geometric multiplicity of A as an
eigenvalue of A is the dimension of the eigenspace for A.

The multiplicity of A as a root of the characteristic polynomial p4(t) is called
the algebraic multiplicity of A.

Example 2.4.5. Let

11 0 0
01 0 0
A= 00 -1 O
00 0 -1

We can see that the two eigenvalues are —1 and 1. The characteristic polynomial
is
pa(d) = (L= X)?*(A-1)
so we can see that the algebraic multiplicities of both eigenvalues is 2.
The geometric multiplicity of —1 is 2, since we can have the eigenvectors
0

0

and 1

-0 O

-1

The geometric multiplicity of 1 is 1. To see this consider

01 0 O T
B 00 0 0]z
(A-DNzx=0 = 00 -2 0/ |as = 0.
0 0 0 =2| |za

This gives x5 = 0, 3 = 0, and x4 = 0 with x; being a free variable. Thus, the

only eigenvector is [1 0 0 O]T. A
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Since finding eigenvalues of a matrix involves finding the roots of a polyno-
mial, it follows that there is no general analytic formula past n = 4. However,
in practice numerical methods for root finding are excellent, so it is computa-
tionally not bad to find the eigenvalues even for large matrices accurately and
in a short time.

2.4.1 Exercises

1. Let

b

|
cocow
o O W

wo o
o oo

(a) Compute the eigenvalues of A.

(b) What are the algebraic and geometric multiplicities of each eigen-
value?

2. Let
1 3 0
A=10 7 2
-2 3 4

(a) Find the fully expanded characteristic polynomial of A.
(b) Find the trace and determinant of A.

(¢) What do you notice between parts (a) and (b)?

2.4.2 Solutions

1. Let

OO O Ww
OO Wi

oo O
o O O

(a) Compute the eigenvalues of A.

The eigenvalues are 3 and 5. To see this, take the determinant down
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the first column.
t—3 =2 0 0
0 t—-3 0 0
det(tI — A) = 0 0 t—-5 0
0 0 -1 t-5
t—3 0 0
=(t—13) 0 t-5 0
0 1 t—>5
2| =5 0
=37 s
= (t—3)*(t - 5)*
(b) What are the algebraic and geometric multiplicities of each eigen-
value?
The algebraic multiplicity for each is 2 since that is the power in the
factored characteristic polynomial.
For each of the two eigenvalues, our options are 1 or 2 for the geo-
metric multiplicity. For ¢ = 3 consider
0o -2 0 0
0O 0 0 O
rank(3] — A) = rank 0 0 -2 0 =3
0O 0 -1 -2
Thus by rank nullity theorem we have null(3/ — A) = 1.
A similar computation shows that null(57 — A) = 1. Thus, the geo-
metric multiplicity is 1 for both eigenvalues.
2. Let

(b)

Find the fully expanded characteristic polynomial of A.

The characteristic polynomial is

pa(t) =det(tI —A)=1| 0 =3 — 12t + 33t — 10.

Find the trace and determinant of A.
The trace of Ais 1+ 7+ 4 = 12 and the determinant is 10.
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(¢) What do you notice?

The trace of 12 and determinant of 10 are both coefficients in the
characteristic polynomial (with a negative). This holds in general,
that the trace is the first (non-monic) coefficient of the characteristic
polynomial while the determinant is the last.

2.5 Similarity transformations

Definition 2.5.1. An n x n matrix A is similar to an n x n matrix B if there
exists an invertible matrix S such that

A=SBS™%
Similarity between matrices forms an equivalence relation. That is
1. Every n X n matrix is similar to itself using S = I.

2. If A is similar to B, then B is similar to A since A = SBS~! implies
B=S5"145.

3. If A is similar to B and B is similar to C, then A is similar to C since
A=SBS ! and B= RCR™! implies A = (SR)C(SR)~ .

Theorem 2.5.2. If A, B € M,, are similar, then
1. The characteristic polynomials of A and B are the same.
2. The eigenvalues of A and B are the same.

Note that the converse of the above statement is not true. That is, we can
find two matrices with the same eigenvalues that are not similar.

Example 2.5.3. Let

0 1 0 0
A_[O 0} and B_{O 0]

We can see that the eigenvalues of A and B are both 0. However, they are not
similar. To show this, assume that they are that is

A=5SBS!

for some invertible S, then SBS~! = S0S~! = 0 implying that A = 0 which is
a contradiction. A
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2.6 Diagonalization

Definition 2.6.1. An n x n matrix A is called diagonalizable if A is similar
to a diagonal matrix.

Note that not all matrices are diagonalizable.

Example 2.6.2. Consider
010
A=10 0 1
0 00

Then following A is upper triangular, we have that the eigenvalues are all zero.
However, A is not triangular since that would imply it is similar to 0, which we
have shown in a previous example can’t happen. A

Theorem 2.6.3. Let A € M,,. Then A is diagonalizable if and only if A has
n linearly independent eigenvectors si,Ss,...,Sn. If this is the case, then the
matrixc

S=l[si|sa|-[snl,
is invertible and S~1AS = D, where
D = diag(M, ..., \n)
with A1, ..., A\, being the eigenvalues of A corresponding to si,...,Sy.

Corollary 2.6.4. Let A € M,,. Then A is diagonalizable if and only if for any
eigenvalue of A the algebraic and geometric multiplicities are equal.

Theorem 2.6.5. Let A be an n X n matriz that has n distinct eigenvalues.
Then A is diagonalizable.

Note that the above theorem is sufficient, but not necessary. To see this, the
identity matrix is trivially diagonalizable and has all its eigenvalues being 1.

Example 2.6.6. Let

1 2 3 4
4 1 2 3
A= 3 4 1 2|’
2 3 41
then the eigenpairs of A are
1 1 1 1
o, (Y1), (~2—2i | ") (=2 | 7)), and (—2+2i | 1))
11 2, 11”7 ) 1 ; all 2, —1|’
1 —1 —1 7
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With this we can then diagonalize A by using the eigenvectors as the columns
of S giving

1 1 1 1 10 1 1 1 1
1 ¢« -1 — —2—-2 1 7 -1 —
1 -1 1 -1 -2 1 -1 1 -1
1 — -1 4 242 (1 —2 -1 1

2.6.1 Exercises

1. Find a matrix similar to

2 3 4
A=1(10 2 -1
-5 2 2
2. Give the diagonalization of
011
A=11 0 1
1 10

3. If A is diagonalizable, A = SDS~!, and p a polynomial, then prove
p(A) = Sp(D)S~ .

2.6.2 Solutions

1. Find a matrix similar to

2 3 4
A=1(10 2 -1
-5 2 2

This problem is very open, but one nice class of similarity transforms is
that of permutation matrices. Consider

01 0
P=1{1 0 0],
00 1

then first note that P? = I giving that P~ = P. Our similarity transform

is then
10 2 -1 2 10 -1
PAP=112 3 4| P=1|3 2 4
-5 2 2 2 -5 2
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2. Give the diagonalization of

—
o
—

Given the matrix:
0 1 1
A=11 0 1
1 1 0

We seek an invertible matrix P and a diagonal matrix D such that A =
PDP~ 1.

We solve the characteristic equation det(A — A\I) =0

-2 1 1
det(A—A)=det | 1 —X 1
1 1 =X

=AM =1+ A+1)+ (14N
=N+ A+220+2
=—-(\-31-2)

Factoring the polynomial, we observe that A = —1 is a root
~A+1)2A=2)=0

The eigenvalues are A\; = —1 (algebraic multiplicity 2) and A = 2 (alge-
braic multiplicity 1).

For A\; = —1 We calculate the null space of (A — (—=1)I) = (A+I):
1 11
A4+TI=1|1 1 1
1 11

This corresponds to the equation x1 + x2 + x3 = 0. We select two linearly
independent vectors satisfying this condition:

For Ay = 2 We calculate the null space of (A — 21)

-2 1 1
A-2I=|1 =2 1
1 1 -2
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Row reducing this matrix leads to 1 = 22 = x3. We select the vector:
1
V3 = 1
1

We construct matrix P using the eigenvectors as columns, and matrix D
using the corresponding eigenvalues:

-1 -1 1 -1 0 0
P=]1 0 1, D=0 -1 0
0 1 1 0 0 2

Thus, the diagonalization is given by A = PDP~!.
3. If A is diagonalizable, A = SDS~!, and p a polynomial, then prove
p(A) = Sp(D)S™".

m k

Proof. Let A= SDS™! and p(z) = >, arx”, then

p(A)

~

DS

Il
3
M= 5

ap(SDS~ 1)k

ol
Il

0

apSDFS™!

0
(Z aka> 571
k=0
1.

Sp(D)S™

I
NE

=

Il
w0

2.7 Caley-Hamilton theorem

Definition 2.7.1. Given an n X n matrix A, the adjoint (or adjugate) of A
is the n x n matrix

Cin Cou -+ Cn
Ciz2 Cp -+ Cpa
Cln CQn e Cnn

where C;; = (—1)"7 det(A;;) us the (4,7)th cofactor of A.
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Lemma 2.7.2. Let A € M,,, then
A adj(A) = adj(A)A = det(A)I,.

Theorem 2.7.3 (Caley-Hamilton Theorem). Let A € M,, with characteristic
polynomial pa, then pa(A) = 0.

Proof. Apply Lemma to the matrix tI, — A, it follows that
(tI, — A)adj(tl, — A) = det(tl, — A) = pa(t)I,. (2.1)

The entries of the adjoint matrix adj(tl, — A) are polynomial in ¢ of degree
smaller than or equal to n — 1, which we will denote p;;(t). That is we can write

p11(t) par(t) -+ pni(t)
adi(T, — A) = p12:(t) pzzz(t) pn2:(t)
pu;(t) pQr;(t) pm;(t)

Now we can collect the coefficients matrices, B;, in front of each power of ¢
giving that
adj(tl, — A) = B, _1t" ' + B, _ot""? 4+ ... 4+ Bt + By.
This allows us to rewrite equation [2.1] as
(tIy—A)(Bp_1t" '+ By _ot" 4+ Bit+By) = (t"+an_1t" "+ - +art+ag) L.
Matching the powers of ¢ on both sides gives the following equations
B,1=1,
By o —ABn_ 1 =an_1l,
B,_3— ABn72 = ap—ol,

BO — ABl = ax In
—ABO = aoln.
Now we can multiply each of these equations by a decreasing power of A™, so

the first one by A™, second by A" ™!, and so on. This is equivalent to plugging
in A for ¢t. This gives

A"B,_1 = A"
An_an—2 - Aan—l = an—lAn_l
An_2Bn73 _ An_an72 _ an72An—2

ABQ - A231 = alA
—ABO = a,()In.
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Adding all of these equations back together, we can see that the left side becomes
0 and the right becomes p4(A). O

Corollary 2.7.4. Let A € M,,, then for any k > n we can write A* as a linear
combination of A°, A, ..., A"

Proof. By Caley-Hamilton we have

n n—1
ZakAk =0 < A" = Z —apA*.
k=0 k=0
Multiply both sides by A giving
n—1
An+1 _ Z 7ak-Ak+1
k=0
n—2
— _anilAn + Z _akAk+1
k=0
n—1 n—2
= —an_1 Z —apAF + Z —ap AFHL
k=0 k=0
Rearranging gives A"*! as a linear combination of A% A!,... A"~! Repeating
this process gives A* for any k > n + 1. O
Example 2.7.5. For the matrix
-1 0 1
A=1-2 2 1},
-4 0 3

compute the matrix A200,
First, we calculate the characteristic polynomial of A giving

pa(t) =det(tls — A) = (t — 1)2(t — 2) = > — 4t> + 5t — 2.

Now we want to know if we can diagonalize A. To do this, we compute the
geometric multiplicities of the eigenvalue ¢ = 1 (since ¢t = 2 is gauranteed to be
1), we can take

-2 0 1 0 1
rank(A—I3) =rank | |—2 1 1| | =rank| |-2 1 1| | =2

-4 0 2 0 0 0
Thus the dimension of the null space is 1 giving that the algebraic and geometric
multiplicities do not match. Since the algebraic and geometric multiplicities are
not equal for £ = 1 we can’t diagonalize this matrix. Thus, we need to use the
characteristic polynomial.
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Consider the long division of t2°0 by p4(t):
120 = pa(t)q(t) + r(t) = pa(t)a(t) + (at® + bt + ).

This gives the linear system

1209 =pa(1)g(l) +a+b+c a+b+c=1
2200 = 5 4 (2)q(2) + (4a + 2b+ ¢) < { 2a+b=200
200 - 1199 = p/, (1)q(1) + pa(1)¢'(1) + (2a + b) da + 2b + ¢ = 2200

Solving gives 7(t) = (2290 —201)t? + (—22° +602)¢ + 2209 — 400. This gives that

A2 = pa(A)g(A) +r(A) = r(4)
= (2290 —201)A? + (—22%1 +602)A + 2%20° — 4001,

—399 0 200
72201 +9 2200 2200 -1
—800 0 401

2.7.1 Exercises

1. Consider
2 1 0
A=10 2 0
0 0 1
compute A%
2. Consider
-1 1 -1
A=1-4 3 4|,
0 0 -2
compute A3
2.7.2 Solutions
1. Consider
2 1 0
A=10 2 0
0 0 1

compute A0

Following the process in the section we will compute the characteristic
polynomial of A giving

pa(t) = (t=2)*(t - 1).
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Now we can apply long division to the polynomial ¢'° with the charac-
teristic polynomial. This gives

100 = pa(t)q(t) + 7(t) = palt)q(t) + at® + bt + c.
Now plugging in 1,2 and 2 into the derivative gives the equations

a+b+c=1
4a +2b+ c = 2'°
2a + b = 100(2%).

Solving this gives the remainder polynomial
r(t) = (—49(2'%) — 1)#* + (148(2'%%) + 2)¢ — 99(2'?).
Thus we have

A0 = (—49(2109) — 1) A% 4 (148(2'%%) 4-2)A — 99(21°N) 1.

2. Consider
-1 1 -1
A=1|-4 3 4|,
0 0 -2

compute A3

Following the process in the section we will compute the characteristic
polynomial of A giving

pa(t) = (t=1)*(t +2).

Now we can apply long division to the polynomial 23 with the charac-
teristic polynomial. This gives

1125 = pa()g(t) + r(t) = pa(t)a(t) + af® + bt +c.

Now plugging in 1,2 and 2 into the derivative gives the equations

at+b+c=1
da — 2b+ ¢ = 21?3
2a+b=123.

Solving this gives the remainder polynomial
r(t) = ((2'% 4 368)t% + (371 — 2124t — 2128 —730)/9.
Thus we have

A2 = (2128 1 368) A% + (371 — 2121 A — (2'% —730)1) /9.
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2.8 Minimal polynomial
Definition 2.8.1. Let A € M,,, then define
P(A) = {p(t) [ p(A) = 0}.

That is P(A) represents that the set of polynomials such that plugging A gives
the zero matrix.

From Caley-Hamilton we know that P(A) # 0. With that we will define
ma(t) € P(A) to be the monic polynomial of minimal degree called the minimal
polynomial.

Theorem 2.8.2. Let A € M,, and ma(t) be the minimal polynomial, then the
follow properties hold.

1. Every nonzero p(t) € P(A) is divisible by ma(t).

2. The polynomial ma(t) is the unique monic polynomial of minimal degree
that vanishes at A.

3. Every eigenvalue of A is a root of m(t).

Proof. (1) For any polynomial p(t) € P(A), consider the long division

p(t) =ma(t)q(t) +r(t),

then
p(A) =0 = ma(A)q(A) +r(4A) = r(A4)=0.

From the definition of long division r(¢) is a polynomial of degree strictly less
than m4(t), thus if 7(¢) was not the zero polynomial it would be the minimal
polynomial so we have r(¢) = 0.

(2) Assume for contradiction that there exists another minimal polynomial
ma(t), then from part we know that both polynomials divide each other. This
forces them to be scalar multiples of one another. However they are both as-
sumed to be monic, so they are actually the same polynomial.

(3) Let A be an eigenvalue of A and consider the long division of the minimal
polynomial with (¢t — A) giving

ma(t) = (t = A)q(t) +r,
where r is just a scalar. Now
0=ma(A) =(A—A)q(A) +rl.
If » # 0, then

(A= ADq(A) = —r] = (A— ) (-M) = I,.

r

As a consequence, then matrix A — AI is invertible and det(A — AI) # 0 which
contradicts A being an eigenvalue of A. Thus r = 0. O
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Corollary 2.8.3. Let A € M,,. If all the eigenvalues of A have algebraic
multiplicity of 1, then pa(t) = mal(t).

Corollary 2.8.4. If two matrices are similar, then they have the same minimal
polynomial.

Theorem 2.8.5. Let A € M,,. Then A is diagonalizable if and only if all of
the roots of ma(t) have multiplicity 1.

Proof. Let A € M,, be diagonalizable, then we know that A is similar to a
diagonal matrix D. By Corollary mp(t) = mal(t). O

Example 2.8.6. Consider the upper triangular matrices

1 0 2 1 0
A= 1 0| and B=|0 1 0
0 2 0 0 1

SO =

We can see that their characteristic polynomials are the same
pa(t) = pp(t) = (t - 1)%(t - 2).

Now the only option for a potential minimal polynomial is m(¢) = (¢t —1)(t —2).
Trying this for A and B gives

0 -1 0
(A-I)(A—-2)= |0 0 0| #0

0 0 0

[0 0 0
(B-I)(B—-2I)= |0 0 0| =0.

0 0 0

Thus their minimal polynomials are

ma(t) = (t —1)*(t - 2)
mp(t) = (t—1)(t — 2).

2.8.1 Exercises

1. Find the minimal polynomial of

and prove that A is not diagonalizable.
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2.8.2 Solutions

1. Find the minimal polynomial of

and prove that A is not diagonalizable.

First we compute the characteristic polynomial which gives

palt) = (t—3)*(t +2).

Thus the only options for the minimal polynomial are p4(t) and (t—3)(t+
2). Plugging A into (¢t — 3)(t + 2) shows it is not zero. Thus the minimal
polynomial is the characteristic polynomial.

2.9 Elementary symmetric functions

Recall that a minor of a matrix A is det(A4;;). We call that minor principal if
i = 7. The minor is called size k if we have deleted n — k of the rows/columns.

Definition 2.9.1. Let A € M,,. The sum of its principal minors of size k is
denoted by Fx(A).

Example 2.9.2. Consider

1 2 -3
A=10 2 4/,
0 0 -1
then
Ei(A) =tr(A) = 2,
1 -3 2 4
2(A) = det [ ])—l—det([o 1})—&—det([o 1]>—2—1—2——1,
E5(A) =det(A) =

A

Definition 2.9.3. The kth elementary symmetric function of n complex num-
bers A\i,...,A\n, k< mn,is

k
S, .. A\ = > 11>

1<) <--<ipx<n j=1

For A € M,, with eigenvalues Ay,..., A, we denote S(A) = Sp(A1,...,\n).
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Example 2.9.4. Consider (1,2,3,4), then

$1(1,2,3) =1+2+3=6,
S5(1,2,3) = 1(2) + 1(3) + 2(3) = 11,
S5(1,2,3) = 1(2)(3) = 6.

Theorem 2.9.5. Let A € M,, have characteristic polynomial
pA(t) =" 4 (_1)1a1tn—1 4 (_1)2a2tn—2 4 (—1)”(17“
then ap, = Ei(A) = Sk(A) for each k=1,...,n.

The proof of this theorem is a bit of an algebraic mess. To show aj = Si(A)
we can use Vieta’s formula.
To show that a, = Ex(A) we can use induction with the Laplace expansion.

Example 2.9.6. Consider

5 1 2 1
1 5 1 2
A= 2 1 5 1}|°
1 2 1 5
then a direct computation shows
Ei(A) =20
E>(A) =138
E3(A) =396
E4(A) = 405.

This gives that
pa(t) = t* — 20> + 138t% — 396t + 405.

With the characteristic polynomial we know that the eigenvalues satisfy
A+ A+ A3+ =20
)\1()\2 + A3+ )\4) + )\2(>\3 + /\4) + A3y = 138
A1 A2 A3 + A1 oAy + A A3 A4 + Aoz Ay = 396
A1A2A3 g = 405.

2.9.1 Exercises
1. Determine the characteristic polynomial of the matrix
1 1 0
1 1 1
0 1 1


https://en.wikipedia.org/wiki/Vieta%27s_formulas
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2. Determine the characteristic polynomial of the matrix

1100

o O =

1 1
1 1
01

=)

3. Determine the characteristic polynomial of the matrix

110 00
111 0 0
01 1 10
0 01 11
0 0011

4. Determine a recurrence form for the characteristic polynomial of the con-
stant tridiagonal matrix

110 00
111 00
01 1 00
00 0 11
0 0 0 1 1]

2.9.2 Solutions
1. Determine the characteristic polynomial of the matrix

1 10
1 1 1
0 1 1

The characteristic polynomial is

pa(t) = (t = 1)((t - 1)* +2) — (¢ - 1).

2. Determine the characteristic polynomial of the matrix

1100

O O =

11
11
0 1

— = O

The characteristic polynomial is

t—1 1 0

pa(t) = (t—1)ps(t)—det | 0O t—1 1 = (t—1Dps(t)—(t—1)p=2(2).
0 1 t—1
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3. Determine the characteristic polynomial of the matrix

OO O ==
OO~ =
O~ Rk R~k O
e = )]
= =)

The characteristic polynomial is

ps(t) = (t = 1)pa(t) — (£ = ps(1).

4. Determine a recurrence form for the characteristic polynomial of the con-
stant tridiagonal matrix

110 0 0
111 0 0
01 1 0 0
000 ... 11
000 ... 1 1]

The characteristic polynomial is

pn(t) = (t - 1)pn—1(t) - (t - 1)pn—2(t)'
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Distance in spaces

3.1 Inner product space

For this chapter a field is only going to refer to R or C. To emphasize this we
will use the notation F.

Definition 3.1.1. Let V be a vector space and F be a field. A function whose
input consists of a pair of vectors in V and output is a scalar in the field,
symbolized by

(,):VxV =T,

is called an inner product when, for every u, v, w € V, the following conditions
are satisfied:

1. Nonnegativity: (v, v) is real and nonnegative.
2. Positivity: (v,v) = 0 if and only if v = 0.

3. Additivity: (v + u, w) = (v, w) + (u,w).

4. Homogeneity: (rv,u) = r(v,u) for every r € R.
5. Conjugate symmetry: (v,u) = W

The vector space V' equipped with an inner product is called an inner product
space.

Example 3.1.2. Consider V' = F™ as a vector space over F. For u = [u;], v =
[v;] €V, let

n
(u,v)y = v*'u = Zulvﬁ
i=1
This is the standard inner product on F™. A

99
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Example 3.1.3. For the vector space C|a, b] = {all the continuous functions f :
[a,b] = R} of all real continuous functions, in variable ¢ € [a, b], the function

b
(F(t), a(t)) = / F(t)g(t) dt,

f(t),g(t) € Cla,b] is an inner product. A

Example 3.1.4. Let V = M,,,,(F) and let A = [a;;] and B = [b;;] in V. The
Frobenius inner product

(A, B)p = tr(B*A)
A

Theorem 3.1.5 (Cauchy-Schwarz Inequality). Let V be a vector space and (-, -)
be an inner product for V.. Then, for every v,u € V we have that

(v,u)? < (v,v)(u,u).

Moreover we have equality if the vectors are colinear, or one of them is the
zero vector.

Proof. The proof will be covered after vector norms. O

So why the field restriction to R and C? The main issue is of the first
condition, of nonnegativity. It is hard to define inner products over arbitrary
fields such that when you inner product a vector with itself you get a real
nonnegative value. To fight this you might say, well can we loosen that first
restriction. The answer is yes and no.

For the no side, as we shall see in the next section, the nonnegativity require-
ment is what allows us to turn these inner products into vector norms which
can be thought of as a sort of distance. This will be an amazing geometric tool
for us moving forward, so we can’t drop this requirement.

For the yes side, we can study a more general object called a symmetric
bilinear form, see wikipedia page: Symmetric bilinear form. This allows us to
work over arbitrary fields and gives us some of the properties we are after. If
you are further interested in fields being bad. I would recommend two topics.

1. The first is Non-Archimedean ordered fields, see wikipedia page: [Non-
Archimedean ordered field. These are fields that have an ordering, but fail
the Archimedean property ( you can scale one number by some number
of copies of itself to be larger than another).

2. The other are fields of characteristic 2. These are particularly problematic
fields where if you square any element you get back the identity. These
tend to be a counterexample to many theorems and are explicitly disal-
lowed in many more.


https://en.wikipedia.org/wiki/Symmetric_bilinear_form
https://en.wikipedia.org/wiki/Non-Archimedean_ordered_field
https://en.wikipedia.org/wiki/Non-Archimedean_ordered_field
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3.1.1 Exercises

1. For vectors z,y € R3, determine which of the following are inner products

(z,y) = 2151 + 23Y3

(T,y) = T1y1 — T2y2 + T3Y3
(z,y) = 22191 + T2y2 + 473Y3
(z,)

2.2 .22, 2 2
= T{Yi + 23Y5 + 23Y3

3.1.2 Solutions

1. For vectors x,y € R3, determine which of the following are inner products

(a) (@,y) = z1y1 + 23y3
This is not an inner product. Consider = (0,1,0), then

(x,2,) =04+0=0.

This breaks property 2 since x # 0.
(b) (@,y) = x1y1 — T2y2 + T3Y3
This is not an inner product. Consider = (1,1,0), then

(x,2,) =1—-1=0.

This breaks property 2 since x # 0.

(c) (@,y) = 2z1y1 + T2y2 + da3Y3
This is an inner product.

(d) (z,y) = 23yf +a3y3 + 23y3
This is not an inner product. Consider x = (1,1, 1), then

(x+z,x,) =((2,2,2),(1,1,1)) = 44444 = 12 # (x, x)+(z, z) = 3+3.

This breaks property 3.

2 0 0 T
<l‘,y> = [yl Y2 yB] 0 3 0 )
0 0 5| |z3

This is an inner product.
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3.2 Vector norms

Definition 3.2.1. Let V be a vector space over F. A function whose input
consists of a vector in V' and outputs is a real number, symbolized by

-1V =R,
is called a vector norm when, for every v, u € V, the following are satisfied:
L flol] > 0
2. |jv]| =0 if and only if v =0
3. |jrv|] = |r|||v|| for every r € F
4 v+l < ol + ]

The norm of the difference of two vectors v and w is called the distance between

these two vectors, and it is denoted by dist(v,u) = ||[v — ul].
Definition 3.2.2. If || - || is a norm in a vector space V, then a vector v € V' is
called a unit vector if ||[v]|| = 1.

Note that for any vector v, we can normalize v by taking v/||v]|.

Lemma 3.2.3. Let V be a vector space. For any inner product (-,-) in V, the

function
[v]] = v/ {v,v),

forv €V is a vector norm.

Proof. The proof is an exercise for this section. O
Definition 3.2.4. Consider a vector norm || - || defined via an inner product
(-,-). Then we say that || - || is a norm induced by the inner product (-, ).

Note that not every vector norm is able to be induced by an inner product.

Example 3.2.5. Let V = F" derived from the standard inner product is the
Euclidean norm
lullz = Vu*u.

This norm is also called the /5 norm. A

Theorem 3.2.6. Let V' be a vector space, and let {-,-) be an inner product in
V. If|| - || is the induced norm of this inner product, then for every u,v € V the
following hold:

1. Parallelogram law ||v + ul|* + |[v — u||* = 2|v||? + 2||u||2.

2.

(Il +ul* = [l = [ul*) -

DN | =

(o +ull® = [lv —ulf?) =

A~

<U7u> =



63 3.2. Vector norms

S v+l v —wll < [[o][* + [ [ul .
Proof. The proof is an exercise for this section. O

Corollary 3.2.7. A norm is induced by an inner product if and only if it
satisfies the parallelogram law.

Example 3.2.8. Let V = F" and let v € V, then the following norms are not
induced by an inner product:

1. 1-norm or ¢; norm: |[v]]y = > 3 _; vkl

2. oo-norm or Luo: ||v]]oe = max{|v1],...,|vn|}

3.2.1 Exercises

1. Let V be a vector space with inner product (-,-). Prove that
o]l = v/ {v,v)
is a norm.

2. Prove theorem 3.2.6 for a real vector space. That is for V= R"™ a vector
space with inner product (-,-) and uw,v € V', then prove
(a) Parallelogram law |[v + ul|? + |Jv — u[|* = 2||v]|? + 2||u||*.

(b)

(,u) = 2 (v +ull* = o = ull?) = 5 (Ilo +ull® = [Jo]|* = [Jul]*).

| =
N |

() v +ull o —ull < JJo][* + [Jul|*.

3.2.2 Solutions

1. Let V be a vector space with inner product (-,-). Prove that
o]} = v/ {v,v)

is a norm.

To be a norm we need to satisy the 4 properties. First note that ||v]| > 0
following the inner product of v with itself is nonnegative.

Next, we have that the inner product of v with itself is 0 iff v = 0. This
gives us norm property 2.

For norm property 3 we have

lroll* = (rv, rv) = r{v,rv) = r{rv,v) = r7(v,v) = [r[*||v]]*.
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Finally, for the last property we have

2. Prove theorem 3.2.6 for a real vector space. That is for V' = R" a vector
space with inner product (-,-) and u,v € V, then prove

(a) Parallelogram law ||v + ul|? + [|v — u||* = 2||v||* + 2[[u| .

llv+ull® +[|Jv —ul|® = (v+u,v+u) + (v —u,v —u)
= (v,v) + (v,u) + (u,v) + (v,v) — (v,u) — (u,v) + (u,u)
= 2(v,v) + 2{u, u)
= 2|[v][* + 2{Ju||*.

(o +ull* = loll* = [ul?) -

N —

1
{v,0) = 7 (Il +ulf? = v = u|]?) =

Moved to homework 5.
(©) o+l [Jv =l < [[v]]* + [Jul]*.
Moved to homework 5.

3.3 Orthonormal systems

Definition 3.3.1. In an inner product space V, we say that two vectors are
orthogonal if their inner product is zero.

Two subspaces, U, W C V| are called orthogonal subspaces if for every
u € U and w € W we have that (u,w) = 0.

Definition 3.3.2. Let V be an inner product space. A set of nonzero vectors,
{v1,..., vy}, is called orthogonal if (v;,v;) =0 for all 4,5 € {1,...,n} such that
1 7.

If in addition we require ||v;|| =1 for all the vectors in the set, then we call
the set orthonormal.

Finally, if that set forms a basis for V', then we say that the vectors are an
orthonormal basis of V.
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Theorem 3.3.3. Let V be a vector space, and let {-,-) be an inner product in
V. If a set of nonzero vectors {vy,...,v;} in V is orthogonal, then the set is
linearly independent.

Definition 3.3.4. Let v, u be in the inner product space V. If the vector u is
written as
U= U ~+ Uy,
where the vector @ is orthogonal to v and the vector w, is colinear to v, then
u, is said to be the orthogonal projection of u onto v and is denoted by
proj, (u).
More explicitly we can compute proj, (u) as follows

(u, v)

pI"OjU(U) = ||’U||2 v

Theorem 3.3.5. Let V be an inner product space. If {v1,...,v,} is an orthog-
onal basis of V', then any vector x € V' can be written uniquely as

n n
x = <x’vk>v = roj, (x).
2 T U = 2 P
k=1

k=1

If the set is instead orthonormal, then we can write T as

n

x = Z(w,vk>vk.

k=1

Theorem 3.3.6. FEvery finite dimensional inner product space has an orthogo-
nal basis.

Proof. This follows from the Gram-Schmidt process that we will see in the next
section. 0

3.4 Gram-Schmidt process

Procedure 3.4.1. Given linearly independent vectors uy, us, . .., u,, compute
the orthogonal vectors

w1 = Uy
Wo = Uo — <U2,’1_U1>
2 2 <’U}1,U}1> 1

ws = ug — <'U/3, w1> L <u37w2> )
{(wy,wr) (wa, wa)
<un7w1> <un7w2> <un7wn—1>

Wp = Up — 2 T n—1
(w,wy) (wa, wa) (Wn—1,wn_1)
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Written in our projection form this simplifies to

w1 = Uy
W2 = U2 — projwl (Ug)

w3 = Uz — projwl (Ug) - pI‘ij2 (U3)

Wn = tn — PrOjy, (Un) = Projy, (un) — -+ = proj,, , (un).

We can further normalize these vectors by

w1 wa W,
V= ——, Vg = ———, ..., Up = 7.
||| [|wa] |||
We then have
span{wsy, ..., wy,} = span{vy,...,v,} = span{u, ..., un}.

Example 3.4.2. Consider the basis
{ula Uz, U3} = {(17 17 1)’ (07 17 2)’ (17 07 3)}

of R3 with the standard inner product. Then applying Gram-Schmidt we have

w1 = U1 = (1, 17 1)a
: ((0,1,2),(1,1,1))

Wy = Uy — Proj,, (uz) = (0,1,2) — 11 L11) (1,1,1) = (-1,0,1),

w3 = u3 — Proj,, (us) — proj,, (usz)

.
((1,0,3),(1,1,1))
(1,1

=003 =T, L)

) -
(4

(1,1,1) —

3.5 Orthogonal complements

Definition 3.5.1. Let V' be an inner product space of finite dimension. If U is
a subspace of V, then the set

L={veV:(vu)=0 forevery ucU}

is called the orthogonal complement of U also known as the “perp space” of
U.
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Example 3.5.2. Let U = span{(1,0,0,0), (0,1,0,0)} be a subspace of R*, then
U* = span{(0,0,1,0),(0,0,0,1)}.
A

Theorem 3.5.3. Let V' be an inner product space of finite dimension. For any
subspace U of V' the following hold:

1. V=UaU"-.

2. (UYHYt =U.
Proof. (1) Assume that the dimension of V is dimension n. By Theorem [3.3.6]
we know that U has an orthonormal basis {ui,...,ux}. If K = n, then we are

done since U = V and U+ = {0}. If k£ < n, then U+ # {0}. Let x € V, then
define

k
y=1x— ) proj, (z).
j=1

With this note that (y,u;) = 0 for i = 1,..., k. Thus y € U+. This gives that
V =U + U*. Following U N U+ = {0} we have that V =U @ U~.
Part (2) is a homework exercise. O

Theorem 3.5.4. Let V' be an inner product space with subspace U. Then for
any vector v € V we can write v uniquely as

V= vy + vyL
where vy € U and vy € U+,

Theorem 3.5.5. Let V be a inner product space. If U and W are subspaces of
V', then the following hold:

1. U <W, then W < U~
2. (U+W)t =ULtnwt.
. (UnW)t=Ut+wt.
Proof. (1) If U < W, the for any @ € W+, we have
(,w) =0 for every w € W = (i,u) =0 for every uc U = € U™t.

(2) and (3) are left as exercises. O

3.5.1 Exercises

Prove parts (2) and (3) of Theorem [3.5.5] That is, let V be a inner product
space. If U and W are subspaces of V', then prove the following hold:

L (U+W)t=Uurnwt.
2. (UnW)t =0+ +wt,
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3.5.2 Solutions

Prove parts (2) and (3) of Theorem [3.5.5] That is, let V be a inner product
space. If U and W are subspaces of V', then prove the following hold:

L. (U+W)t=Urnw+.
Let v € (U + W)2, then for any u € U and w € W, we have

(v,u +w) = 0.

Now we will use specific u, w to show where v must be. If u = 0, then we
see that v € W+, while if w = 0, then v € U+. Thus v € U+ NW+ giving
U+W)t<Uutnwt.

Conversely, if v € U N W+, then (v,u) = 0 for all u € U and (v,w) = 0
for all w € W. Putting these together gives (v,u + w) = 0 for all u € U
and w € W. Thus v € (U + W)+ giving Ut n WL < (U + W)+,

2. (UnwW)t=Ut+ Wt

UNW)E=(UHn(WHH)F = (U +whHhHt =Uut+ Wt

3.6 Unitary matrices

Definition 3.6.1. If the columns of an n X n matrix U form an orthonormal
basis of a vector space F™, then U is called a unitary matrix.
If we are over R™ this matrix is also called an orthogonal matrix.

Example 3.6.2. Consider the following unitary matrices

g [ o]

11 1 1
Ift 1 -1 -1
=311 -1 -1 1
1 -1 1 -1

/2 1/2  1/V2 0

g /2 1/2 —1/V2 0

1/2 —1/2 0 1/v2
1/2 —1/2 0 —1/V2
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The definition of a unitary matrix is often given in many forms. The follow-
ing theorem addresses this.

Theorem 3.6.3. Given a matrix U € M,,, the following are equivalent:

1

8.

NS o e

. U is a unitary matrix.

The columns of U are orthonormal.
U*U=0U*=1.

U* is a unitary matriz.

The rows of U are orthonormal.

U is invertible and U~1 = U*.

For each x € F", ||z|| = ||Ux||

For each x,y € F™, (Ux)*(Uy) = z*y.

Theorem 3.6.4. Given a unitary matriz U € M,,, the following hold:

1. Every eigenvalue, A, of U satisfies |A\| = 1.

2. The determinant of U satisfies | det(U)| = 1.

8. The product of two unitary matrices is a unitary matriz.

Unitary matrices are used extensively in numerical linear algebra. They
are well behaved with respect to error propagation and it is essentially free
(computationally) to invert them. We will see them several times in the following
chapter.

3.6.1 Exercises

1.

Prove or give a counter example to the claim that the product of two
unitary matrices is unitary.

. Prove or give a counter example to the claim that the sum of two unitary

matrices is unitary.

. Consider a nonzero vector u € R™. Prove that the matrix
2
H=1-—uu'
uTu

is symmetric and unitary.

. Let A be an n X n matrix such that the matrix I,, + A is invertible. Prove

that A is skew-symmetric if and only if the matrix
B=(I-A)I+A)™!

is unitary.
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3.6.2 Solutions

1. Prove or give a counter example to the claim that the product of two
unitary matrices is unitary.

Let U, R be two unitary matrices. Then we have
(UR)(UR)"* =URR'U*=UIU" =1.
Thus the product is unitary.

2. Prove or give a counter example to the claim that the sum of two unitary
matrices is unitary.

This is false. Consider,

o A R

which is not unitary since the columns are no longer unit length.

3. Consider a nonzero vector u € R™. Prove that the matrix

2
H=1-—uu'
uTuuu

is symmetric and unitary.

To show that H is symmetric we want to show that H = H T, so consider

2
_ 7T TN\T
2 T

Now to show unitary we will show that HH* = I, but since H is real
H* = H" and following H is symmetric H" = H. Thus, we want to show
that H2 = I. Consider



71 3.7. Matrix norms

4. Let A be an n X n matrix such that the matrix I,, + A is invertible. Prove
that A is skew-symmetric if and only if the matrix

B=(—A)I+A""

is unitary.

Proof. Let A be skew-symmetric, then we want to show that B is unitary.
To do this, consider

=[I-AT+A) ] (I-A)IT+4)"
(I+A))"" I — AT — A+ A)!
=T —-A) N I+A)T - AT+ 4"
=(I-A)'T-AT+ AT+ A)!

1.

Thus B is unitary.

Conversely, let B be unitary, then from the algebra above we have
B*B=(I+ A1 -AYI - AT+ A) "=
Now we can do the following

(I+ AN — AT — AT+ A~ = (I— AT —A)(I+A)" =+ A)
(I— AT —A) = (I+A")(I+A)
— AT A+ AA =T+ AT+ A+ ATA

I
A=—-A"

I

Therefore A is skew-symmetric.

3.7 Matrix norms

Definition 3.7.1. Let M,,, ., (F) be the vector space of matrices with the stan-
dard operations of matrix addition and multiplication. A function

H” :Mpxn = R,

is called a matrix norm when, for every A, B € M,,,»,,(F) and C' € M, x, the
following conditions are satisfied

1. ||4]] > 0.
2. J|A|=0 <= A=0.



Chapter 3. Distance in spaces 72

3. ||rAl| = |r| ||4]| for every r € F.
4. [|A+ Bl < [|A][ + [|BI|-
5. [[AC] < J[A[[ |C]]-

Note that the first four properties are just our standard norm properties,
but we have added a condition dealing with matrix multiplication. We call this
last property submultiplicativity property.

Example 3.7.2. Let A € M,;,x,,- When dealing with matrix norms the follow-
ing are by far the most common

1. The matrix 1-norm is

m
1Al = max Y al.
1 i=1

je{l,...,n

2. The matrix co-norm is

m
Ao = max > lai;|.
o

i€{1,...,n
3. The matrix 2-norm (also known as the spectral norm) is
||A]ls = max{VX: A € o(AT A)}.

4. The Frobenius norm is

AP = \/trace(ATA) = | > > a2,

i=1 j=1
A

Theorem 3.7.3. Let || - || be a matriz norm over M, (F), then we have the
following

L1 < |[Iy].

2. 1AM < [l A]*

1 -1

R ]

4. |A| < ||A]] for any eigenvalue, A, of A.
Theorem 3.7.4. Let || - ||la and || - ||p be two matriz norms over My, ., then

we have that there exists positive r,s € R such that r||A||a < ||Allp < s||A]lq for
all A€ Moy,

The above theorem says that all matrix norms are in some sense equivalent.
That is you can convert one matrix norm into another by some scalar multiple.
Because of this, when doing proofs with matrix norms it is common to see
authors picking whichever one is most convenient for their proof.
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3.7.1 Exercises

1. Let A € M,(R).

have
A+ AT

|4-

F

Prove that for any symmetric matrix S € M, (R), we

<[A=Sp-

2. Let A € M,, and E € M,, be the matrix of all ones. Consider the sequence

of matrices

{a=a+ip}
k k=1

Prove that

lim [|Ax — All; = lim |4 — Al = 0.
k— o0 k—o0

3. Let A € M,,(R) and let z € R™. Prove that

[Az]y < Al [l]]x-

4. Prove that for any A € M,, with rank(A) = 1, we have that | A||2 = || A||F.

5. Let U be a unitary matrix and A and eigenvalue of U. Prove that |A| = 1.

3.7.2 Solutions

1. Let A € M,(R).

have
A+ AT

|a-

F

Prove that for any symmetric matrix S € M, (R), we

<[ A=Slg-

Let A € M, (R) and S € M, (R) be symmetric, then

T AT
HA_A+A _ A—A
2 F 2 F
|[A-S5+S-AT
2 F
B A—S+SfAT
2 2 »
- A-S +_S—AT
= 2 | 2
_ ”A_SHF H(S*A)T”F
2 2
_NA=Slp , 1S-Alg
2 2
_A=Slg | 1A=Slg
n 2 + 2

=[[A=Sllp-
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2. Let A € M,, and E € M,, be the matrix of all ones. Consider the sequence

of matrices
1 o0
k k=1

lim [[Ap — Al = lim [[Ag — Af|oc = 0.
k—o0 k—o0

Prove that

First lets simplify inside the norms. We have

1 1
A —Al=|A+iE—a|=|1E|.

So we want to prove that the limit of H%EH goes to 0 in the 1 and oo
norms. First the 1 norm

n

. 1 . n ..mn
= lim max E — = lim max — = lim — =0.
1 k—oo je{l,...,n} 4 1 k k—oo je{l,...,n} k k—o0

1=

1
li —-F
im H :

k—oc0

A similar computation for the oo norm is

= lim max = lim

. 1 , "1 n
lim ||—-F = lim max — —
k—oo i€{l,...n} = k k—oo ie{l,..n} k  k—oo

k—oo || k&

>3

3. Let A € M,,(R) and let € R™. Prove that

[Az[y < [[All[l]-

Consider first
n n
1Azl =D 1 aijag |-
i=1 [j=1
By using the triangle inequality we can bring the modulus in giving

n n

n n n n
DD aia| <D0 layal =Y layl Y layl.
i=1 j=1 i=1

i=1 |j=1 j=1

We can view the above sum as multiplying |x;| by the sum of the modulus
of the jth row of A. This would be smaller than multiplying |z;| by the
maximum modulus row sum. This gives

n n n n
> Ll D lail <3 | <ke?f?_’in}2 |aik|> = llefl1 Al
Jj=1 i=1 j=1 i=1
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4. Prove that for any A € M,, with rank(A) = 1, we have that || Al|2 = ||A||r.

First note that if rank(A4) = 1, then rank(A" A) = 1. Next the rank of
a matrix is the number of nonzero eigenvalues. Thus A" A has 1 nonzero
eigenvalue say A\. With that we know

IA]5 = A

Now for the Frobenius norm we know that the trace of a matrix is the
sum of the eigenvalues, thus

| A% = trace(ATA) =X +0+---+0= A\

Therefore following norms are nonnegative we have ||A|ls = || 4| r.

. Let U be a unitary matrix and A and eigenvalue of U. Prove that |A| = 1.

Proof. Let U € M,, be unitary with A and eigenvalue with corresponding
eigenvector x, then

(U2)* (Us) = (h)* (\a) = Mz = A1l
Now we also know that this is

(Uzx)*(Uz) = 2*U*Ux = 2* [z = 2%z = ||z||3.
Thus we have

MPllzlz = [l = AP =1 = [\l =1.
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Matrix Factorizations

4.1 LU factorization

Consider the following three matrices. The first corresponds to adding r times
row ¢ to row k.

10 0 0 0
1 0 0 0
6 0 1 () 0 < 1th row
Ty =
00 -+« 7 -+ 1 -+ 0 < kth row
| 0 0 0 0 1 ]

1 0 0 0
0 1 0 0
T = 00 - r - 0 < ith row
_0 0o --- 0 ()_

76
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The final corresponds to permuting rows 4 and k.

r1Tt 0 --- 0 --- 0 --- 0
0 0 0 1 0 < ith row
T = | . :
00 -~ 1 -+ 0 -+ 0| « kthrow
_0 O «--- 0 --- 0 --- 1_

Definition 4.1.1. The matrices T7,, T, and Tj;, defined above are the elemen-
tary (row operation) matrices.

The value in these matrices is that we can take the standard Gaussian elim-
ination row operations and encode them as matrix multiplications.

Example 4.1.2. Let

1 2 3 4
A=1|5 6 7 8],
9 10 11 12
then
1 2 3 4 1 00t 2 3 4
A2 05 6 7 8| =]0 1 0[5 6 7 8|=T24,
76 5 4 2 0 1|9 10 11 12
1 2 3 4 1001 2 3 4
A2 015 18 21 24| =10 3 0| |5 6 7 8| =T34,
(9 10 11 12 00 1|9 10 11 12
Lo 12 3 4 100t 2 3 4
A2%509 10 11 12/ =1{0 0 1| |5 6 7 8| =Ty3A
5 6 7 8 01 0|]9 10 11 12

A

Note that the product of elementary matrices is a lower triangular matrix.

Definition 4.1.3. Let A € M,,, let U be the row reduced matrix from A by
Gaussian elimination, and let L be the product of all elementary matrices needed
to make A, then A = LU is known as the LU factorization of A.

Example 4.1.4. Let
1 1 1

4 =2 1
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then apply the following Gaussian elimination steps

11 1 11 1 11 1 11
2 -1 —1| B2yl 3 3| Bty g 3 3| B2 g 3
4 -2 1 4 -2 1 0 -6 -3 0 0
Now let
1 00
My =T 3T 3=|-2 10
-4 0 1
and
1 0 0
My=T,;5=10 1 0,
0 -2 1
then
1 0 0
M=MM=|-2 1 0
0 -2 1

is the combination of all the row operations. This gives that L = M~! and U
is the ecelon form of A.
A =

Definition 4.1.5. Fora A € M,,, and k € {1,...,n}, let
A(l: Kk, 1:k)

denote the k x k submatrix of A determined by the first k rows and first &
columns of A. The matrix A(1 : k,1 : k) is known as the leading principal
submatrices of A, and their determinants are known as the leading principal
minors of A.

Theorem 4.1.6. Let A € M,,. If all the leading principal minors of A are
nonzero, then the matrix A has an LU factorization, A = LU . Moreover, if A
has an LU factorization A = LU and A is invertible, then this LU factorization
1S unique.

Note that the above theorem in sufficient, but not necessary. To see this

consider
0 1} |1 0|0 1
0 2| |1 1|0 1|°
If permutations are allowed, then all matrices emit an LU factorization. This
is known as an LUP factorization.

So we have this factorization of a matrix into a product of a upper and lower
triangular matrix, but what does this give us?

-3
3
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Let A € M,, such that A = LU, then we can solve any linear system
Ar=b <= (LU)z=b < L({Uzx) =0

in two steps. First solve Ly = b, then solve Uz = y. These are both easy to do
given the triangular form.

The computational cost of computing the LU factorization of a matrix is
equal to the cost of performing Gaussian elimination, but once this is done,
solving systems of equations can be done in linear time. This makes LU very
efficient when one matrix is needed to solve many systems of equations.

Two notable examples of this are inverting a matrix and computing the
determinant.

4.2 Schur’s triangularization
Theorem 4.2.1. Let A € M,,, then
A=UTU"
where U is a unitary matriz and T is an upper triangular matriz.

Proof. We will proceed by induction on the dimension n of the matrix A.

For the base case of n = 1, A = [a11] is a scalar and we are trivially an
upper triangular matrix. Assume that the theorem holds for all (n—1) x (n—1)
matrices, where n > 1.

Let A be an n x n matrix and let (A1, v1) be an eigenpair of A where v; is
normalized to unit length. Using the Gram-Schmidt process, we can extend the
single vector {v;} to an orthonormal basis {vi,ws,...,w,} for C*. Let V; be
the n X n matrix whose columns are these basis vectors

V1=[U1 | w2 | ... wn]

By construction, V; is a unitary matrix, satisfying V;*V; = 1.
Now, consider the matrix transformation V;*AV;. Let’s examine its first
column

(Vl*AVl)el = Vf‘(AVlel) = Vl*(A’Ul).

Since vy is an eigenvector of A with eigenvalue A1, we have Avy = Ajvy.
Vl* (A’Ul) = Vl* ()\1’01) = /\1(‘/1*1)1) = )\161.

Thus the first column of V;*AV; is Aje; and Vi*AV; has the following block
matrix form

* _ )\1 xT
veavi= [ o]

where 2 is a 1 x (n — 1) row vector, 0 is an (n — 1) x 1 zero vector, and A; is

an (n — 1) x (n — 1) matrix.
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By the inductive hypothesis, there exists an (n —1) x (n — 1) unitary matrix
U, such that Uj AU, = T, where T} is an upper triangular matrix. Now, define
the n x n unitary block matrix

1 0
n=lo o)

Let U = V4 V5. and compute

UAU = (ViV2)"A(V1Va)
= Vo (Vi AV1)V,

ool 2T o
0 U0 A0 Uy
o —1 0 /\1 SCTUl

“ o Ur] o AU

o -)\1 mTUl

T 0 UfAU

o _)\1 ZCTUl

0 T

which is an upper triangular matrix. By the principle of mathematical induction,
the theorem holds for all n > 1. O

Definition 4.2.2. The factorization of a matrix A € M,, into A = UTU* where
U is unitary and T is upper triangular is known as the Schur’s factorization
of A or the triangularization of A.

Example 4.2.3. The following matrices are triangularizable, but not diagonal-
izable

110 11 0
01 1| =10 1 1
0 0 5 0 0 5]
3 —1 0] (7 0 0]
1 1 0/ —=10 21
0 0 7 0 0 2
(4 1 0] (5 1 0]
1 5 1| =10 5 1
-1 0 6] 0 0 5]

A

This factorization is an extremely powerful theoretical tool, we can’t always
diagonalize a matrix, but we can always triangularize one. Note that this fac-
torization is not unique, there are lots of ways to reorder the eigenvalues and
scale the column vectors.
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When we get to Jordan Canonical form, we will see how we can improve this
result and get a more “unique” factorization.

For practical applications, Schur’s is essentially never used. The issue is to
compute this factorization we need to compute all of the eigenvalues/eigenvectors
and repeatedly apply processes like Gram-Schmidt to slowly reduce the matrix.
This makes it computationally impractical, especially given the most sought
after piece of a matrix is usually the eigenvalues/eigenvectors.

4.2.1 Exercises

1. Find a Schur’s factorization for

AB ;j

2. Consider an A € M,,(R) with all real eigenvalues, and a Schur’s triangu-
larization of A = UTU . Prove that AAT = AT A if and only if T is a
diagonal matrix.

3. Prove Cayley-Hamilton theorem using Schur’s triangularization.

Theorem: Let A € M,, with characteristic polynomial p 4, then
pa(A) =0.

4.2.2 Solutions

1. Find a Schur’s factorization for

A:B g‘}

By solving for the eigenvalues and eigenvectors we get

1 (1 -1 5 2
U:\/i{l 1} and T:{O _1]

2. Consider an A € M,,(R) with all real eigenvalues, and a Schur’s triangu-
larization of A = UTUT. Prove that AAT = AT A if and only if T is a
diagonal matrix.

Proof. If AAT = AT A, then we have that T'T = TT". By looking at
the off diagonal entries, we can see this is only possible if T' is diagonal,
since otherwise there would be a transpose flipping of entries.

Conversely, if T is a diagonal matrix, then

AAT =uTvUuT'UT =UuTT'UT =2UTTTUT = AT A.
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3. Prove Cayley-Hamilton theorem using Schur’s triangularization.

Theorem: Let A € M,, with characteristic polynomial p4, then
PA (A) =0.

Proof. Let A € M,, with characteristic polynomial p4 and triangulariza-
tion A = UTU". Note first that p4(A) = Upa(T)U . Thus, we want to
show that pa(T) = 0. We can write pa as the product of its eigenvalues,
that is

pa(t) = ]t =)
k=0
plugging in T we get

n

pa(T) = T[T = M).

k=0

Notice that each linear factor will leave T" with a zero on that main diag-
onal entry. Furthermore the last diagonal entry will than be zero giving
that T"— A\, I will have a zero row column. Thus when we product that
in we will be left with the last row/column be zero for the rest. Continue
this process backwards will give that the entire matrix is zero. O

4.3 QR factorization

“The QR algorithm for solving the nonsymmetric eigenvalue problem is one of
the jewels in the crown of matrix computations.” — Higham (2003)

We know that computing the eigenvalues of matrices of size larger than 5 is
not analytically possible. Thus we need to resort to numerical methods. This
was an open problem for a long time in numerical linear algebra, how do you
efficiently approximate the eigenvalues of a matrix? This extends to an even
broader question, how to numerically find all of the roots of a polynomial?

As we shall see QR effectively solves both of these problems.

Definition 4.3.1. Let A € M,;,x,(R) where m > n, then A can be written
as A = QR where Q € M, (R) is real orthogonal and R € M, (R) is upper
triangular.

Definition 4.3.2. Let v € R™ be nonzero, then the matrix

U’UT

H=1-2——
]2

is a Householder matrix (or reflector). Note that H is real orthogonal.

This matrix reflects any vector x across the hyperplane perpendicular to v.



83 4.3. QR factorization

Theorem 4.3.3. Every A € M, (R) and rank(A) = n has a QR factorization
A = QR where Q is n X n with orthonormal columns and R is n X n upper
triangular with all diagonal entries positive.

Proof. Proceed by induction on n. For the base case of n = 1 we are trivially
done since @ = [1] and R = A works.

Now assume the result holds for some n —1 > 1 and let A € M,,(R) with
rank(A) = n. Let a; be the first column of A. Since rank(A) = n, a; is not the
zero vector, so r11 = |lay||2 > 0. Construct the m x m Householder matrix H;
using v; = a1 — r11€1 such that

H1a1 = (rll,O,...,O)T

Applying H; to the full matrix A gives the following block form

| *
HlA{o AJ

where * represents unknown values.
Applying our induction hypothesis we know that Ay = Q2R where Qs is
real orthogonal and Ry is upper triangular. We can rewrite this as Ry = Qg As.

Define
1 0
w25 o)

and note that Hy is also orthogonal. Now define

_ _ 1 0 r11 * EREAS! *
nemma=ly gl [v A =15 5
which is upper triangular. Thus we can define Q = H{' Hy and we have A =

QR. O

The above theorem can be extended to the following theorem that we will not
prove. The proof is very similar to the one above, but we need more machinery
on Householder transformations.

Theorem 4.3.4. Every A € My, (F) with m > n.

1. There is a unitary @ € My, xn(F) and upper triangular R € M,,(F) with
real nonnegative diagonal entries such that A = QR.

2. If rank(A) = n, then the factors of Q and R are unique and R has positive
diagonal entries.

Procedure 4.3.5 (QR algorithm). Let A € M,,.
1. Find a QR factorization of A,
Ag=A= Q1 R,

where ()7 is unitary and R; is upper triangular.
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2. Interchange the order of the factors of Ag in Step 1 to form the matrix

A1 = RQs.

3. Find a QR factorization of Ay,
Ay = Q2Rs.

4. Form the matrix Ao = R2(@2 and continue in this manner.

The sequences of matrices Ag, Aq,..., all have the same eigenvalues as the
original A, and this process will converge to an upper triangular matrix.

Thus to compute all of the eigenvalues of a matrix to some degree of accu-
racy, we simply compute Ry for some k. A

Procedure 4.3.6 (Compute all roots of a polynomial). Let p € C[t] (this
notation just means complex coefficients with the variable of ¢) be a monic
polynomial of degree n,

p=t"+an 1"+ +ag

then construct the matrix

00 -+ 0 —ag

1 0 0 —ai
C(p) = 0 1 0 —asg

00 -+ 1 —ap_1

This is known as the companion matrix for the polynomial p. The main property
is that the characteristic polynomial of C'(p) is p. Thus the eigenvalues of C(p)
are the same as the roots of p. To find the roots of p we simply apply the QR
algorithm to C(p). A

4.3.1 Exercises

1. Let A € M,,(R) with a QR factorization A = QR. Prove that A is similar
to RQ.

4.3.2 Solutions

1. Let A € M,,(R) with a QR factorization A = QR. Prove that A is similar
to RQ.

Let A = QR, then we want to find an invertible matrix P such that
PAP'=RQ. Let P =QT, then we have

PAP ' =QAQ" =QTQRQ = RQ.
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4.4 SVD factorization

Theorem 4.4.1. Let A € My, xn, then for r = min{m,n} there exists a unitary
matrix U € My, and unitary matriz V€ M,, such that

A=USV*,

where the m X n matriz ¥ = diag(o1,...,0.) has diagonal entries o1 > o9 >
N Z o 2 0.

Definition 4.4.2. The decomposition given in Theorem [£.4.1]is known as the
singular value decomposition (SVD) of A. The diagonal values o; of ¥ are
known as the singular values of A.

The columns of U, u;, are known as the singular vectors of A and the
columns of V', v;, are known as the right singular vectors of A.

From this, another way to express A is in the form
I
A=UXV"* = Z ORUKVY
k=1
where 7 is the number of non-zero singular values of A, uy is the kth row of U

and vy, is the kth column of V. We will case this the rank 1 form of SVD.

Theorem 4.4.3. Let A € My, with rank(A) =r and an SVD of A=UXV*.
Then, the column space of A is made from the first r singular vectors and the
null space from the last n — r right singular vectors. Or symbolically

Col(A) = span{uy, ..., u.}
and the null space of A is
Null(A) = span{vy41,...,0,}

Theorem 4.4.4. Let A € My, «p, then the singular values of A are equal to the
square roots of the eigenvalues of A*A.

The matrix 2-norm (also known as the spectral norm), ||A||2, can also
be defined as the largest singular value of A.

4.4.1 Psuedo-inverse of a matrix

Definition 4.4.5 (Moore-Penrose inverse). Let A € M,, with SVD of A =
ULV*, then the matrix AT = VXTU* is known as the pseudo-inverse of A
where YT is formed by taking the reciprocal of all non-zero singular values of ¥.

Theorem 4.4.6. Let A € M,,, then
1. AATA=A
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2. ATAAT = At
3. The matrices AAT and AT A are symmetric.
Theorem 4.4.7. Let A € M,, be invertible, then A=t = AT,

The pseudo-inverse is a useful tool in minimization problems. It allows non-
invertible matrices to act like they are and gives ways to find closest solutions
to systems of equations.

Note that the Moore-Penrose inverse is one of the most common pseudo-
inverses, but there are many more. They are collectively called generalized
inverses.

4.4.2 Dimension reduction ideas

Definition 4.4.8. Let A € M,,,«, where A can be written in rank 1 SVD form
as

T
—_— . . *
A= g OjU V]
=1

, then define the rank k singular truncation matrix of A to be

k
. YT
A, = E oju;v;.
Jj=1

Theorem 4.4.9 (Eckart-Young-Mirsky theorem). Let A € My, x,,, then
A= Agll2 < ||A = B2
for all rank k matrices B € My, xn .

Proof. Let A € My, «,, with r singular values, then note that
r k r
HA — AkHQ = E O’j’LLj'U;-F — E ajujv;-‘ = E O’j'LLj’U;-< = Ok+1-
j=1 j=1 9 j=k+1 9

Consider a rank k matrix B € M,,,xn, then B can be written as B = XY where
X € Mk and Y € Mgyx,. Now Y has k rows which we can express as a
nontrivial combination of the columns of V, that is

W = a1v1 + ag¥2 + -+ + ApVky1

such that Yw = 0. We can then scale w such that ||w||2 = 1 which gives that
ai+a3+---+aj,; =1 Thus

2 2 2
A — B||2 > (A - B)U’HQ = ||AwH2 = a?a% Tt a%+1012c+1 > 013-1-1»

and taking the square root of both sides gives the desired result. O
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Note that the above theorem also applies to the Frobenius norm, though the
proof requires more work.

We will use theorem later, but the main idea is that the closest rank k matrix
to rank n (n > k) matrix is found by taking the first k& singular values. It turns
out that for larger generated matrices in the real world we can often find a small
set of singular values that are substantially larger than the rest. This allows
us to vastly reduce the size of the matrix we are dealing with, without greatly
compromising the data within. We will talk about some ways this can be done
in chapter 6.

4.4.3 Other applications of interest

1. SVD can help define what is known as a polar decomposition of a matrix.
This roughly generalizes the idea of polar forms of complex numbers by
having a rotation, and a distance from origin.

2. SVD is used to solve total least squares minimization problems.

3. SVD solves the “Orthogonal Procrustes problem” which asks to find the
closest orthogonal matrix that takes a matrix A into a matrix B.

4.4.4 Exercises

1. Prove that a square matrix is unitary if and only if all its singular values
are equal to 1.

2. If it true or not that two n X n matrices are unitarily equivalent if and
only if they have exactly the same singular values?

4.4.5 Solutions

1. Prove that a square matrix is unitary if and only if all its singular values
are equal to 1.

Proof. Let A € M,, such that A = UXV*. For the forward direction,
assume A is unitary, then AA* = I which implies
AA* = (USVHYUSVF) = VEUUSV* = VSV =1

We can multiply on the right by V* and on the right by V' giving that
Y2 = I. Thus all of the singular values squared are equal to 1. Since the
singular values are real nonnegative we have that they must be equal to
1.

Conversely if all of the singular values of a matrix are equal to 1, then our
SVD becomes A = UIV*. To test unitary we have

A*A = (UIV)*(UIV*) = VIU*UIV* = VIV* = I.

Thus A is unitary. O
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2. If it true or not that two n X n matrices are unitarily equivalent if and
only if they have exactly the same singular values?

This is false. Consider the following two matrices

=y 3] ma a0 .

We have the singular values of both are both 1. However if I was unitarily
similar to A, then there would exist a unitary matrix U such that

I1=UAU" = U'IU=A = I=A

which is false.

4.5 Jordan canonical form

As we have seen in previous sections it is not possible to diagonalize all matrices,
but through Schur’s triangularization we can see that we can get close. In some
ways the “closest” we can get to diagonal is known as the Jordan canonical form
of a matrix, which we shall discuss in this section.

Definition 4.5.1. A k x k Jordan block with eigenvalue )\ is an upper
bidiagonal matrix
Al
Al
Jk(A) = -
A1l
A

Another way to say this is that every main diagonal entry is A, every super
diagonal entry is 1, and all other entries are zero.

Definition 4.5.2. Let A € M,, and B € M,,,, then
A 0
sen=[i Y

is the block diagonal matrix of size m + n. We call the operator @ the direct
sum of matrices.

Definition 4.5.3. A Jordan matrix J is a direct sum of Jordan blocks. That
is J can be written in the following form

J =Tk, (M) © Tk, (A2) © -+ - © T, (M)

Note that not all the \; eigenvalues are distinct. There might be multiple blocks
that share the same eigenvalue.
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Theorem 4.5.4. Let A € M,,, then A is similar to a Jordan matriz J € M,,.
That is, there exists and invertible matriz S such that

A=8J8"1.
Furthermore J is unique up to permutation of the blocks.

Definition 4.5.5. For a matrix A € M,, the Jordan matrix J € M,, that A
is similar to is known as the Jordan canonical form of A and is denoted
JCF(A).

Theorem 4.5.6. Let J be a Jordan matriz, then we have the following proper-
ties

1. For a given eigenvalue, the sum of the size of all the blocks corresponding
to that eigenvalue is the algebraic multiplicity.

2. The number of Jordan blocks for a given eigenvalue is its geometric mul-
tiplicity.

8. A matriz is diagonalizable if and only all the Jordan blocks are size 1 X 1.

4. Given an eigenvalue. Its power in the minimal polynomial is the size of
its largest Jordan block.

Theorem 4.5.7. Fvery matriz is similar to its transpose.

Proof. On homework. O

Lemma 4.5.8. Let J,,,(\) be a Jordan block and let k > 0, then

TR e

N (P T (L PO
Ja(N)F = : : : " :

0 0 0 (F)Ar-t

0 0 0 Ak

Proof. We can write J,,,(\) as A + J,,(0). Note that J,,,(0)™ = 0 (you will
prove this in the below exercise). We will now apply the binomial theorem to
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this sum

I
3
|
_
7N\
™
——
>~
=
d
<
3
—
=)
i

Jj=0 J

T N
0 (B L (RN
0 0 0o (F)AR—1
0 0 0o - Ak

O

Theorem 4.5.9. Let A € M,,. Then there exists a matriz B € M,, such that

lim A¥ =B

k—o0
if and only if
1. every eigenvalue A of A satisfy |A\| <1, and

2. when |A| = 1, then A = 1 and every Jordan block corresponding to A is
1x1.

Moreover B = 0 if and only if every eigenvalue A of A satisfies |\| < 1.
Theorem 4.5.10. Let f be a differentiable function, then

F) poy SR Lo

O ) e LN

FO) =] 0 0y e L0
00 0 g

4.5.1 Exercises

1. Let A = J3(1) @ J4(2) @ J2(0). What is the size of A? What are the
eigenvalues? Is A diagonalizable?

2. Let A= Jo(1)® J2(2) ® J3(1) @ J5(0). Find the characteristic polynomial
of A. Find the minimal polynomial of A.

3. Prove that (J;(0))™ =0 for all m > k.
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Let A € M,,. Prove that all the eigenvalues of A are equal to 0 if and only
if there exists an m < n such that A™ = 0.

. For the above problem if you know the JCF of a matrix, what is the largest

power to reach 07

4.5.2 Solutions

1.

Let A = J3(1) @ Ja(2) @ J2(0). What is the size of A? What are the
eigenvalues? Is A diagonalizable?

To get the size we simply add the sizes of the Jordan blocks giving 3+4 +
2=0.

The eigenvalues are the values of the Jordan blocks, so 0,1, 2.

The matrix A is not diagonalizable, since we have Jordan blocks that are
larger than 1x1.

. Let A= J3(1) @ J2(2) @ J3(1) & J5(0). Find the characteristic polynomial

of A. Find the minimal polynomial of A.

The characteristic polynomial is
palt) = (¢ — 1)°(t — 2)°F°.
The minimal polynomial is

ma(t) = (t —1)*(t —2)t

. Prove that (J;(0))™ = 0 for all m > k.

Each power of Ji(0) will shift the main diagonal up by one. Once m > k
the main diagonal will be lost of the matrix leaving the zero matrix.

. Let A € M,,. Prove that all the eigenvalues of A are equal to 0 if and only

if there exists an m < n such that A™ = 0.

Proof. This follows from the JCF. For the forward direction let all the
eigenvalues be zero, then by the previous theorem there exists a power
such that all the jordan blocks will become zero, giving that A to that
power will be zero.

For the back direction, if A™ = 0, then we can’t have any nonzero Jordan
blocks, because they will never power to be zero by Theorem 4.5.10. [

. For the above problem if you know the JCF of a matrix what is the largest

power to reach 07

The largest power is one less than the size of the largest Jordan block. So
in the worse case, n — 1.
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Special matrix types

5.1 Hermitian matrices

Definition 5.1.1. Let A € M, (F), then A is called a Hermitian matrix if
A= A*

When a Hermitian matrix is real, it reduces to just being a symmetric matrix.
Theorem 5.1.2. Given Hermitian matrices A, B we have the following

1. A+ B is a Hermitian matriz.

2. The diagonal entries of A are real.

3. A* is a Hermitian matriz.

4. A~ is a Hermitian matriz.

5. The eigenvalues of A are real numbers.

6. A is diagonalizable by a unitary matriz.
Definition 5.1.3. A matrix is called skew-Hermitian if A = —A*.

Theorem 5.1.4. Fvery A € M,, can be written as the sum of a Hermitian and
skew Hermitian matriz.

Proof. For A € M,, consider the following matrices

At A* A A
_ A2 nd S(4) = =

H(A)

Note that

H(A)

. A+ A" A+ A

92
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and

A—A\" A —A
2

S(A)* = < 5 = =—-S(4).
Thus H(A) is Hermitian and S(A) is skew-Hermitian. Putting this together
gives
A=H(A)+ S(A).

Definition 5.1.5. Let A € M,,. The matrix

A4 A

H(A) .

is called the Hermitian part of A and the matrix

A A

S(4) = 25

is called the skew-Hermitian part of A.

Theorem 5.1.6. Let A € M,,, let X be an eigenvalue of A, and let o € R be the
smallest eigenvalue of H(A) and B € R be the largest eigenvalue of H(A), then

a < Re(X\) < 8.

5.1.1 Exercises

1. Given Hermitian matrices A, B prove the following

(a) A+ B is a Hermitian matrix.
(b) The diagonal entries of A are real.
(c) AF is a Hermitian matrix.
2. Let A € M,, be a Hermitian matrix such that all of its eigenvalues satisfy
|A| = 1. Prove the following:
(a) A is invertible.

(b) A is a unitary matrix.

(c) A=t = A

3. Let A € M,, be a Hermitian matrix all of whose eigenvalues are equal to
2. Show that A = 21.
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5.1.2 Solutions

1. Given Hermitian matrices A, B prove the following

(a) A+ B is a Hermitian matrix.

(A+B)*=A*+B*=A+B.

(b) The diagonal entries of A are real.

Note that the conjugate transpose leaves the main diagonal entries in
the same spot, so the only difference is that they are their conjugates.
Thus if they were not real, then they would not be equal to their
conjugate.

(c) AF is a Hermitian matrix.

2. Let A € M,, be a Hermitian matrix such that all of its eigenvalues satisfy
|[A| = 1. Prove the following:

(a) A is invertible.
A matrix is invertible if all of its eigenvalues are non-zero, which we
have here.

(b) A is a unitary matrix.

A matrix is unitary if it times it’s conjugate is the identity. Here we
have
AA* =UDU*UD*U* =UDD*U*.

Following |A\| = 1 we know that DD* = I. Thus

UDD*U*=UU" =1.

(c) A7t = A
From the last problem AA* = I, but we know that A = A*, thus
AA =T giving that A=! = A.

3. Let A € M,, be a Hermitian matrix all of whose eigenvalues are equal to
2. Show that A = 21.

We have
A=U2IU* =2U0U* = 2I.



95 5.2. Positive definite matrices

5.2 Positive definite matrices

Definition 5.2.1. Let A € M,, be a Hermitian matrix. We say that A is
positive definite if

z*Ax > 0 for all nonzero z € C".

If we relax the condition to x*Axz > 0 for all x € C™, then the matrix is called
positive semi-definite.

Theorem 5.2.2. Let A, B € M,, be positive definite, then we have the following.
1. A+ B is positive definite.
2. The diagonal entries of A are positive.

8. The eigenvalues of A are positive. This is also an if and only if. That if
a matrix has positive eigenvalues, then it is positive definite.

4. AF is positive definite for all k > 0.
5. The inverse of A exists and it is positive definite.

The above results generally extend to positive-semidefinite, with some minor
changes. We can see this in the following theorem.

Theorem 5.2.3. Let A, B € M, be positive semi-definite, then we have the
following.

1. A+ B is positive semi-definite.
2. The diagonal entries of A are nonnegative.

3. The eigenvalues of A are nonnegative. This is also an if and only if. That
if a matriz has nonnegative eigenvalues, then it is positive semi-definite.

4. AF is positive semi-definite for all k > 0.

Theorem 5.2.4. A Hermitian matriz A € M,, is positive definite if and only
if all of the principal minors of A are positive.

Proof. (This proof only covers the forward direction. The reverse direction is
more involved).

Let A € M,, be a positive definite matrix and let S C {1,...,n} be any non-
empty index set with size k = |S|. Let A[S] be the k x k principal submatrix of
A formed by selecting the rows and columns indexed by S. We must show that
det(A[S]) > 0.

Let y € CF be any non-zero vector. We can construct a vector & € C" such
that the entries of x corresponding to the indices in S are the entries of y, and all
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other entries are zero. Since y # 0, it follows that = # 0. By this construction,
the quadratic form z* Az simplifies exactly to y*A[S]y.

n k
v Ar =Y Bagry = Y Fagr; = Y Gi(AlS)yy; =y AlSly
ij=1 i,j€S i,j=1

Since A is positive definite and z # 0, we have z* Az > 0. Therefore, y* A[S]y >
0 for all y # 0. This proves that the principal submatrix A[S] is also positive
definite.

Since A[S] is positive definite and Hermitian, all of its eigenvalues Ay, ..., Ag
are real and positive. The determinant is the product of the eigenvalues which
is therefore positive. This holds for any choice of S, so all principal minors of
A are positive. O

The previous theorem can be improved to the following.

Theorem 5.2.5 (Sylvester’s Criteria). A Hermitian matriz A € M,, is positive
definite if and only if all of the leading principal minors of A are positive.

5.2.1 Exercises

1. Show that the following matrix is positive definite

5 -1 3
A=1|-1 2 =2
3 -2 3

2. Show that the leading principal minors of the symmetric matrix

0 0

0 -1
are nonnegative, but the matrix is not positive semi-definite. Why does
this not violate Sylvester’s Criteria?

3. Prove that the sum of a positive definite and positive semidefinite matrix
is a positive definite matrix.

4. Prove that if A is positive semidefinite, then A+ o is positive definite for
all a > 0.

5. Show that if a positive semi-definite matrix has a zero on the main diag-
onal, then that entire row/column must be zero.



97 5.2. Positive definite matrices

5.2.2 Solutions

1. Show that the following matrix is positive definite

5 -1 3
A=1[-1 2 =2
3 -2 3
Here the principal minors are
5,12, 1

Since these are all positive the matrix is positive definite.

2. Show that the leading principal minors of the symmetric matrix

0 0
0 -1
are nonnegative, but the matrix is not positive semi-definite. Why does
this not violate Sylvester’s Criteria?
The leading principal minors are 0,0 neither of which are positive.
This matrix is not positive semi-definite since —1 is an eigenvalue.
This does not violate Sylvester’s Ceriteria, since that only applies to pos-
itive definite matrices.
3. Prove that the sum of a positive definite and positive semidefinite matrix
is a positive definite matrix.

Let z € C™, A be positive definite and B be positive semi-definite, then
z(A+ B)x* = xAz™ + zBa”™.

Since A is positive definite we know that zAz* > 0 and xBz* > 0. The
sum of a positive and nonnegative numbers is positive.

4. Prove that if A is positive semidefinite, then A+ ol is positive definite for
all o > 0.
Follows from the previous exercise noting that «f is positive definite for
all o > 0.

5. Show that if a positive semi-definite matrix has a zero on the main diag-

onal, then that entire row/column must be zero.

If it had a nonzero off entry value, then we could construct the principal

submatrix
0 a
a b

which would have a negative minor value.
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5.3 Normal matrices

Definition 5.3.1. Let A € M,,. We say that A is a normal matrix if A*A =
AA*. That is A is normal if it commutes with its conjugate transpose.

Similar to some other matrix classes there are many equivalent ways to define
normal matrices. Some of these are captured in the following theorem.

Theorem 5.3.2. Let A € M,,, then the following are equivalent.
1. A is normal.
2. A*A = AA*.
8. A is unitarily diagonalizable.

4. There exists an orthonormal basis of F™ that consists of the eigenvectors
of A.

Some notable classes of matrices are normal given in the below examples.

Example 5.3.3. All symmetric and Hermitian matrices are normal. To see
this let A € M,, be Hermitian, then

AA* = A% = A A.

A

Example 5.3.4. All unitary matrices are normal. Let U € M,, be unitary, then
U'U=1=U0U"

A

Keep in mind that normal matrices form a broader class, then either Hermi-
tian or unitary. The following theorem gives the connection to see how normal
matrices form that broader class.

Theorem 5.3.5. Let A be a normal matriz, then

1. For every eigenvector x of A corresponding to an eigenvalue X is also an
etgenvector of A* corresponding to A.

2. If A is normal and its eigenvalues are real, then A is Hermitian.

Theorem 5.3.6. (Schur’s Inequality) Let A € M,, have eigenvalues A1, Aa, ..., Ap.
Then

n

> Pl < AN,

k=1

with equality if and only if A is normal.
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Proof. Let A € M,, and we will use Schur’s Triangularization to write A =
UTU* where T is upper triangular and U is unitary. With this A*A = UT*TU*
and we have

SN TINP D ItP =TT = aUT*TU* = trA*A = [|A] }.
i=1 i=1 i<j

With this we also get equality if and only if >, |t;j|* = 0 which happens if T
is diagonal. Thus we have equality if and only if A is unitarily diagonalizable
which was one definition of normal. [

This gives us a way of measuring the distance a given matrix is from being
normal and by extension a way of measuring how far it is from being unitarily
diagonalizable. For the eigenvalues, being unitarily diagonalizable is the ideal,
so we can talk about how deficient a matrix is by how large

n
1AIE = > [l
k=1
is. This is sometimes known as the matrix’s defect from normality.

5.3.1 Exercises

1. Can the product of two nonzero non-normal matrices be normal?

2. Let A € M,,. If there is a nonzero polynomial p such that p(A) is normal,
does it follow that A is normal?

3. If A € M, is nilpotent and normal, prove that A = 0.
4. Let A, B € M,, be normal. Prove that A and B are similar if and only if

they are unitarily similar.

5.3.2 Solutions

1. Can the product of two nonzero non-normal matrices be normal?

Yes, let A be normal, then AI = A is normal.

2. Let A € M,,. If there is a nonzero polynomial p such that p(A4) is normal,
does it follow that A is normal?

0 1
A= [O 0} |
which is not normal, and the polynomial p(t) = t?>. Plugging A into p
gives 0, which is a normal matrix.

No, consider
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3. If A € M, is nilpotent and normal, prove that A = 0.

From a previous exercise we know that if A*A = AA*, then A is diag-
onalizable. If A is diagonalizable and nilpotent, then A = UOU T = 0.

4. Let A, B € M,, be normal. Prove that A and B are similar if and only if
they are unitarily similar.

If A, B are normal and similar, then
AA* = SBS'S*B*(STH)*
and
A*A=S*B*(S™1H)*SBS~!
which are equal giving
S*B*(S™H*SBS™! = SBST'S*B*(S™1)*.
Thus we must have that S is unitary.

The backwards direction following immediately.

5.4 Nonnegative matrices

Definition 5.4.1. Let A = [a;;] € M,(R), then A is called nonnegative if
a;; >0 for all 4,5 € {1,...,n} and positive if a;; > 0 for all 4,5 € {1,...,n}.
These are denoted by A > 0 and A > 0 respectively.

This causes a natural partial ordering upon real matrices, where we can say
that A > B if A— B > 0. Similar notation can be used for vectors.

When dealing with nonnegative matrices, there is an important distinguish-
ing property. To define it we will need the concept of graphs.

Definition 5.4.2. Let A € M,, be a nonnegative matrix. We construct a graph
G(A) = (V,E) which consists of n vertices, V = {1,2,...,n}, and a set of
directed edges E that join the vertices according to the entries of A,

FE = {(27]) o if Qi > 0}
We call G(A) the directed graph associated with A. We refer to any edges of

the form (i,4) as loops.

Definition 5.4.3. Let A € M, be nonnegative, then A is an irreducible
matrix if there is at-least one directed path from any vertex to any other in
G(A). Otherwise the matrix is called reducible.

Definition 5.4.4. Let A € M,,, then the spectral radius of A is
p(A) = max{|A| : A is an eigenvalue of A}.

Another way to think of the spectral radius is the radius of the smallest
circle in the complex plane that contains all the eigenvalues of A.
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With these definitions we are able to give the foundational result in nonneg-
ative matrix theory. It is stated in three forms relating to the different type of
matrix used.

The first is the most general only dealing with nonnegative matrices.

Theorem 5.4.5 (Perron-Frobenius 1). Let A € M,, be a nonnegative matriz.
Then

1. The spectral radius of A is an eigenvalue of A. That is the largest eigen-
value of A is real and nonnegative.

2. There exists a nonnegative eigenvector x of A corresponding to p(A),

Az = p(A)z.

8. The spectral radius is a non-decreasing function of the entries of A. That
is if B> A >0, then p(B) > p(A) > 0.

We can strengthen this result by switching to irreducible nonnegative ma-
trices.
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Theorem 5.4.6 (Perron-Frobenius 2). Let A € M,, be a irreducible nonnegative
matriz. Then

1. The spectral radius of A is a simple eigenvalue of A. That is the largest
eigenvalue of A is real and nonnegative and it has multiplicity 1.

2. There exists a positive eigenvector x of A corresponding to p(A),
Az = p(A)x.
8. The spectral radius is a increasing function of the entries of A. That is if
B> A >0, then p(B) > p(A) > 0.

For the strongest form we need a slight generalization of a positive matrix
given in the following definition.

Definition 5.4.7. Let A € M,, be irreducible nonnegative, then A is called
primitive if A* > 0 for some k > 0.

Theorem 5.4.8 (Perron-Frobenius 3). Let A € M,, be a primitive nonnegative
matriz. Then

1. The spectral radius of A is a simple eigenvalue of A. That is the largest
eigenvalue of A is real and nonnegative and it has multiplicity 1.

2. There exists a positive eigenvector x of A corresponding to p(A),

Az = p(A)x.

8. The spectral radius of A is the sole dominant eigenvalue, that is
p(A) > [Al
for all eigenvalues A of A that are not p(A).

4. The spectral radius is a increasing function of the entries of A. That is if
B> A>0, then p(B) = p(A) = 0.

Theorem 5.4.9. Let A > 0 be an irreducible nonnegative matriz. Let the
minimal and maximal row sums of A be

n n
7= min Zaij’ R = max aj.
ie{l,...,n} = ie{l,...,n} =
Then

r <p(A) <R.

Theorem 5.4.10. Let A € M,, be primitive, let x be the eigenvector for p(A),
and let y be the right eigenvector of p(A), then

. AN o
i (7)==
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5.4.1 Exercises

1 0 1
1. Let A= {0 1 0}, then is A a primitive matrix?
1 0 1

o 1/3 2/3
k —
2. Find limg— 0 A%, where A = {2/3 1/3}

3. Let

A:

— s
S = W

1 2
2| and B= |4
1 1

[ NGRS

3
1
0
Without directly computing the spectral radii of A
lowing

and B, show the fol-

(a) p(A) is a simple eigenvalue of A, and
(b) p(B) > p(A).

5.4.2 Solutions

1 0 1
1. Let A= {0 1 0}, then is A a primitive matrix?
1 0 1

No, taking A to any power will not change the sign pattern. The zeros
will always be zero.

o 1/3 2/3
k —
2. Find limy, A%, where A = {2/3 1/3}

The limit is

tim 4= |12 112,

1 3 1 2 31
A=14 1 2| and B=|(4 1 2

1 01 1 01
Without directly computing the spectral radii of A
lowing

and B, show the fol-

(a) p(A) is a simple eigenvalue of A, and
Note that A is a primitive matrix since A% > 0. Thus p(A) is simple
by the Perron-Frobenius theorem.

(b) p(B) > p(A).
This follows from the Perron-Frobenius theorem noting that B > A
and B,A are both primitive matrices.
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