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The purpose of these notes is to present some of the notions of linear algebra that are
necessary for the study of systems of linear first-order differential equations. These notes are
not to be thought of as a comprehensive presentation of linear algebra, itself quite a broad
subject area, nor are those results from linear algebra discussed here accompanied by proofs.
Neither do I assert that these notes would serve equally well as the foundation for studying
systems of ODEs in all courses and in conjunction with all texts. Rather, this unit has been
written as a supplement to the text Elementary Differential Equations, 6th Edition by Boyce

and DiPrima.

1 Matrices and Vectors

An m x n matrix is an array (or table) of entries consisting of m rows and n columns. The
symbol M,,,«,(R) will be used to denote the set of all m x n matrices whose entries are real
numbers, while M,,,«,,(C) will denote the m X n matrices with entries which are complex

numbers. Thus

2 0 —i 34+2t T+ 2
-1 5 | (—1 3 7>7 -1 4—-7 —1+1
3 0 0 0 —21

are elements in M3y2(R), Miy3(R) and M3.3(C) respectively. Of course, it may also be
said that the first two of these are in M3.2(C), Mi+3(C), respectively, since the set of real
numbers is contained in the set of complex numbers.

We may multiply a matrix by a number (or scalar) in the following way. Three times the

first matrix above is defined to be



while ¢ times the last of them is

—i 3420 T+ 1 243 247
il -1 4—di —1+d |=| =i 1+4 —1—1i
0 0 -2 0 0 2

This process is called scalar multiplication. Our scalar may even be a function, so that

—6 1 —Ge 3t e3¢

2 1 Qe 3t  g73t

We may also add and subtract two matrices, as long as they have the same number of
rows and columns. In such a case we define the sum of two matrices to be the sum of its
individual elements, as in

—6 1 3 0 -3 1

+ =
2 1 -1 5 1 6

The difference of two matrices is defined similarly, so that

2 33— 0 —61 =3 —1 2+1 246t 6 —2—1

1+47 71 642 0 2 141 14+¢ 50 541

Notice that, based upon these definitions for addition and subtraction, it is reasonable to
call the m x n matrix whose entries are all zeros an additive identity for M,,x,(R) (or
M5, (C)), since adding it to any matrix A € M,,.,(R) results in a sum equal to A.

It is customary to refer to elements in M,,,(R) (or M,,x,(C)) by single, boldface



capital letters such as A. Nevertheless, we must keep in mind that A is a table of entries

11 Q2 - Qin

Q21 Q22 -+ A2y
A =

Am1 Am2 - Amp

Here the entry of A in the i""-row, j"-column is denoted by a;;. If this is how we wish to
refer to the entries of A, often we say so by indicating that A = (a;;). Thus, the statement
B = (b;;) means that we intend to refer to the entry of B found in the i"-row, j"-column
as b;.

If we rewrite an m x n-matrix with all of its columns now written as rows, we get a new

n X m matrix called the transpose matrix. Thus, if

2 —1
A=10 4 |,
1 -3
then its transpose matrix A7 is
AT — 2 0 1
-1 4 -3

Matrices that have only one column are usually referred to as wvectors. While vectors

are simply special matrices, it is customary to use lower-case letters in naming them, rather



than upper-case. An arbitrary n-vector v takes the form

U1

(%

Un,

Of course, it may be convenient to display a vector horizontally (as a 1 x n matrix) instead
of vertically. Literally speaking, this “row” format is the transpose of the column format we

listed above, and we should write

In what follows, you will often see
v = (v1,V2,...,0p).

By this, we mean that we are still talking about the column vector (notice it is denoted as
v and not v?), but wish not to take up as much space on the page as would be required
if we wrote it in column format. In these cases, the commas will also assist in making the
distinction.

We define the dot product of two n-vectors
u = (ug,us,...,u) and v = (v, V9, ...,0p)

to be

n
u-v:=uv; + usvy + -+ uyv, = Zujvj.
j=1

Notice that for this definition to make sense it is necessary that the two vectors have the



same dimension. Thus

(2,4,-1,0)- — (2)(=1) + (4)(5) + (~1)(0) + (0)(3) = 18.

While it may seem odd that the first vector in the example above was written in row
format and the second in column format, we did this because this leads to the way we wish
to define multiplication between matrices. When we multiply two matrices, the product is a
matrix whose elements arise from dot products between the rows of the first (matrix) factor
and columns of the second. An immediate consequence of this: if A and B are matrices, the
product AB makes sense precisely when the number of columns in A is equal to the number
of rows in B. To be clearer about how such a matrix product is achieved, suppose A is an

m X n matrix while B is an n X p matrix. If we write

r —
rog — Ci Cog -+ C
A= and B = i ,
‘ Lol l
'm —

with each of the rows r; of A (considered as column vectors) having n components and each
of the columns c; of B also of dimension n, then their product is an m x p matrix whose

entry in the i"-row, j"-column is obtained by taking the dot product of r; with ¢;. Thus if

2 -1

0 3 3 1 0
A= and B= 7

5 1 2 4 10

7T -4




then the product AB will be the 4 x 3 matrix

3 1 0
—2 4 10
3 1 0
—2 4 10
AB =
3 1 0
—2 4 10
3 1 0
(77 _4) (77 _4) (77 _4)
—2 4 10
g8 -2 —-10
-6 12 30
—-17 -1 10
29 -9 —40

Notice that if A € My, 4(R) and B € My3(R) then the product AB is defined, but the
product BA is not. This is because the number of columns in B is unequal to the number of
rows in A. Thus, for it to be possible to multiply two matrices in either order, if we write the
dimensions of one of them as m-by-n, it is necessary that other be n-by-m. In particular, the
products CD and DC are well-defined if C and D are both square of the same dimension

— that is, both are in M,,«,,(R). It is also interesting to note that the matrix




is a multiplicative identity for M,,»,(R); that is, given any matrix C € M,,»,(R),

Our method for defining products of matrices lends itself well to writing algebraic systems
of linear equations as matrix equations. Consider the system of equations

2c+5y = 11

Tv—y = -1

We can think of the solution (z,y) of this system as a point of intersection between two

lines. The matrix equation

x
expresses the exact same equations as appear in the system. Its solution is the vector

Y
whose entries match the x and y coordinates for the point of intersection.

2 Determinants/Solvability of Linear Systems

By now systems of two equations in two variables are quite familiar to us. We have studied
them in practically every mathematics course prior to the Calculus. We understand solutions
of such systems to be points of intersection between two graphs. In particular, when the two
equations are linear,

ar+by = e

ce+dy = f, (1)

the solution(s) (assuming there are any) are points of intersection between two lines.



In fact, we know that intersections between two lines can happen in any of three different

ways:
1. the lines intersect at a unique point,

2. the lines are coincident (that is, the equations represent the same line and there are

infinitely many points of intersection), or
3. the lines are parallel but not coincident (so that there are no points of intersection).

Experience has taught us that it is quite easy to decide which of these situations we are
in before ever attempting to solve a linear system of two equations in two unknowns. For

instance, the system
3r—by = 9

25
—5x+§y = —15

obviously contains two representations of the same line (since one equation is a constant
multiple of the other) and will have infinitely many solutions. In contrast, the system

r+2y = -1

20 +4y = 5

will have no solutions. This is the case because, while the left sides of each equation — the
sides that contain the coefficients of z and y which determine the slopes of the lines — are
in proportion to one another, the right sides are not in the same proportion. As a result,
these two lines will have the same slopes but not the same y-intercepts. Finally, the system

2c+5y = 11

Tv—y = -1

will have just one solution (one point of intersection), as the left sides of the equations are

not at all in proportion to one another.



What is most important about the preceding discussion is that we can distinguish situ-
ation 1 (the lines intersecting at one unique point) from the others simply by looking at the
coefficients a, b, ¢ and d from equation (1). In particular, we can determine the ratios a : ¢
and b : d and determine whether these ratios are the same or different. Equivalently, we can
look at whether the quantity

ad — be

is zero or not. If ad — bc # 0 then the system has one unique point of intersection, but if
ad — be = 0 then the system either has no points or infinitely many points of intersection. If

we write equation (1) as a matrix equation

we see that the quantity ad — bc is dependent only upon the coefficient matrix. Since this
quantity “determines” whether or not the system has a unique solution, it is called the

determinant of the coefficient matrix

a b
A= :
c d
and is sometimes abbreviated as det(A) or
a b
c d

While it is quite easy for us to determine in advance the number of solutions which arise
from a system of two linear equations in two unknowns, the situation becomes a good deal
more complicated if we add another variable and another equation. The solutions of such a

system
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ar +by+cz = 1
dr+ey+ fz = m (2)

ex+hy+kz = n

can be thought of as points of intersection between three planes. Again, there are several

possibilities:
1. the planes intersect at a unique point,
2. the planes intersect along a line,
3. the planes intersect in a plane, or

4. the planes do not intersect.

It seems reasonable to think that situation 1 can once again be distinguished from the other
three simply by performing some test on the numbers a, b, c,d, e, f, g, h and k. As in the case

of the system (1), perhaps if we write system (2) as the matrix equation

a b c x l
d e f y | =1 m |
g h k z n

we will be able to define an appropriate quantity det(A) that depends only on the coefficient

matrix
a b c
A=|qd e f
g h k

in such a way that, if det(A) # 0 then the system has a unique solution (situation 1), but if
det(A) = 0 then one of the other situations (2-4) is in effect.
Indeed it is possible to define det(A) for a square matrix A of arbitrary dimension. For

our purposes, we do not so much wish to give a rigorous definition of such a determinant as
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we do wish to be able to find it. As of now, we do know how to find it for a 2 x 2 matrix:

@11 A12 @11 A12
det = = A11Q22 — A12Q91.

Q21  A22 Q21 A22

For square matrices of dimension larger than 2 we will find the determinant using cofactor

eTPansion.

Let A = (a;;) be an arbitrary n x n matrix; that is,

aix Qi - Aip

ag1 Q22 -+ A2p
A =

Ap1 Ap2 - Qpn

We define the (i, j)-minor of A, M;;, to be the determinant of the matrix resulting from

crossing out the i"® row and the j** column of A. Thus, if

1 —4 3
B=| -3 2 5 |,
4 0 -1

we have nine possible minors M;; of B, two of which are

-4 3 1 4
M21 = =4 and M33 = = —10.

0 -1 -3 2

A concept that is related to the (4, j)-minor is the (4, j)-cofactor, C;;, which is defined to be

CZ" = (—1)Z+JMZ]
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Thus, the matrix B above has 9 cofactors Cj;, two of which are
Cy = (—1)2+1M21 — 4 and Clag = (—1)3+3M33 — _10.

Armed with the concept of cofactors, we are prepared to say how the determinant of an
arbitrary square matrix A = (a;;) is found. It may be found by expanding in cofactors along
the it row:

det(A) = a1Ci + ainCin + - + ainCin = Y _ airCix;
k=1

or, alternatively, it may be found by expanding in cofactors along the 7% column:
det(A) = (llelj + CLQjCQj + -t CLnanj = Z aij’kj.
k=1

Thus, det(B) for the 3 x 3 matrix B above is

1 -4 3
—4 3
detB)=| -3 2 5 = 4(—1)*"
2 5
4 0 -1
3 —4
+(0)(—1)**? + (—1)(=1)**
-3 5 -3 2

= 4(=20—6)+0—(2—12)

= —94.

Here we found det(B) via a cofactor expansion along the third row. You should verify that a
cofactor expansion along any of the other two rows would also lead to the same result. Had

we expanded in cofactors along one of the columns, for instance column 2, we would have

1
det(B) = (~4)(-1)""* + @)1 +(0)(-1)°



A(3-20)+2(—1—12)+0

—94.
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This process can be used iteratively on larger square matrices. For instance

3 1
-1 0
1 1
0 O

where our cofactor expansion of the original determinant of a 4 x 4 matrix along its fourth

row expresses it in terms of the determinants of several 3 x 3 matrices. We may proceed to

OD* o

1

+(=3)(=1)*?

5 —4
0 -1

+(0)(=1)**

—4

(1)1t

find these latter determinants using cofactor expansions as well:

3 1 0
-1 0 —4
1 1 -1

3 1 2
-1 0 5
1 10

(D(=1)"*

-1 5
1 0

—(0—5)+0—(15+2)

-1 0 51,
1 10

—4 ~10
+(0) (=)™
~1 11
2 3 2
+(1)(=1)*
0 -1 5
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= —12,

where this cofactor expansion was carried out along the second column. Thus

31 2 0
-1 0 5 -4
=0+0+3)(7)+ (1)(—-12) =09.
1 1 0 -1
0 0 -3 1

The matrices whose determinants we computed in the preceding paragraph are the coef-

ficient matrices for the two linear systems

1 —4x9+ 33 = by
—3x1 4+ 229+ bxrs = by

4ZL’1 — T3 = bg

and

3ZL’1 + Ty + 21’3 = b1
-1 + 533’3 — 433’4 = bg
T1+To— Ty = bg

—3333+£E4 = b4

respectively; that is, if we write each of these systems as a matrix equation of the form

Ax = b, with

then the coefficient matrix A in each case is one for which we have already computed the

determinant and found it to be nonzero. This means that no matter what values are used
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for by, be, bs (and by in the latter system) there is exactly one solution for the unknown vector

X.

3 Linear Independence and Span

We define vectors as being linearly independent in the same way we defined linear indepen-
dence for functions on an interval. Given a collection of n-vectors {vy, va,... vy}, we say
that this collection is linearly dependent if there are constants cq, cs,. .., cx not all of which
are zero such that

c1vy +cove + - -+ v = 0.

Here the c;v; represent scalar multiples of the v; for 7 =1,2,... &, and the expression
C1V1 + CaVa + -+ -+ (Vi

is called a linear combination of the vectors vq,va,...,vy. Clearly we can get 0 to be a
linear combination of vy, va, ..., vy by taking ¢; = ¢co = -+ = ¢, = 0. If this is the only
linear combination that results in 0, then the vectors vi,vs, ..., vy are said to be linearly

independent.

1 0
Example: The 2-vectors e; = and eg = are linearly independent.
0 1

To see this, we suppose that we have a linear combination c;e; 4+ cse; = 0; that

is,

1 0 C1
C1 + Co =
0 1 Cy
is equal to . Then clearly ¢; = 0 and ¢, = 0. There are no other possible

0

values for ¢; and cs.
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Example: The set of three 2-vectors {e;, ez, v}, where e; and ey are the same as in the

last example and v is any other 2-vector, is linearly dependent.

To show this, we really need to consider two cases. The first case is the more
trivial case, where the vector v is the zero vector — the 2-vector whose entries
are both zero. In this case, we get cie1 + coeqa + c3v = 0 by taking ¢c; =0, co =0
and c3 # 0.

In the other case, where v is not the zero vector, let v = (v; )" where, as
we have assumed, not both of the entries are zero. Taking ¢; = —vq, o = —v9

and c3 = 1 we again get that cie; + coeq + c3v = 0.

What the last two examples show is that the set of vectors {eq, ea} is linearly independent,
but if this set is augmented with any additional 2-vector the set becomes linearly dependent.
The reason for this is that all 2-vectors can be written as linear combinations of e; and es,.
Another way to say this is to say that the set {e1,ex} spans the set of 2-vectors, or that
every 2-vector is in span{e;,es}. It is easy to show that other sets of 2-vectors, such as

{(1,1),(1,—1)} for instance, are linearly independent and span the set of 2-vectors.

Example: Characterize the vectors that are in span{(1,0,1),(0,1,0)}, and propose a 3-

vector v which, when joined to the set above, forms a set that is linearly independent.

The span of {(1,0,1),(0,1,0)} is the set of all linear combinations of the form

c1(1,0,1) + ¢2(0,1,0) = (¢, 2, ¢1);

that is, it is the set of all vectors whose first and third components are the same.
There are many vectors that can be adjoined to this set while maintaining the
linear independence that the set now has. Several possible vectors are (1,0,0),

(1,0,2) and (1, 1,2). The proof of this fact is left as an exercise.



17

It is not possible to adjoin two vectors to the original set of vectors from the previous

example and maintain linear independence. This is due to an important theorem which says:

Theorem: A linearly independent set of n-vectors can contain at most n vectors.

A related theorem discusses the least number of vectors necessary for spanning the n-vectors.

Theorem: No set containing fewer than n vectors can span the set of all n-

vectors.

If we have a set of n n-vectors, there is another way besides the method we have used in
examples thus far to test whether the set is linearly independent or not. Let us consider the
n-vectors {vi,va,...,vu}. In determining whether or not we have linear independence, we

consider whether there are constants cq, ..., ¢, not all zero for which the linear combination

C1V1 + CaVe + -+ ¢,V

is 0. We can look at this question in another way using matrices. In particular, if we create

an n X n matrix V whose columns are the individual (column) vectors vj,j = 1,...,n —
that is,
V :: V]_ V2 “ .. Vn
o |
— and if c is the vector of coefficients ¢ := (cy,¢a,...,¢,), then another way to ask the

same question is to ask whether the matrix equation Vc = 0 has any other solution besides
c = 0. Now we know that if a matrix equation Ax = b has a solution at all, it has either
one (unique) solution or infinitely many solutions, and we can use the determinant of the
coefficient matrix A to decide which of these is the case. For the equation Ve = 0, then,
det(V) = 0 tells us there is a nonzero vector c satisfying Ve = 0, and hence the set of
vectors {vi1,Va,...,vn} is linearly dependent. If det(V) # 0, then the set of vectors is

linearly independent.
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Example: Determine whether or not the set of vectors {(1,2,2),(—1,1,0),(1,8,6)} is lin-

early independent.

As per the discussion above, the question can be settled by looking at the deter-

minant
1 -1 1
-1 1
2 1 8| = 2(=1)°"
1 8
2 0 6
11 1
+(0)(_1)3+2 —|—6(—1)3+3
2 8 2 1

= 2(—9)+0+6(3)

Since this determinant is zero, the set of vectors is linearly dependent.

4 Eigenvalues and Eigenvectors

The product Ax of a matrix A € M, ,(R) and an n-vector x is itself an n-vector. Of
particular interest in many settings (of which differential equations is one) is the following

question:

For a given matrix A, what are the vectors x for which the product Ax is a

scalar multiple of x? That is, what vectors x satisfy the equation
Ax = Xx

for some scalar \?
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It should immediately be clear that, no matter what A and X are, the vector x = 0 (that is,
the vector whose elements are all zero) satisfies this equation. With such a trivial answer,

we might ask the question again in another way:

For a given matrix A, what are the nonzero vectors x that satisfy the equation

Ax = )\x

for some scalar \?

To answer this question, we first perform some algebraic manipulations upon the equation
Ax = Ax. We note first that, if I = I,, (the n x n multiplicative identity in M,,«,(R)), then

we can write

Ax=Xx & Ax—)x=0
& Ax—)Mx=0

& (A—ADx=0.

Remember that we are looking for nonzero x that satisfy this last equation. But A — Al is
an n x n matrix and, should its determinant be nonzero, this last equation will have exactly

one solution, namely x = 0. Thus our question above has the following answer:

The equation Ax = Ax has nonzero solutions for the vector x if and only if the

matrix A — Al has zero determinant.

As we will see in the examples below, for a given matrix A there are only a few special values
of the scalar A for which A — AI will have zero determinant, and these special values are
called the eigenvalues of the matrix A. Based upon the answer to our question, it seems we
must first be able to find the eigenvalues Ai, A9, ...\, of A and then see about solving the

individual equations Ax = \;x foreach i =1,...,n.
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2 2
Example: Find the eigenvalues of the matrix A =

5 —1

The eigenvalues are those A for which det(A — AI)= 0. Now

2 2 10
det(A — AI) = det —A
0
A

5 —1 1
2 2 0
= det —
5 —1 0 A
2— ) 2
5 -1-A

The eigenvalues of A are the solutions of the quadratic equation A\ — A\ — 12 = 0,

namely \; = —3 and \y = 4.

As we have discussed, if det(A — AI) = 0 then the equation (A — AI)x = b has either
no solutions or infinitely many. When we take b = 0 however, it is clear by the existence
of the solution x = 0 that there are infinitely many solutions (i.e., we may rule out the “no
solution” case). If we continue using the matrix A from the example above, we can expect
nonzero solutions x (infinitely many of them, in fact) of the equation Ax = Ax precisely
when A = —3 or A = 4. Let us procede to characterize such solutions.

First, we work with A = —3. The equation Ax = Ax becomes Ax = —3x. Writing

€

X2



21

and using the matrix A from above, we have

2 2 1 221 + 224
Ax = — :
5 —1 T2 51’1 — T2
while
—3ZE1
—3x =
—3ZE2
Setting these equal, we get
2ZL’1 + 2ZL’2 —le
= = 2x; + 219 = =314 and 511 — 19 = —3T9
T — T2 -39

= 5ZL’1 = —2ZE2

= T = ——T2.
)

This means that, while there are infinitely many nonzero solutions (solution vectors) of the
equation Ax = —3x, they all satisfy the condition that the first entry x; is —2/5 times the

second entry zo. Thus all solutions of this equation can be characterized by

2t 2
=t 7
—5t -5
where t is any real number. The nonzero vectors x that satisfy Ax = —3x are called
eigenvectors associated with the eigenvalue A = —3. One such eigenvector is
2
u; =
-5

and all other eigenvectors corresponding to the eigenvalue (—3) are simply scalar multiples

of u; — that is, u; spans this set of eigenvectors.
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Similarly, we can find eigenvectors associated with the eigenvalue A\ = 4 by solving

Ax = 4x:

2.CE1 + 21}2 41’1
- = 21 + 219 = 414 and dDx1 — T = 4wy

5ZL’1 — X9 41’2
= I = 9.

Hence the set of eigenvectors associated with A = 4 is spanned by

Ug =

Example: Find the eigenvalues and associated eigenvectors of the matrix

7 0 -3
A= -9 —2 3
18 0 -8

First we compute det(A — AI) via a cofactor expansion along the second column:

T—A 0 _3
9 —2-Xx 3 = (—=2—-N(-1*

18 0 —8—A

= —(2+ N7 = A\)(=8 = \) + 54]
= AL 2)(NEA—2)

= —(A+2?*\-1).

Thus A has two distinct eigenvalues, Ay = —2 and A3 = 1. (Note that we might

say Ao = —2, since, as a root, —2 has multiplicity two. This is why we labelled
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the eigenvalue 1 as \A3.)

Now, to find the associated eigenvectors, we solve the equation

(A —\I)x =0 for j =1,2,3. Using the eigenvalue A\3 = 1, we have

6z — 3x3 0
(A-Dx = | 92, -32,+3z3 [ =] 0
18x1 — 9x3 0
= x3 =21 and To = T3 — 321
= X3 =21 and Ty = —T7.

So the eigenvectors associated with A3 = 1 are all scalar multiples of

ug =1| -1

Now, to find eigenvectors associated with A\ = —2 we solve (A + 2I)x = 0. We

have

921 — 3z3 0
(A + 21)X - —95131 + 3(133 = 0
181’1 - 61L’3 0

= x3=31.

Something different happened here in that we acquired no information about x,.
In fact, we have found that x5 can be chosen arbitrarily, and independently of
x1 and z3 (whereas 3 cannot be chosen independently of x;). This allows us
to choose two linearly independent eigenvectors associated with the eigenvalue

A = —2 such as u; = (1,0,3) and uy = (1,1,3). It is a fact that all other
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eigenvectors associated with Ay = —2 are in the span of these two; that is, all
others can be written as linear combinations c;u; + cous using an appropriate

choices of the constants ¢; and c,.

Example: Find the eigenvalues and associated eigenvectors of the matrix

-1 2
A pu—
0 -1
We compute
—1-A 2
det(A — \I) =
0 —1-A
= (A+1)%

Setting this equal to zero we get that A = —1 is a (repeated) eigenvalue. To find

any associated eigenvectors we must solve for x = (zy, z5) so that (A +I)x = 0;

that is,
0 2 T 229 0
= = = x3=0.
0 0 X9 0 0
Thus, the eigenvectors corresponding to the eigenvalue A\ = —1 are the vectors

whose second component is zero, which means that we are talking about all scalar

multiples of u = (1,0).

Notice that our work above shows that there are no eigenvectors associated with A = —1
which are linearly independent of u. This may go against your intuition based upon the
results of the example before this one, where an eigenvalue of multiplicity two had two

linearly independent associated eigenvectors. Nevertheless, it is a (somewhat disparaging)
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fact that eigenvalues can have fewer linearly independent eigenvectors than their multiplicity

suggests.

Example: Find the eigenvalues and associated eigenvectors of the matrix

2 —1
A_:
1 2
We compute
2—X\ -1
det(A — A\I) =
1 2—A
= (A-2)%+1
= A —4\+5.

The roots of this polynomial are \; = 2+ and \y = 2—74; that is, the eigenvalues
are not real numbers. This is a common occurrence, and we can press on to
find the eigenvectors just as we have in the past with real eigenvalues. To find

eigenvectors associated with A\; = 2 4 7, we look for x satisfying

-1 —1 x 0
(A-(2+)D)x=0 = =
1 —1 i) 0
—1r1 — Ty 0
= =
T — 129 0

= 1= iZEQ.

Thus all eigenvectors associated with A\; = 241 are scalar multiples of u; = (7, 1).



26

Proceeding with Ay = 2 — 7, we have

. —1 T 0
(A-(©2-i))x=0 = -
1 1 i) 0
i,fl — X9 0
= =
T+ iJIg 0
= 1 = —Y:ZE'Q,

which shows all eigenvectors associated with Ay = 2 — ¢ to be scalar multiples of

uy = (—i, 1).

Notice that ug, the eigenvector associated with the eigenvalue Ay = 2 — 7 in the last
example, is the complex conjugate of uy, the eigenvector associated with the eigenvalue
A1 = 2 +14. It is indeed a fact that, if A € M,,«,(R) has a nonreal eigenvalue A\; = \ + i
with corresponding eigenvector &, then it also has eigenvalue Ay = A —ip with corresponding

eigenvector &5 = &;.



