308 Review

Much of what follows in this “review” will look very new. Some of it will look new
because I am phrasing what you learned in 308 in a different way. Some of it will look new
because it was not taught in your 308 class.

Definition 0.1. A vector space is a triple, (V,+,F), where
1. V is a set, a collection of objects. Objects in V| written
veV,
are called vectors.

2. + is an operation which takes two objects in V' and produces another object in V. We
write this

+:VxV =V

We call this operation addition. This means V must be closed under addition.

3. F is called a scalar field. In this class, F will either be C, the complex numbers, or
R, the real numbers. Recall that we define

C={a+ib | a€eRbeR}
Addition of complex numbers follows the rule,
(a+1ib) + (c+id) = (a+c)+i(b+d).
We can multiply complex numbers, as well, by the rule,
(a+1ib) - (c +id) = ac + ibc + iad + i*bd = (ac — bd) + i(bc + ad).
4. The set, V, must be closed under scalar multiplication. That is, for all vectors,

veV,and all z € F,
20eV

5. There must be a special vector, written 0 € V, which has the property that for any
veV,
v+ 0=7.
6. For each v € V', there must exist a vector, —v such that

7+ (=) =0.

7. The operation, + and scalar multiplication must satisfy the following properties for all
Z,y,Z€ V and all a,b € F



Remark 0.1. Note, that “closed under addition” and “closed under scalar multiplication”
are properties of a set. The set is closed under the operation of addition or scalar
multiplication.

Definition 0.2. Given a vector space, (V,+,F), a subspace of (V,+,F) is a vector space,
(V' 4, F) such that

VicV
The operation, +, and the scalar field, F (think R or C), must be the same.

In 308, the only vector spaces you saw were (R", +,R) and their subspaces. In this class
we will be dealing with more general vector spaces.

Definition 0.3. Let {#},0s,...,4,}, be a collection of vectors in a vector space, (V,+,F).
We say that a vector v € V' is a linear combination of the vectors v}, v, ..., U, if there
exist scalars, ¢, co, ..., ¢, € F such that

U= 01?71 + 62172 + ...+ Cngn

If all ¢; = 0, then @ = 0 and we call this the trivial combination. If there exists a
¢; # 0, then we say that this is a non-trivial combination.

Definition 0.4. The span of a collection of vectors, {v},v,,...,1,}, is defined as the
following set,

span({vy, Va, ..., U, }) = {¥] ¥ is a linear combination of {y, ¥, ..., U, } }.

The span of any collection of vectors is a subspace.



Definition 0.5. A collection of vectors, {0y, ¥, ..., U, }, is called linearly independent if
the only linear combination such that

101 + ¢y + ... +¢,v, =0

is the trivial combination. The collection is called linearly dependent if there exists a
non-trivial combination such that

Cﬂ_fl -+ 62?72 + ...+ Cnﬁn =0.

Definition 0.6. Given a vector space, (V,+,F), a collection of vectors, {7, ¥s, ..., 0, } CV
, is called a basis for (V,+,TF) if it satisfies the following two properties,

1. span(v, Vs, ..., 10,) = V.
2. The collection, {#}, ¥, ..., ¥, }, is linearly independent.

The vectors in a basis are called basis vectors.

Once we have a basis for V| it is true that every vector, v € V', can be written as a unique
linear combination of basis vectors.

Definition 0.7. Let B = {¢}, 0h, ..., U, } be a basis for a vector space (V,+,F). For each
v € V', we define the coordinate vector with respect to the basis B as

&1
C2

—

v =

Cn
where ¢y, ¢y, ..., ¢, are the coefficients of the unique linear combination such that

U= 61171 —+ 02'172 —+ ...+ CnUn-

In 308, when we were dealing with R™, we had always chosen the standard basis. However,
sometimes there is a more convenient basis.



Definition 0.8. A real-valued (n x m)—matrix is a rectangular array of n rows and m
columns, where all the entries are real numbers. We denote the collection of all such matrices
by,

Mysm(R) = {A] A is areal-valued (n x m) — matrix}.

A complex-valued (n x m)—matrix is a rectangular array of n rows and m columns,
where all the entries are complex numbers. We denote the collection of all such matrices by,

M«m(C) ={A| Ais a complex-valued (n x m) — matrix}.

Note that because R C C, we also have that M« (R) C M, x,(C).

We shall think of matrices A € M,,+,,(C) as rectangular arrays of m columns, each of
which is a coordinate vector in C". When we wish to emphasize this perspective, we shall
write

where each v; € C"

Definition 0.9. Let A € M, ,,(C) be written as

A= (171 vy Um)
(&1
where each ©; € C". Let ¥ € C™ be written as the coordinate vector, ¥ = C:Q . We define
en

matrix-vector multiplication according to the following rule,
Ar = 01171 + 02172 + ...+ CmUm

Note that AZ € C".

Definition 0.10. Let A € M, ,,(C) and B € M,,»,(C) where B is written as
B=(b b - B)
for g, € C™. We define matrix-matrix multiplication according to the following rule,
AB = (4B, Ab --- AD,)

Note that AB € M,,«,(C).



Matrix multiplication is not always commutative. That is, even when it is defined, it
may very well be that AB # BA.

Definition 0.11. Consider R"™. Let
By = {b}1,, By={u}r,

be two different bases for R”. The change of basis matrix from B; to B, is the unique
(n X n)—matrix, S, such that for all ¥ € R"

By = SZL’Bl.

Note that the change of basis matrix, S, is always invertible. If we write out S as a
matrix of column vectors,

S = (§1 S5 §n)
&1
then s; = (I;l) B,. In other words, §; = C:Z where the constants ¢; are the constants of the
,

unique linear combination such that

—

bi = 61?71 + 62272 + ...+ Cnl_)'n.
Reflection Questions

1. Show that (M,«m(C),+,C) is a vector space where addition is defined by component-
wise addition and scalar multiplication acts by scaling each component. You must use
the definition.

2. Show ((Muxm(R),+,R)) is a subspace of (M,xm(C),+,C). Show ((M,xm(R),+,C))

is a not subspace of (M, (C),+,C) because it is not a vector space.

3. Let
C'([a,b],R) = {f :[a,b] = R | f"is continuous}.

Show that (C*([a, b],R), +,R) is a vector space.

1 1 0 2
4. Ts | 2 | in the span of the collection { [ 2], =31],(|3|}?
3 0 1 1
1 10 2
5. Is the collection {[4 ], | =3 |, | —6 | } linearly independent? A basis?
0 1 1



1 2 7 10
6. Multiply |2 0 1
0 3
1 1 2 0
7. Let By = { 0 ,10]}and Bo = {|1],]0],|3]|} Find the change of
1 2 3

basis matrix Wthh takes Vectors written in By and expresses them in Bs.

8. For By and B, as above, find the change of basis matrix which takes vectors written in
By and expresses them in B;.



1 Matrices and Eigenstuff

Definition 1.1. Let (X, +x,F) and (Y, +y,F) be vector spaces. A map, f: X — Y is
called linear if and only if for all 1,29 € X and all c € T,

f(z1 +x cxa) = f(z1) +v cf (z2).

Examples
1. The function f: R — R given by the algebraic rule f(z) = 2z is a linear function.
2. The function f : R* — R given by the algebraic rule f(Z) = Z' - 7 is a linear function.

3. Given any interval, [a,b], the operation of taking the anti-derivative is a linear opera-
tion. That is, the map int on functions f defined by

int() = [ )

is a linear map from integrable functions on [a, b] to R.

4. The operation of taking the derivative is also a linear operation. That is, the map, %

defined by

d !

@(f )=f
is a linear map from the vector space of differentiable scalar-valued functions to the
vector space of scalar-valued functions.

In 308, you studied Linear Transformations, functions 7' : R” — R™ which were linear.
In particular you saw the following important idea:

Theorem 1.1. (Representation of Linear Transformations) For every (n x m)—matriz, A,
we can define a linear transformation, T : R™ — R"™, by the rule

Conversely, for every linear transformation, T : R™ — R™, there is an (n X m)— matriz,

A, such that

for all T € R™.
Because of this, we say that the matrixz, A, represents the linear transformation,
T, and T acts by multiplication by the matrixz A.



Question 1.1:. Given a linear transformation, 7" : R™ — R", how do we find the matrix
by which represents it? I.e., how do we find the matrix A such that T'(Z) = AZ?

Answer: Linear Transformations (and linear maps in general) are nice because the

respect vector space operations like taking linear combinations. For example, if we let
S = {&}", be the standard basis, and ¥ = )" | x;€;, then

m m

T(#) =T )= x,T()

i=1 i=1

This means that linear transformations are completely determined by how they act upon
bases. If we know how a linear transformation acts upon a basis, we know how it acts on
every vector in the span of that basis. Thus, if we let A be the matrix which represents T,
we see that

A = AL, = A[& &y

I
N
k)]

L5
El

Note: There are infinitely many bases. The matrix we found above represents 7" in the
standard basis. T'(¥) = A¥ only if ¥ is written as a coordinate vector with respect
to the standard basis.

That is, for our vector & =) ", z;€;, we write & as a coordinate vector with respect to
the standard basis as
I
T2
rs =

Lm

Then, we have that,

and,

If we had written 7 as a coordinate vector with respect to a different basis, say, ¥ =
2211 Cibi, then



BUT,

m &1
Z T(b) # [T(E) - T@En | i | = A
=1 Cm

Rather, we would have
m C1
> aT(bi) = [T(br) - Tbw) | i | =Bis
i=1 Cm,

Question 1.2:. How do we find a representation of a given a linear transformation,
T :R™ — R", in a given basis, B = {b;}",7 Le., how do we find the matrix M such that
T(Zp) = Mg

Answer: This question is about change of bases. So, let’s assume that the vectors of the
basis B = {gz}?; are written out as coordinate vectors with respect to the standard basis.
We already know that if we have a vector in the standard basis then T'(Z¥) = AZ. Thus, we
need only remember what a coordinate vector in the basis B means:

Iy
xr = — (b1)5$1+(b2)sx2++<bm)sxm
Tm B

Thus, we have that Zs = [b; - - - by,]Zs. Hence we need only use the matrix B = [b; - - - by,]
to change to the standard basis, where we know which matrix represents 7', and then B~!
to change back to the basis B. This gives:

T(Z3) = B ABi5

Thus, given any two bases, B; = {51, b, ..., 5m} and By = {01, U, ..., U }, and the change
of basis matrix, B such that
g, = BZp,,

if T" acts on coordinated vectors with respect to the basis B; by the matrix A, then T acts
on coordinate vectors with respect to the basis B, by the matrix B~*AB.

Question 1.3: Might there be a BEST basis to represent a linear transformation by? If
we want to analyze how a linear transformation acts on a space, is there a basis that makes
it EASY see what is going on?



Answer: Yes. There is a “best basis” on which 7" acts simply. Let’s explore this in the
next section.

1.1 Eigenvalues and Eigenvectors

Let’s make life easy and only consider 7' : R" — R" This way, we can view T as
a transformation of R", rather than as a map between spaces. Since T is a linear
transformation, we know that it is represented by the action of some matrix, A.

T(z) = A%
Question 1.4: If we want to find a basis for R” on which 7" acts simply, what might
“simply” mean?

Answer: By the definition of vector spaces, there are only two things we can do with
vectors:

1. We can scale vectors and get another vector.
2. We can add vectors together and get another vector.

The “simplest” is probably just scaling. Therefore, we are looking for vectors, & € R"™ such
that there is some scalar, A\, for which

T(%) = M.

This gives rise to the following definitions.

Definition 1.2. An eigenvalue of a matrix, A, is scalar, A, such that there exists a non-zero

vector for which
AZ = \T

Such a non-zero vector, 7, is called an eigenvector.

Note: Eigenvectors are associated to a particular eigenvalue. A vector cannot be an
eigenvector for two distinct eigenvalues. Further, any scalar multiple of an eigenvector is
also an eigenvector, since

A(ct) = ¢(AZ) = ¢(A\T) = ().

We can rearrange the definition of an eigenvalue to read as follows.

10



Definition 1.3. An eigenvalue of a matrix, A, is scalar such that null(A — AI) is non-
trivial. That is, there exist non-zero vectors, &, called eigenvectors of A with eigenvalue A,
such that

(A—\Z =0.

Definition 1.4. The eigenspace associated to an eigenvalue, A, of a matrix, A is the space
of all eigenvectors of that eigenvalue, plus the zero vector. That is, it is the set null(A — \I).

Observe that this means that the eigenspace of an eigenvalue is a vector space.

Question 1.5: Ok, now that we know that the vectors we want are called “eigenvectors,”
how do we find them??

Answer: First, we find eigenvalues, and then we find the eigenvectors. Since eigenvalues
are scalars, A, for which the matrix (A — AI) is NOT invertible, we know that if A is an
eigenvalue, then

det(A—X)=0
1 2
Example 1.1: Let A = (O 1). Then,
1—X 2
det(A—NI) = det< 0 1-2
= (1-)\)?

Thus, the det(A—AI) = 0 when A = 1. A = 1 is our only eigenvalue. To find eigenvectors
associated to A = 1, we need to find non-zero vectors which satisfy

Me%UDf:<8§>f:Q

By 308 techniques, ¥ = ¢ (1

0), is a solution for any non-zero scalar, c. Thus, the vector

- 1\ . . . :
r=c (O)’ is an eigenvector associated to the eigenvalue A = 1 for any non-zero scalar, c.

11



Definition 1.5. The expression det(A — AI) is called the characteristic polynomial. The
equation det(A — A\I) = 0 is called the characteristic equation.

Question 1.6: If we want to find all the eigenvalues, how many eigenvalues can an
(n X n)—matrix have?

Answer: If A is an (n X n)—matrix, then the characteristic polynomial, det(A — \I), is
a polynomial in A of degree n. Thus, there are n roots. That is, counting multiplicity
there are n solutions to the characteristic equation.

In Example 1.1, A = 1 was the only eigenvalue, but it occurred as a double root of the
the characteristic polynomial. Because of this, we count it twice. We make this rigorous by
the following definition.

Definition 1.6. Given the characteristic polynomial, det(A — AI), we can factor it into a
product of monomials,

det(A— M) = (A= A)™ - (A= A)™ - (A= \))™

where each of the A\, Ay, ..., A; are distinct.

The algebraic multiplicity of an eigenvalue, \;, is the power, m;, which shows up in this
factorization of the characteristic polynomial. It is the “number of times” \; is a root of the
characteristic polynomial. We will often denote the algebraic multiplicity of an eigenvalue,

A, of A by m,.

Observation: For an (n x n)—matrix, A, if my, ms, ..., m; are the algebraic multiplicities
of the distinct eigenvalues of A, then

Question 1.7: If we want to find eigenvectors associated to an eigenvalue, how large
can the eigenspace of an eigenvalue be?

12



Definition 1.7. If A is an (n X n)—matrix and A is an eigenvalue of A, then we know
that (A — AI) is not invertible. The nullity of (A — AI), written nullity(A — AI), is the
geometric multiplicity of \. For a given eigenvalue, A, of a matrix A we will often denote
the geometric multiplicity by gy.

Answer: It is a fact that for every eigenvalue, A,
I<qgn<my.

That is, the dimension of the eigenspace of an eigenvalue can be anywhere between 1 and
the algebraic multiplicity of that eigenvalue.

The geometric multiplicity tells us how many linearly independent eigenvectors are as-
sociated to a given eigenvalue. Since we want to find a basis of eigenvectors, this number is
very important. It gives rise to the following definitions.

Eigenvalues and their multiplicities tell us a lot about a matrix, and hence a lot about
linear transformations. Because they are so important, we classify matrices according to
their multiplicities.

Definition 1.8. A square matrix, A, with the property that for every eigenvalue g, = m,
is called diagonalizable.

Definition 1.9. A square matrix, A, for which there is an eigenvalue for which ¢, < m, is
called defective.

1.2 Jordan Normal Form

So what was the point? Remember, we are trying to find a basis for R™ such that our
linear transformation 7' : R™ — R™, acts by scaling, because scaling is simple and easy to
understand. In such a basis (if it can be found) the matrix which represents 7" should be
very simple and easy to analyze.

Let us suppose that an (n x n)—matrix, A, is diagonalizable. Then,

J J
E 4i = E m; =mn.
i=1 i=1

13



Thus, we can find n linearly independent vectors, {5’1, 52, e f_';z}, where each vector is an
eigenvector of A. I claim that this is the “best” basis in which to view the linear transfor-
mation represented by A Let’s see why in an example.

2 =2 1
Example 1.2. Let A= | -1 3 —1| represent a linear transformation,
2 -4 3
T:R? — R3,

in the standard basis. That is, for all vectors & € R3?, if we write ¥ as a coordinate vector
with respect to the standard basis,

T
T = $1€1 + 33252 + $3€3 = | T2 R
T3 S
2 —2 1 7
then T'(¥) = | -1 3 -1 To
2 -4 3 r3) o
Let’s find a better basis, a basis of eigenvectors of A, and see what T is represented by

in that basis!

To do this, we need to find eigenvalues and eigenvectors. We begin with the characteristic
polynomial, det(A — XI) = (A — 1)*(\ — 6).

2
To find eigenvectors, we solve (A — AI)Z¥ = 0. For A = 1, we get é — 1] and
0
. (T ) 1
&= 0] .ForA=6, weget&=|—-1
1 2

It is easy to check that {5_;, é, 53} are linearly independent. This is left to the reader.

So, I claim that 7' is represented in the basis B = {5, 52, é:;} by a simple matrix. Let J
be the matrix which represents 7" in the basis B.

What is this matrix J? Let’s check by calculating J directly! In the basis, B =
{{:, é, 53}, the linear transformation 7' is represented by some matrix, J. That means that
if we write a vector, ¥ € R? as a coordinate vector in the basis, B,

T1
T =216 + 2260 + 1383 = | 12 ;

xT3 B

14



then we have that

T(F) = T(w:€) + 126 + w33)

21 T(&1) + 22T (&) + 23T(E3) (1)
= 21(1)& + 22(1)& + 73(6)E3 (3)
1 00 T
= (01 0] 2] . (4)
00 6/ \zs)

Thus, J =

O O =
o = O

0
0 | . Which is MUCH simpler than A, as promised.
6

Or, we could have remembered our answer to Question 1.2. That is, we could just do a
change of basis transformation:

N S S S
J = (fl 3 f3> A (fl 3 53)
For ease of computation, we rearrange the equation:

(& &é)s - a(@ & &)

- (W& mé ©&)
1 00
- (& & &) 010

Thus, if A is diagonalizable, we can do a change of basis transformation,
A=S5JSt

where S is a matrix whose columns are a basis of eigenvectors and J is a diagonal matrix
with the eigenvalues on the diagonal.

Note: Note that J acts by scaling the components. This makes sense because 1" acts be
scaling the eigenvectors. Also, the form of J is very special. It is block diagonal, and the
eigenvalues occur on the diagonal as many times as their algebraic multiplicities.
This will come up again, later.

Question 1.8: What if A is defective?

15



Answer: If A is defective, then there exists at least one eigenvalue A for which ¢\ < m,.

Hence,
J J
i=1 i=1

1 2

0 1>. We could only find one linearly independent

Consider our earlier example A = <

eigenvector.

Thus, T is a linear transformation represented in some basis by the action of A, if A is
defective, then we cannot find a basis of eigenvectors. Observe that if we cannot
find a basis of eigenvectors, then we cannot find a basis in which the linear transformation,
T, is represented by a diagonal matrix. But, if we cannot represent T' by a diagonal matrix,
we can represent it by an almost diagonal matrix.

The idea is very much the same: we want to choose a basis in which the action of T" is
simple. Eigenvectors, which T just rescales, are still the best. But if A is not diagonalizable,
we cannot find enough of them. Thus, we need some extra vectors on which T acts in a
simple way to complete our basis.

Question 1.9: What is another simple way in which 7" can act on a vector?

Answer: The other “simple” way to act on a vector was to add some other vector to it.
So, if we collect as many linearly independent eigenvectors as we can find, say, {51, 5;, ,{m},
and we cannot find another vector, 77, such that A7 = A7 AND the collection, {51, 52, ,é’m, i}
is linearly independent, perhaps we could find a vector, 77, such that

A = \ij + &

and the collection, {51, 52, ,Em, 77} is linearly independent.
Question 1.10: What & should we choose for A = \ij + &7

Answer: We could choose any #, but we since we already have eigenvectors, and we
know that T" acts simply on them, it is natural to see what happens if we try to find 77 such
that .

A=A+ ¢

for 5 an eigenvector associated to the eigenvalue, .
Notice that we can rearrange this equation to read,

(A— D)= €.

16



If we multiply both sides of the equation by the matrix, (A — AI'), we see that 7] satisfies,
(A= A= (A—-ADE=0

This gives rise to the following definitions.

Definition 1.10. A generalized eigenvector of order m of an eigenvalue, A, of a matrix,
A, is a non-zero vector, 17, such that

but

In practice, if might be very difficult to compute (A4 — AI)™ and (A — A\I)™~L.

Definition 1.11. A Jordan Chain of length m associated to an eigenvalue, A, of the
matrix A is an ordered collection of m generalized eigenvectors, {&, 7, ...., g, 7} such that

(A= X7 = j

Olml

From the definitions, it is clear that 5 is an eigenvector, 17 is a generalized eigenvector of
order 2, p'is a generalized eigenvector of order m — 1, and 7/ is a generalized eigenvector of

order m.

The “best” basis that we are looking for will consist of eigenvectors and
generalized eigenvectors arranged in a sequence of Jordan chains.

We saw above that for diagonalizable matrices, we can do a change of basis and represent
them by a diagonal matrix. Let’s see what happens for defective matrices.

Example 1.3 Let’s return to our previous example, a linear transformation represented
1 2

0 1). As we already saw, A has one eigenvalue,

in the standard basis by the matrix A = <

A =1, with algebraic multiplicity 2. Let our eigenvector associated to A = 1 be 5 = ((1))

17



To complete the basis, We_»need to build a Jordan chain of length 2 off of 5 That is, we

need to solve (A — (1)) =¢.
02\, [1
00)7 = \o)"

. (0 o, 1 0
Thus, we can choose 77 = (1/2>. Thus, our basis is B = {<O> 12 }
By change of basis, then, T is represented in the basis B by the action of the matrix
— -1 —
<§ ﬁ) A (f ﬁ) Explicitly calculating this matrix, we get,

(€ m)s = A )
— (a¢ Aﬁ)
= (€ Wi+€) -

= €9 1)

11 . . . aq s
0 1) Note that even though J is not diagonal, it still is very
simple. It has the eigenvalues on the diagonal and a 1 on the super-diagonal.

Also, it acts simply. In the first coordinate, it simply scales by the eigenvalue 1.

b ) ()= ()

In the second coordinate, it scales the original vector by the eigenvalue 1 and “rotates”
the vector by adding something in the first coordinate.

b ()= ()

This completely describes the action of the linear transformation 7. We generalize this
form of matrix with the following defintion.

Hence, J =

Definition 1.12. A square matrix, J, is called a Jordan Block if J has the following
properties:

1. J has the same value in all the diagonal entries.
2. All of the entries on the super-diagonal are 1.

3. All the other entries are 0

Examples. The following are Jordan Blocks: (8 é)7

o O O

18



The following are NOT Jordan Blocks:
11

0
(o (o
0 00

Definition 1.13. Let A be an (n xn)— matrix. The Jordan Form of A is a block-diagonal
(n x n)—matrix with the following properties:

1. Each block on the diagonal is a Jordan block with an eigenvalue of A on the diagonal.
2. Each eigenvalue, A\, has ¢, Jordan blocks, arranged adjacently.

3. For each eigenvalue, A, the sum of the sizes of the Jordan blocks associated to that
eigenvalue adds up to m.

4. There is a change of basis matrix, S, such that

AS =S5J

Examples. The following are examples of matrices in Jordan Normal Jorm:

01 O 0
4 0 g ;) 8 00 O 0
0 5)’ 00 —17 10 0 =17 0O
00 0 -—17
The following are NOT in Jordan Normal Form:
100 31 0 0
02 0 0 3 0 0
00 1 10 0 10 0
00 1 -17

The Jordan form of a matrix is the “simple” matrix we are looking for.
Question 1.11: So where do Jordan chains come in?

Answer: Each Jordan block in J corresponds to a Jordan chain in S. Consider the
following example. Let the matrix, A, have the Jordan form,

()

19



Let gbe an eigenvector of A associated to A\. We know that there is a change of basis matrix,
S, such that AS = SJ. As mentioned, the columns of S will be the “best” basis in which to
represent T'. We already know we want £ to be a vector in .S, so let us write

5=(¢ 7)
and see what properties 77 must have.
On the one hand,

AS = A<5 ﬁ)
= (a¢ Aﬁ)
= (A€ A7)

s (€9 ()
= (A 27+

Thus, it must be that A7 = A\ij+ . Rearranging, we have that (A=) = €. Thus, a
(2 x 2)—Jordan block in J corresponds to a Jordan chain of length 2 in S. The same goes for
larger blocks and chains. A (3 x 3)—Jordan block corresponds to a Jordan chain of length
3, etc.

Putting it all together, if the Jordan form of a matrix, A, has a (1 x 1)—Jordan block,
a (3 x 3)—Jordan block, and a (2 x 2)—Jordan block down the diagonal, then S has— from
left to right— a Jordan chains of length 1, Jordan chains of length 3, and Jordan chains of
length 2.

Looking at the definition of the Jordan form, we see that for S, each linearly inde-
pendent eigenvector we found will be the base of a Jordan chain, and the sum
of the lengths Jordan chains associated to a given eigenvalue, A\, must add up to
my, the algebraic multiplicity of that eigenvalue. Therefore, we only need find
generalized eigenvectors and build Jordan chains for eigenvalues, A\, for which
g < M.

And on the other hand,

Question 1.12 Suppose that the Jordan form of a matrix, A, has all (1 x 1)—Jordan
blocks on the diagonal. Is A diagonalizable or defective?

Answer: If J has only (1 x 1)—Jordan blocks, then S has only Jordan chains of length
1. Since the first vector on every Jordan chain is an eigenvector, S is only eigenvectors.
Therefore, A must have n linearly independent eigenvectors, and hence A is diagonalizable.
This should make sense because if J has only (1 x 1)—Jordan blocks, then J is a diagonal
matrix!
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1.3 How to find the Jordan Form of a matrix A

In this class we will only do computations with (2 x 2) and (3 x 3) matrices. This actually
simplifies our work greatly. In fact, to find the Jordan Form of a matrix which is (3 x 3) or
smaller, we need only look at the algebraic and geometric multiplicities. To find the change
of basis matrix, S, however, we will need to do a bit of calculation.

Example 1.4 Let A be a matrix with eigenvalues A =2 and A =5. Let mo =1, g2 = 1,
ms =2, and q5 = 1.

Since we know that the algebraic multiplicities add up to the size of the matrix, we see
that A must be a (3 x 3)—matrix. Thus, it’s Jordan Form, J, must also be a (3 x 3)— matrix.
This Jordan form will have 2 Jordan blocks on the diagonal, because there are only 2 linearly
independent eigenvectors— one associated to A = 2 and one associated to A = 5. The sizes of
the blocks associated to a distinct eigenvector must sum up to the algebraic multiplicity of
that eigenvector, so the Jordan block associated to A = 2 is a (1)—block. The Jordan block
associated to A = 5 is a (2)—block. Thus, the Jordan Form of A must be either

z]: J:

S O N
o Ot O
ot = O

)

=
O O ot
O Ot =
N OO

S

Either is correct. The Jordan Form of a matrix is not unique.

Example 1.5 Let A be a matrix with eigenvalues Ay = 7 and Ay = 0. Let m; = 1,
qgr =1, mg=2, and gy = 2.

By the same reasoning as before, A must again be a (3 x 3)—matrix. Thus, it’s Jordan
Form, J, must also be a (3 x 3)— matrix. This Jordan form will have 3 Jordan blocks on
the diagonal, because the sum of the geometric multiplicities is 3. That is, we have 3 linearly
independent eigenvectors— one associated to A = 7 and two associated to A = 0. The sizes
of the blocks associated to a distinct eigenvector must sum up to the algebraic multiplicity
of that eigenvector, so the Jordan block associated to A = 7 is a (1 x 1)—block. The sizes of
the two Jordan blocks associated to A = 0 must add up to 2. But there is only one way to
do this, with two (1 x 1)—blocks. Thus, the Jordan Form of A must be either

or J=

o O O
o O O
~N O O

7
J=10
0

o O O
o O O

Again, either is correct.

If we want to find S, however, we need to know the entries of A and do actual calculations.

Example 1.6 Let T : R? — R? be a linear transformation represented by the matrix
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A

-3 6
2 | . Find the, J, Jordan Form of A and a basis for R® in which T'(Z) = JZ.

=~ = W

0
0 —1

e Step 1: Find the eigenvalues and their algebraic multiplicities. To find eigen-

values, we factor the characteristic polynomial, det(A — AI).

det(A—=AI) = (=3=N[1=A)(=1=2) = (2)(4)]
- ()\-1-3) AZ—1—§] .
= —(A+3)*(A=3)

The eigenvalues are A = 3 and A = —3, with algebraic multiplicities 1 and 2, respec-
tively.
Step 2: Find the eigenvectors. Now we must find non-trivial solutions to (A —

AZ = 0. By 308, this means we need to row-reduce (A — \I).

For A = 3, we calculate as follows

-6 3 6
A-Q)I = 0 -2 2
0 4 —4
-6 0 9
— 0 -1 1
0 0 0
Since this matrix has one free variable, the geometric multiplicity of A = 3 is 1. Choose
3
the eigenvector 51 =12
2
For A = —3, we calculate
0 36
A—(=3)I = 0 4 2
0 4 2
020
— 10 0 1
000
Since this matrix has one free variable, the geometric multiplicity of A = —3 is 1.
1
Choose the eigenvector é =10
0

Step 3: Write down the Jordan Form. The previous calculation shows that both
eigenvalues have geometric multiplicity 1. Since the sum of the geometric multiplicities
(141 =2) is equal to the number of Jordan blocks in J (since each eigenvector is the
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base of a Jordan chain) we know that there are two Jordan blocks in J. Since A = —3
has algebraic multiplicity 2, it must show up on the diagonal twice. Thus, we have a
(1 x 1)—Jordan block associated to A = 3 and a (2 x 2)—Jordan block associated to

A = —3. Choose
3 0 0
J=10 -3 1
0 0 -3

e Step 4: Build Jordan chains, if necessary. Since our matrix A is defective, we
need to complete {&,&} into a basis. This means building a Jordan chain off &,
because that one is associated to the eigenvalue with g, < m,.

Hence, we solve (A — (—3)1)if = &,

0 3 6 1 1
0 4 2 x| = |0
0 4 2 I3 0
Row-reducing, we get that
T 1 0
i) =s|0] + —1/9
T3 0 2/9
0
Thus, we choose our generalized eigenvector to be 7= [ —1/9
2/9
This gives us two Jordan chains, {51} and {é, 7}
3 0 0
e Step 5: Put your Jordan chains in the right order. Wechose /= [0 -3 1
0 0 -3

Going down the diagonal, we have a (1 x 1)—block and then a (2 x 2)—block. Thus,
to make the equation AS = SJ hold, from left to right, the columns of S must form a
Jordan chain of length 1 and then a Jordan chain of length 2. That is,

— —

A6 &7 ) = (08 36 (-3)i+d)

0 O
- (& &7 )fo-3 1

0 -3

O O W

With a few caveats, this process generalizes to all (2 X 2)— and (3 x 3)—matrices. Steps
1 and 2 are always the same for all matrices. As noted earlier, the Jordan Form is not
unique, so there are some choices involved in which Jordan Form you write down for Step 3.
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The Caveats

1. If A is diagonal, then we already found a basis in Step 2, so Step 4 is unneccessary,
since there are no generalized eigenvectors to be found.

2. If A is defective, then things can get a little tricky. We need the lengths of the
Jordan chains of each eigenvalue to sum up to the algebraic multiplicity
of that eigenvalue. Thus, we need only build Jordan chains for eigenvectors, 5’,
associated to eigenvalues, A\, with ¢, < m,.

Case 1. If A is a (2 x 2)—matrix, then this is easy. We already have one eigenvector, 5,
and we can always solve (A — \I)ij = ¢ for 7.

Case 2. If A is a (3 x 3)— matrix, then there are only a few possibilities. If A has two
distinct eigenvalues, then just as in the example above, it must be that they have
my =1, my =2, ¢ =1, and g = 1. We can always solve (A — \I)ij = 52 for
17 as we did, above.

Case 3. If A has one eigenvalue with m = 3 and ¢ = 1, then we can always build our
Jordan chain by solving

(A= ADE=0
(A= ADij=¢
(A= X7 =ij

for 177 and then v.

Case 4. If A has only one eigenvalue with m = 3 and ¢ = 2, however, then things get
tricky. There will only be one eigenvector off of which you can build a Jordan
chain. Further, it is possible to make poor choices of both fi and é SO
that it will not be possible to solve (A — AI)j = ¢ for 7. Consider the
following example:

100 1 3
A=10 1 1| and 51 = 11| and 52 = | 1|. It is not possible to solve either
001 0 0
000 1 0 00 3
00 1)17=1|1 or 00 1]l7=11
00 0 0 000 0
. 0
In this example, one must choose & = [ 1| or some scalar multiple of that
0

eigenvector in order to build a Jordan chain.
In general, if you have chosen poorly, you many need to choose 7 first. That is,

choose any vector outside span{gl, 52}, let this vector be 77 and then solve for
a new eigenvector by solving (A — A\)7j = & for &. This gives a Jordan chain
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of length 2. Choosing whichever vector, 51 or é, is not a scalar multiple of your
new 5) to be the Jordan chain of length 1 solve the problem. In this class, this
will be very, very rare. Usually, one of the obvious choices for 51 and
f; will work.

For Step 5, once the Jordan Form you want to use has been chosen, the order of the
Jordan chains in the change of basis matrix S is fixed. Going left to right, then must
correspond in both size and eigenvalue with the Jordan blocks on the diagonal of J,
otherwise the equation AS = SJ will not hold.

Reflection Questions

1.

In your own words, what information do you need in order to write down the Jordan
form of a (2 x 2) or (3 x 3) matrix?

In your own words, what steps do we take to get the information needed in order to
write down the the Jordan form of a (2 x 2) or (3 x 3) matrix?

Let A be a (2 x 2) or (3 x 3) matrix and J the Jordan form of A. In your own

words, what are the steps needed to write down a change of basis matrix, .S, such that
AS =85J7

If A is a matrix with two eigenvalues, A\, with my, = 3 and ¢\, = 3 and Ay, with
my, = 2 and ¢y, = 1. How big is A? How many Jordan blocks will the Jordan form of
A have? How many Jordan chains will S have? How many columns will S have?

A 00
If AS = SJ for matrices J = | 0 Ay 1 | and § = (51 & 17). If we choose
0 0 X
A 10
a different Jordan form, J = | 0 X, 0 |, what must the corresponding S be if
0 0 X\

AS = SJ?
If A is diagonalizable, will J be a diagonal matrix?

If {{, 7} is a Jordan chain associated to an eigenvalue, A, why must ¢ and 7 be linearly
independent?
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2 Introduction to Linear Systems of Ordinary Differ-
ential Equations

In this class we will only be dealing with 1% order linear ODEs. In 308, you spent a lot
of time studying 2"¢ order linear ODEs. While the techniques you learned are interesting,
there is no need to go beyond 1% order linear ODEs. Every linear ODE of finite order
can be reduced to a 1% order linear system of ODEs.

Example 2.1. Consider a general 2"¢ order linear ODE: 4" + b(t)y’ + c(t)y = d(t). By
allowing us to take advantage of the power of vectors and matrices, we can simply let the
first coordinate represent y and the second represent y’. This allows us to write the equation
Yy +b(t)y + c(t)y = d(t) as

(1) = () = (o =) () + (o)

which we may abbreviate as $4(t) = A(t)g(t) + g(t)

Recall that matrices and vectors are a book-keeping device to encode systems of equa-
tions. Thus, the above vector-valued differential equation can also be written as a system of
first order ODES:

n(t) = ya(t)
ya(t) = —c@ur(t) —b(t)ya(t) +d(t)

Note that the entries of A(t) show up as the coefficients in the system of equations. In
this class, we will only deal with matrices with constant coefficients. That is, we will only
study constant-coefficient linear systems of ODEs.

2.1 Theorems and Definitions

Question 2.1: What does a constant coefficient, 1% order linear system of ODEs look like??

Answer: In general, they look like

d

() = AF(1) + (t).

Where Z(t) and g(t) are vector-valued functions,( i.e., vectors whose entries are scalar-
valued functions ) and A is a square matrix with constant entries.
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Definition 2.1. A solution to a constant-coefficient 1% order linear system of
ODEs,

d

dt

on the interval (a,b) is a vector-valued function, ¢(t), such that for all ¢ in the interval

—

(a,b), ¢(t) satisfies the equation:

#(t) = AZ(t) + g(1),

d -

2 0(t) = Ad(t) + (1),

In this class, we will usually only deal with global solutions, that is, solutions for all
values of t € R.

Definition 2.2. A constant coefficient, 1% order linear system of ODEs is called homoge-
neous if §(t) = 0. It is called non-homogeneous if §(t) # 0.

Theorem 2.1. (Existence and Uniqueness) Let A be a constant coefficient (n X n)-matriz.
Let §(t) be a continuous vector-valued function. For every Iy € R" and every ty € R, there
exists a unique solution to the Initial Value Problem

CH1) = AT +glt)  T(to) = T

This theorem is very important. It tells us that we have solutions and the solutions are
unique. We will definitely use it later.
For now, let us restrict our attention to the homogeneous case.

Question 2.2: Now that we know we have solutions, what does the set of solutions to

%f = AZ look like? What kind of structure does it have?

Answer: To answer this question, it helps to re-write the equation %f = AT as the
following;:

d S
— —A)©(t) = 0.
(5 — A)(t)
That is, we view solutions as vector-valued functions which are in the kernel of the

operator (4 — A).
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Definition 2.3. An operator is a function of functions. That is, if is an object that takes
functions as inputs and gives functions as outputs.

In our case, it is clear that for any differentiable vector-valued function, ¢(t), we can form
a new function by the rule

d d
— —A)yt) = —=y(t) — Ay(t).
(5 = Aylt) = —4(t) — Ag(t)
This leaves only the question of whether or not the operator (% — A) is linear. Let’s check

from the definition!
Let #(t) and 7(t) be elements of the kernel of (4 — A), then

(5 — AE@) +eyt) = (F—AT) + (g — Ayt
04+ c0
0

The kernel of a linear map is always a a vector space. Thus, the set of

—

solutions to (4 — A)Z(t) = 0 forms a vector space. This means that we can think about
a solution to (£ — A)Z(t) = 0. as a vector in a vector space. That is, the set of solutions to
(4 — A)Z(t) = 0 which is a collection of vector-valued functions— is a vector space. This
is very useful, because in 308, we learned a lot about vector spaces.

Question 2.3: If solutions are vectors in a vector space, is there a notion of linear
independence for solutions/vector-valued functions?

Answer: Yes. In fact, we have exactly the same definitions. We simply treat the
vector-valued functions as different vectors at different times.

Definition 2.4. A collection of n—vector-valued functions, {Z(t), Z5(t), ..., Z;(t) }, is called
linearly dependent at time ¢ if there exists a non-trivial linear combination such that

1@y () + @y (t) + ... + ¢;F5(t) = 0.

If the only such linear combination is the trivial combination (all zeros), the the collection
is linearly independent at time ¢.

In practice, we will be mostly interested in when j = n if A is an (n X n)—matrix. In
that case, there is an easy test for linear independence.

28



Definition 2.5. For a collection of n—vector-valued functions, {Z1(t), Z2(t), ..., Z.(t)}, we
define their Wronskian as the following function:

WI[Z1, T, ..., Tp)(t) = det (T1(t) Ta(t) -+ Zu(t)).

That is, the Wronskian of a collection of vector-valued functions is the determinant of
the matrix whose columns are that collection of vector-valued functions. This makes the
Wronskian a function of ¢. Just as for constant-vectors, if the W[¥}, s, ..., #,](t) = 0 then
the columns are linearly dependent at time t. If W%, Zs, ..., Z,|(t) # 0, then the columns
are linearly independent at time ¢.

Now, at first, this should seem very unsatisfying. It looks like vector-valued func-
tions can be linearly independent at one time and linearly dependent at another
time. In general, this does happen. But, not if 7 (t), Z5(¢), ..., Z,(t) are all solutions

to (4 — A)Z(t) = 0 on an interval (a,b).

Theorem 2.2. (Abel’s Theorem) Let A be an (nxn)—matriz. Then, if {Z1(t), Z2(t), ..., Zn(t)}
are all solutions to (4 — A)Z(t) = 0, then either

W&y, T, ..., Zp](t) =0 for all times t

or

Wz, Zs, ..., Zn](t) # 0 for all times t

This means that solutions are either always linearly independent or always dependent.

Question 2.4: If the space of solutions is a vector space, how big is it? What is its
dimension?

Answer: If A is an (n x n)—matrix, then the set of solutions to (% — A)Z(t) =0
is an n—dimensional vector space.

Recall that one of the definitions of the dimension of a vector space is the number of
vectors in a basis for that vector space. This is, it is the maximum number of linearly
independent vectors that can be found in that vector space. To show that we have an
n—dimensional vector space, then, we must show that there exist n linearly inde-
pendent solutions, and that any collection of n+1 solutions is linearly dependent.

To see that there exist at least n solutions which are linearly independent, we turn to
our Existence and Uniqueness Theorem. Choose time ¢ = 0, for any vector, ¥y € R", the
Existence and Uniqueness Theorem says that there exists a unique solution to the Initial
Value Problem : q

(2= A =0 . F0) = .
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So, we can choose any n linearly independent vectors in R", say, 1, ¥s, ..., T, and the
Existence and Uniqueness Theorem gives us n solutions to (4 — A)Z(t) = 0. For ease, let us
call these solutions & (t), Zo(t), ..., T, (t). To see that these solutions are linearly independent,

we check their Wronskian. By Abel’s Theorem, we need only check at ¢t = 0. Thus, we have

that
WI[Z, %y, ..., T,)(0) = det (Z1(0) Z»(0) --- 7,(0))
= det (fl fQ e fn)
# 0
Hence, we can find at least n linearly independent solutions.

To see that any collection of n + 1 solutions must be linearly dependent, we also use
the Existence and Uniqueness Theorem. Let {Z(t), Z2(t), ..., @, (t), Zny1(t)} all be solutions
to the equation (4 — A)Z(t) = 0. If the first n of them are linearly dependent, then the
whole collection is linearly dependent, and we have nothing to show. So, assume that
{Z1(t), Z2(), ..., Zn(t)} are linearly independent. We need to show that Z,,1(¢) is a linear
combination of {#(t), Z5(t), ..., Tn(t) }.

Let t = 0. By Abel’'s Theorem, {Z(0),Z5(0),...,%,(0)} is still a linearly independent
collection of vectors in R™. Therefore, they must form a basis for R". Therefore there is a
linear combination such that

lel (0) + 0252(0) —I— + Cnfn(o) = fn-ﬁ-l (0)

Since the solutions #,,11(0) and ¢,71(0) + c2@2(0) + ... + ¢, @, (0) satisfy the same Initial
Value Problem, the Existence and Uniqueness Theorem implies that they must be the same
solution. Thus,

fn+1(t) = lel (t) + CQfQ(t) =+ ...+ Cnfn<t)

This means that {7 (t), Z2(t), ..., Zn(t), Zn11(f) } is linearly dependent. Therefore, the set

of solutions to (4 — A)Z(t) = 0 is an n—dimensional vector space.

Question 2.5: Now that we know that the space of solutions is an n—dimensional vector
space, how do we get a handle on it? How do we describe it?

Answer: All the information in a vector space is contained in its basis. Once
we have a basis, we know everything about that vector space. That means, once we
have a basis for the space of solutions to the equation (4 — A)Z(t) = 0, we know everything
about all solutions to (4 — A)Z(t) = 0. Because bases are so important, they get a special
name.

Definition 2.6. Let A be an (n x n)—matrix. A collection of vector-valued functions,

{#(t), Z5(t), ..., Zn(t)}, is called a fundamental set of solutions for the system (4 —

dt
A)Z(t) = 0 if and only if the following hold:

1. Each vector-valued function Z;(t) is a solution of (4 — A)Z(t) = 0.
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2. The collection, {Z(t), Zo(t), ..., T, (t)}, is linearly independent.

A fundamental set of solutions of (4 — A)Z(t) = 0 is a basis for the space of

solutions to (£ — A)Z(t) = 0.

Sometimes it is more convenient to put a fundamental set of solutions into a matrix. We
have a special name for that, too.

Definition 2.7. Any (n x n)—matrix-valued function ¥(¢) whose columns form a funda-

—

mental set of solutions for (4 — A)Z(t) = 0 is called a fundamental matrix of the equation
(7 — AF(t) =0.

This means that the columns of a fundamental matrix, W(t), are solutions and are linearly
independent. If we let {Z(t),Z5(t),...,Z,(t)} be a fundamental set of solutions for (4 —
A)Z(t) = 0 and write W(t) = (Z1(t) Z2(t) --- Zu(t)), then because the columns are

solutions, we have that

AU(t) = A(Zi(t) a(t) Zn(t))
(AR AB) - AT,
= (d%:z‘l(t) LB(t) - LE(1))
= Y1)
This means that any fundamental matrix to the equation (4 — A)Z(t) = 0is a

solution to the corresponding matrix equation (£ — A)Z(t) = 0,xn.

Because the columns of a fundamental matrix are linearly independent, for any funda-

mental matrix, ¥(t) , to the equation (£ — A)Z(t) = 0 we have that

det(U(t)) = det (1(t) Zo(t) -+ Tu(t))
— W[fl,fg,,fn](t)
# 0

Question 2.8: Why do we care?

Answer: Since the columns of a fundamental matrix form a basis for the set
of solutions, every solution can be uniquely written as a linear combination of
those basis vectors. Thus, if ¥(t) is a fundamental matrix for (4 — A)Z(t) = 0,

d

then every solution to (7 — A)Z(t) = 0 can be written uniquely as

U(t)e

for some vector ¢ € R".
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2.2 Matrix Exponentiation
Consider the scalar-valued ODE
Y = ay.
We know from 307 that the general solution to this ODE is

z(t) =e" - c.

Thus, we might hope that if we consider the vector-valued ODE

d .
ax(t) = A%

the general solution might be something like
et

If we could make sense of it. That is, we might hope that e4* was a fundamental matrix for

d = —

Lr = AT.

dt

Question 2.6: What could e possibly mean??

Answer: To answer this question, we must ask what the scalar-valued function e
means. From 126, we recall that e has a Taylor series or power series.

2 3 4
e = 1+at+a2t2—,+a3%+a4i—,+....
- e
- n=1 n!

This formal power series only involves taking powers of a, multiplying by scalars, %, and
summation. These are all things that we can do with matrices. So we arrive at the following
definition.

Definition 2.8. Let A be an (n x n)—matrix. We define the (n x n)—matrix-valued function
et as the following power series

2 3 4
At =1+ At + A2§ + A A

3! 4!

A

As with e, the radius of convergence is infinite. That is, the power series e* converges

to a matrix for all ¢ < oo.

Question 2.7: Is e*’ actually a fundamental matrix for (4 — A)% = 0?
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Answer: Let’s check! Recall that we need to check two things: are the columns of e
solutions to (4 — A)Z = 0 and are the columns linearly independent.

To check that the columns are solutions to (4 — A)7 = 0, it suffices to show that e’ is
a solution to the corresponding matrix-valued ODE

dedt — d( 4 At + AL +2A3t3,+/§44 )
— d] +dAt—|—dA2t2,+dAgg,+dA4t

_ 0, FAF AL AP A

= A((I, +At+A2t,+A3t +A4j+ )

= AeAt

Justifying the second line in the calculation above takes a bit of finesse, since we are
switching the limit involved in the derivative with the limit of the sums. This requires that
we check just how e?* converges, but we will sweep these details under the rug. Suffice it
to say that it works and thus, e?* is a solution to the corresponding matrix-valued
ODE Z' = AZ. This means that the columns of e are solutions to (4 — A)7 = 0.

Next, we need to check that the columns of e’ are linearly independent. Our test
for independence is to take the Wronskian of the columns. Recall that this is just the
determinant of the matrix. By Abel’s Theorem, we need only check at a single time, t. Let
that time be t = 0. Hence,

W(0) = det(et?)
= det(l, + A0+ A2 + A3% + A% + )

= det(1,)
=1
Thus, the columns of e are linearly independent solutions to (£ — A)Z = 0. eMis a
fundamental matrix for (4 — A)Z = 0.

At

It turns out, by the Existence and Uniqueness Theorem, that e** is the unique funda-

mental matrix which satisfies the matrix-valued Initial Value Problem

This is easily seen by applying our vector Existence and Uniqueness Theorem to the columns
of Z.

2.3 How to find e? explicitly

Finding e from the power series is almost always impossible. But, Jordan Form makes
it easy.

Change of Basis Let A be an (n x n)—matrix. Let J be the Jordan Form of A and S
be the change of basis matrix so that AS = S.J. Given a vector-valued ODE,
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%f = A7,

we want to change coordinates, i.e., change our basis, to the best coordinates, the ones
in which the linear transformation represented by A is simplest.

Doing the change of basis substitution, ¥ = Sy, we get the new system of ODEs S %y_’ =

ASY. Rearranging, and noticing that by definition, J = S7!AS, we have

d

—y(t) = Jy(t

() = Ji)
Now, we know that e/t is a fundamental matrix for %;J = Jy. So, changing our coordi-

nates back, I claim that Se’ is a fundamental matrix for £7(t) = AZ(t).

Proof: What does it mean to be a fundamental matrix for £#(t) = AZ(t)? It means
that the columns of the matrix-valued function Se’! form a linearly independent collection
of solutions to 2#(t) = JZ(t). To see that the columns are solutions, we check that Se’*
satisfies the matrix equation 7' = AZ.

%(Se‘”) = S%e‘”
= SJe’t
_ SJ(S18)e”
= ASe’t

To see that the columns are linearly independent, we check the Wronskian. As always,
by Abel’s Theorem, we only need check at one time, let that be ¢t = 0.

W(0) = det(Se’?)
= det(S1,)
= det(9)

# 0

where we know that det(S) # 0 because the columns of S form a basis.

In practice, as has already been discussed, it is usually sufficient to find a fundamental
matrix, ANY fundamental matrix. But, since this section is about finding e, let’s actually
find e4*. Recall that e?* is the unique matrix-valued function which satisfies the
matrix Initial Value Problem

26 = AZ(t) . Z(0) =1,
If we consider Se’*S™!, then, clearly Se’°S~! =1I,. And,

%(Sejts—l) — S%eJts—l
= SJelts!
SJ(S71S)elt st

= ASe’tS1,
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Thus, Se’/'S~! = e¢4*. This means we only need to find ¢’*. Because J has such
a simple form, this is actually relatively easy.

How to find e’: We derive e/t case-by-case and from the definition. Recall that by
definition

Jt ot 3753 "
:]n-i-Jt—f-J J3 J4|
. A0
1. If J is of the form J = , then
0 X
A 0Y A0
0 X N 0 M
<A1 0)3 B (A? 0)
0 X 0 X

M0\ /a0
0 X N 0 A}
Now, we just sum up the series. Adding component by component, we get

et = L+ Jt+ L 4 B g e

(T M N 0
0 1+ Aot + A3L +

eMt
- (0 e’\Qt)'

2. If J is of the form J = (8 A), then

—_

O > O >
S =
N

[N}
|
N
S
[\]
3>
N~

(
(
(

S >
> =
N

3
I
/\y
o 3
S
> 7S
L
~_
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Now, we just sum up the series. Adding component by component, we get

e’ = L+ Jt+ L+ PL 4 4

<1+At+A2§+... 0+ 1t +2X% +3A2;—‘°;+...)

0 1+ A+ AL+
e/\t te)\t
- (0 W)

A1 0
3. If Jisof theform J= [0 A 1], then
00 A
A1 o0\’ A2 2\ 1
00X 1] =10 A2 2x
00 A 0 0 A2
A1 0\° A3 302 3\
0 XN 1| = [0 X 3
00 A 0 0 A
A 1o0\" D
0 X 1 = 0 N nA* 1
00 A 0 0 An

Again, we sum up the series, adding component by component.

LA+ N 4 0+ 1+ 205 +3X25 + .. 0+0+15 +305 + ..

et = 0 L+ M+ N+ 0+ 1t + 205 + 3028 + .
0 0 L+ A+ N5+ .
M et 152_2!6)\15
= 0 e teM
0 0 et

4. The other cases are easily dealt with once we recall a fact about block diagonal matrices.
If A and B are submatrices of a block diagonal matrix, then,

A 0\* /42 o0
0 B) \0 B?
Applying this rule to the other possible Jordan Forms easily gives their formulae. For

instance, it shows that if a matrix, M, is block diagonal (all Jordan forms are block

diagonal), then if M = (A

0 B) for some submatrices, A, B,

M eAt 0
€ = 0 6Bt
However, this only works with Block diagonal matrices.
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Thus, to find e,

e Step 1: Find J, the Jordan Form of A, and S the change of basis matrix such that
AS =5J.

e Step 2:Use the formulas to write down e”’’.

e Step 3: et = Se’tS 1

1

Example 2.2: Let A = 0 ? . Give the matrix-valued function e’
B i 1 k that J = L1 dS= L0
y previous example, we know that J = ( | | and S={ | 1/2)"
t t
Thus, e’t = (e tet and
0 e

e = ((1) 1(/)2) (%t tj) ((1) g)

Reflection Questions
1. What is the series definition of e?*?

2. What type of object is e4*? Is it a matrix, vector, scalar-valued function, vector-valued
function, or matrix-valued function?

3. What properties does e have?

4. Given a (2 x 2) or (3 x 3) matrix, A, by what steps do we find e!?

A 000
5. fJ=10 X 1 | whatise/®?
0 0 X
A 0 0 O
10 X 0 O . Jto
6. If J = 0 0 N\ 1 what is e’*7
0 0 0 X
A 00
7. J=(0 X 1 | whatis £e’*?
0 0 X\
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2.4 Solving %f = Ax

The whole point of our approach to this problem has been that every solution to

%f = AZ can be written as a linear combination of the columns of a fundamental
matrix. If J is the Jordan Form of A and S is the change of basis matrix such
that AS = SJ, then Se’t is a fundamental matrix for the system %f = AZ. Thus,

every solution of %f = AZ can be written as
#(t) = Se’'c

for some vector ¢ ¢ R".

Definition 2.9. The general solution to a system of equations is an expression involving
parameters, ¢y, Ca, ..., C,, such that two things hold:

1. For every choice of parameters, ¢y, cs, ..., ¢,, the expression is a solution to the given
system of equations.

2. Every solution to the given system of equations can be written as some particular
choice of parameters in the expression.

Not every system of equations has a general solution. In fact, general 1% order linear
system of equations, £#(t) = A(t)Z(t) may not have a general solution. However, if we
restrict to the constant coefficient case, then %f = AZ does have a general solution, and the

general solution is
#(t) = Se’'c.

3 —18
2 -9
Since the general solution is Se’!¢, we need to find S, J and then e”t.

. Give the general solution to (4 — A)Z = 0.

Example 2.3. Let A = ( di

1. First, we find J and S. Checking the characteristic equation, we find that
det(A—N) = (A +3)* = 0.

Hence, we have an eigenvalue, A\ = —3, with algebraic multiplicity m = 2. To find

eigenvectors, we solve
L (6 =18\ [z =
(A—(=3)N)Z = (2 —6) (@) =0

3). To build our Jordan chain,

to get a single linearly independent eigenvector, £ = (1

we then solve
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o= ) ()-()

to get the generalized eigenvector 7 = (1[/)2) .

(-3 1 (3 1)2
Thus,J—(O _3>and5—(1 0>.

Jt
g e—3t t6—3t
e = 0 e—3t

3. Finally, we can write down the general solution.

gie (3 1)2\ (e te (¢
Setc= (1 0 0 e Co

Sometimes it is helpful to actually do the matrix multiplication. In that case the
general solution becomes

Se’te = ¢, (i’) e 3+ cz((il))) te 3 + (1(/)2) e )

1 2). Give the general solution to (i —A)T = 0.

2. Now, we write down e

~3 0 dt
1. Flrst, find J and S. Checking the Characteristic equation, we find that
det(A— X)) =X - X+6=0.

Example 2.4. Let A = (

Using the quadratic equation, we see that A = 1/2 4+i+/23/2. To find eigenvectors, we
first solve

(A—(1/24iV23/2)N)Z = (1/2 __i;)/%m 1y —2z\/%/2) (Z) ~0

~1/6 —i\/2—3/6)
| .

to get the eigenvector, & = (

Next, we pick the other eigenvalue and solve

—1/6+z'\/ﬁ/6>
. .

to get the eigenvector, & = (

1/2 4 i7/23/2 0 ) and S — (—1/6—z\/%/6 ~1/6 +1z‘\/%/6) '

Thus, J = ( 0 1/2 — iv/23/2 1
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2. Now, we need to write down e”*

s e(1/2+iV23/2)t 0
e = 0 6(1/27i\/ﬁ/2)t

3. Finally, we can write down the general solution.

SeJt5:< 1/6—2\/_/6 —1/6+2\/_/6>< (1/2+iv/Z3/2)t 0 >(Cl)

0 6(1/2—z\/ﬁ/2)t Co

Again, it can be helpful to do the matrix multiplication. In that case the general
solution becomes

Gelta ( 1/6—2\/_/6) (1/2+iVE3/2)t ( 1/6+2\/_/6> (1/2-iv/23/2)t

Question 2.9: What if we want real-valued solutions?

Answer: There is nothing wrong with complex-valued solutions! But, if you insist on
having real-valued solutions, that isn’t too hard. Let’s review a few facts about complex
numbers.

First, recall that a complex number, z € C, can be written as z = a + b for two real
numbers a,b. The number a is called the real part of z, and the number b is called the
imaginary part of z. If Z(¢) is a complex, vector-valued solution, for each time, ¢, Z(t)
is a vector with complex entries. Since we can split each complex number into real and
imaginary parts, we can split complex vectors into real and imaginary parts. This lets us we
can split Z(t) into real and imaginary parts. That is, we can write

Z(t) = u(t) + i0(t)

where (t), U(t) are real, vector-valued functions.
Next we observe three simple facts about complex numbers: If a,b € R

e The product of two real numbers is real. ab € R.
e The product of a real number and an imaginary number is imaginary. a(ib) = i(ab).

e Two complex numbers are equal if and only if their real parts and their imaginary
parts are equal. a +1ib = c+id iff a + c and b = d.
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Thus, because A only has real values, if Z(t) = @(t) + i0(t) is a solution to 4¥ = AT,
then

(1) + ivl1) = AG() + i9())
and therefore, p p
Eqj(t) + zaﬁ(t) = Au(t) + i Av(t).

%lz(t) = Au(t)
S0(t) = Av(t)

So, if we have a complex-valued solution, Z(t) = u(t)+iv(t), and A is real-valued,
then the real and complex parts, u(t) and v(t), are real-valued solutions.

In the example above, that means that we need to take one of the solutions and slit it
into real and imaginary parts. We do that using Euler’s Formula.

(—1/6 +i\/ﬁ/6) o(1/2-1V23/2)t  _ <(—1/6> n (@/6)>6(1/2_¢\/%/2)t
1 1 0

— ((_11/6> n <\/?/6))e§t)(cos(‘§gt) 1 isin(=4B4t))
_ ((_1/6> ebteos(=By) — (V2/6) chtgin(=vBp)

= Gi(t) + iwit)

Question 2.10: Are (t) and ¢(¢) linearly independent?

Answer: Let’s check! As always, Abel’s theorem allows us to choose a single time, ¢, to
check at. Let’s choose t = 0.

1 vz
Wlu,0)(0) = det <§ 8)
= det(S)
# 0

Thus, they are always linearly independent.

—4

0
Example 2.5. Let A = 0 2. Give the general solution to (4 — A)Z = 0.
2 5

S = Ot
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1. Again, we find J and S. Checking the characteristic equation, we find that
det(A —N) = (A —5)%(=)\) = 0.

Thus, our eigenvalues are A =5 and A = 0. To find eigenvectors, we first solve

0 —4 0 T
(A-BGNF=[1 -5 2 29l =0
0 2 0 T3
2
to get the eigenvector, & = | 0
-1
Next, we pick the other eigenvalue and solve
5 —4 0 T
A-ONzZ=([1 0 2 x2 ] =0
0 2 ) T3
-2
to get the eigenvector, & = | —5/2
1
2
Now, we build our Jordan chain off of &, = | 0 |. We solve
-1
0 —4 0 x, 2
0 2 0 I3 —1
5/2
to get the generalized eigenvector, 7= | 1/2
0
510 -2 5/2 =2
Thus, J=({0 5 0)Jand S=| 0 1/2 —5/2
000 1 0 1
2. Now, we need to write down e”!
€5t t65t 0
€Jt — 0 e5t 0
0 0 1

3. Finally, we can write down the general solution.

-2 5/2 =2 e’ te® 0\ [a
Selte=1[0 1/2 —5/2 0 e 0| |c
1 0 1 0 0 1/ \e
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Again, it can be helpful to do the matrix multiplication. In that case the general

solution becomes

9 2 5/2 —2
Ft)=c | 0 | e +e(| 0 |t +|1/2] ) +c3 | —5/2
1 1 0 1
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2.5 How do solutions behave?

Now that we know how to find a basis for solutions to equations of the form (% — A7 =0,

we might ask, how do they behave? What happens to these solutions as time goes on? We
restrict ourselves to considering the 2—dimensional case.

If Ais a (2 x 2)—matrix, then there are only two possibilities. FEither A is
diagonalizable, in which case the general solution looks like

T(t) = 1&eM 4 cr6re
or, A is defective, in which case the general solution looks like
T(t) = 1€ + co(Ete™ + e,

In either case, every solution is a linear combination of functions that look like geM or
£teM for some choice of A and €.

Question 2.11: What kind of objects ARE e and £teM?

Answer: These are vector-valued functions. Recall that this means that for every time
t, éeM is a vector in R2. As t changes, e gives different vectors in R2. Thus, the
function ¢e* describes a path in R? parametrized by t.

Definition 2.10. An integral curve of a system of ODEs, (4 — A)Z(t) = 0, is a curve

which traces the path of a solution. That is, for all the vectors, &, ¢, on the integral curve,
there is a solution to (% — A)Z(t) = 0 which goes through both Z and .

This definition captures the notion that solutions describe paths in R2,
Question 2.12: How do £e* and te™ behave as time goes on?

Answer: Obviously this depends upon 5 and A. But let’s concentrate on what solutions
do as t — oco. This is a simple limit calculation.

limyyool€e™| = [€]limy_oo|e™]
0 if Re(\) <0
= qoo if Re(A) >0
€] if Re(A) =0
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Similarly,

limyyoo|€teM| = [€|limy_yo0|te™|
0 if Re(A\) <0
= qoo if Re(A) >0
oo if Re(A) =0

As you can see, this means there are three types of solutions: solutions which eventually
“blow up” by going off to infinity, solutions which asymptotically approach the origin, and
solutions which neither blow up nor asymptotically approach the origin. These completely
determine the behavior of solutions.

Definition 2.11. A solution to (% — A)Z = 0 is called an equilibrium solution or a
critical point of (4 — A)Z = 0 if LE(t) = 0. That is, an equilibrium solution is one which

1s constant.

Observe that for homogeneous 1% order linear systems of ODEs, the zero vector, Z(t) = 0,
is always an equilibrium solution.

Classifying Critical Points To classify critical points, we care about how solutions
near a critical point behave. From the discussion above, we can see that solutions only
behave one of three ways, we classify along those lines.

Definition 2.12. A critical point of (4 —A)Z = 0 is called unstable if ANY solution nearby
diverges to infinity.

Definition 2.13. A critical point of (% —A)T = 0 is called asymptotically stable if ALL
solution nearby asymptotically approach that critical point.

Definition 2.14. A critical point of (£ — A)Z = 0 is called stable if ALL solutions nearby
neither diverge to infinity nor asymptotically approach that critical point.

It is clear from the previous page that 0 is an unstable critical point if any of the
eigenvalues of A have positive real part. Similarly, 0 is an asymptotically stable
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critical point if al of the eigenvalues of A have negative real part. And, finally, 0
is a stable critical point only if all of the eigenvalues of A are non-zero, but have
real part equal to zero.

Note that this does not completely classify all critical points. If A = 0 is an eigenvalue,
then all eigenvectors, E, associated to A = 0, will be critical points of (% —A)Z = 0. But, if A
has another non-zero eigenvalue with negative real part, then these points will not necessarily
be asymptotically stable, stable, or unstable.

Question: How do we draw integral curves?

Answer: We draw integral curves to (£ — A)Z(t) = 0 by first writing down the general
solution to (4 — A)Z(t) = 0. There are only 2 possibilities for a (2 x 2)—matrix.
Either A is diagonalizable, in which case the general solution looks like

Z(t) = &Mt + e
or, A is defective, in which case the general solution looks like
T(t) = 1€ + co(Ete™ + e,

By the Existence and Uniqueness theorem, for every vector Z; € R2, there exists a
solution to (4 — A)Z(t) = 0 which satisfies the initial condition, #(0) = #,. Plugging in the
initial conditions, we see that the constants ¢y, co simply determine the linear combinations
of é,é or g,ﬁwhich sum up to .

From this point, since we now have an explicit formula for Z(¢), we need only take the
limit,

limy 0o @ (t)

and observe the relative speeds with which e and teM grow or decay.

Reflection Questions
1. How might we find critical points of (4 — A)Z(t) = 07

2. What is an integral curve? Is it possible for different solutions to lie on the same
integral curve?

3. What is the general process for drawing integral curves of (4 — A)Z(t) = 07

4. Suppose A has two eigenvalues, A = 0 and A\ = 24. How many critical points will A
have? Will they be asymptotically stable, stable, or unstable?

5. Suppose A is a (2 x 2)—matrix which has one eigenvalue, A = —3. How many critical
points will A have? Will they be asymptotically stable, stable, or unstable?
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6. If A > Xy, which function grows faster as t — oo, e*? or e*?!?

7. If A\{ > Xy, which function shrinks faster as t — —oo, e*? or e*?*?

A At9

8. Which function grows faster as t — oo, e or te

A At9

9. Which function shrinks faster as t — —oo, e or te
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2.6 Non-homogeneous Equations

Now that we know a lot about 1%¢ order linear systems of homogeneous ODEs, we consider
a closely related class of systems, 1% order linear systems of non-homogeneous ODEs. In
general, these systems are written as

%f(t) — AZ(t) + §(0).

Where Z(t) and ¢(t) are vector-valued functions, i.e., vectors whose entries are functions,
and A is a square matrix with constant entries.

Question 2.13: What does the set of solutions to £Z(t) = AZ(t) + g(t) look like? What
kind of structure does it have?

Answer: Just as before, we re-write the equation %f = AZ + g as the following;:

d
— —A)Z(t) = g(t).
(5 — A7) = §(t)
Except that now, because our equations are non-homogeneous, solutions are no longer in

the kernel of the operator (% — A). This changes everything.

Solutions to non-homogeneous equations do not form a vector space. To see
this, let Z(t) and §(t) be solutions to (£ — A)Z(t) = §(t).

Sl
Q| Q
—~

However, the difference between any two solutions to a non-homogeneous linear
system of ODEs is a solution to the corresponding homogeneous equation. That
is, if we again let Z(t) and 7(¢) be solutions to (4 — A)Z(t) = §(t).

(5 —AE) -g1t) = (F AT - (F - AJ)
g(t) — g(t)
= 0.
Since we know that every solution to the corresponding homogeneous linear systems of
ODEs can be written as Se’!¢, we can write every solution to the non-homogeneous equation

as Z(t) + Se’'c. Therefore, the general solution to (4 — A)Z(t) = §(t) is

o~ <+

T, (t) + Se’'c
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where T, is any solution to (4 — A)Z(t) = §(t), and J is the Jordan form of A and S is the
change of basis matrix such that AS = S.J. Thus, the set of solutions to (£ — A)Z(t) = g(t)
forms an affine linear subspace.

Definition 2.15. A set is called an affine linear subspace if it is the translate of a linear
subspace. This means it takes the form ¢+ V where V is a linear subspace and o # 0.

Example: For any b # 0, the set {(z,y) € R?|y = mx + b} is an affine linear subspace
of R

This means that to find the general solution to (% — A)Z(t) = g(t), we need only

find a single solution to (4 — A)Z(t) = §(t) and then add on the general solution

to the corresponding homogeneous equation.
Question 2.14: How do we find a solution to (4 — A)Z(t) = §(t), then?

Answer: There are many ways to find a solution to (4 — A)Z(t) = g(t). We will focus
on two methods: Variation of Parameters and Change of Basis.

Variation of Parameters
Recall the method of Integrating Factors. For a 1%* Order linear non-homogeneous ODE,

2'(t) = a(t)x(t) + b(t)

we rearranged the equation like so

() — a(t)x(t) = b(t)

and then searched for a function, u(t), such that u(t)z’'(t) — a(t)p(t)x(t) = (u(t)x(t)).
Expanding this equation, we got

p(t)a'(t) — a(t)p(t)(t) = p(t)z'(t) + p' ()2 (t)
)

which meant that ;/(t) = —a(t)u(t). Integrating, we saw that p(t) = e~/ @®dt
Thus, we could solve 2'(t) = a(t)x(t) + b(t) as follows,

(t) = b(t)

)" = p(t)b(t)

t) = f t) (tdt+0

) = p() [ pb)dt + Cp(t)™
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Here is another way to look at the method of Integrating Factors. We know
that the general solution to the homogeneous equation z'(t) = a(t)x(t) is given by

x(t) = elo a()ds e

So what if the solution to the corresponding non-homogeneous equation z'(t) = a(t)x(t)+
b(t) is given by
z(t) = elo a&dse(4),

for some function ¢(t)? Plugging in, we solve for ¢(¢). That is, assume elo as)dsc(t) is a
solution to z'(t) = a(t)z(t) + b(t). Then

a(t)elo Adsc(t) 4 eloa®dsc (1) = a(t)elo (L) + b(t)
elo as)dsc/ (1) = b(t)
d(t) = e Joal®dsp()
c(t) = [e Jadrp(s)ds +C
(

efot a(s)dsc<t) — efot a(s)ds(/ eifa(T)dTb(S)dS + C)

Note that this is the same as we had derived previously.

If you recall, you did the same thing in 307 with 2"¢ order linear ODEs. That is, if
we have ah homogeneous equation y” + b(t)y’ + ¢(t)y = 0 with general solution z(t) =
c1y1(t) + caya2(t), then we found a solution to the corresponding non-homogeneous equation,
y" +b(t)y + c(t)y = d(t) by assuming that the solution was of the form

z(t) = yi(t)er(t) + ya(t)cal(t).

Again, actually solving for ¢;(t), c2(t) is done by plugging into the equation. But we will
not calculate them here. Instead, we give a more general solution.

If we have the homogeneous linear system of ODEs (% —A)x = 0, we know that for any
fundamental matrix ®(t), the general solution can be written as

So, maybe a solution to the corresponding non-homogeneous system (£ — A)Z = g(t) is

of the form
Z(t) = ®(t)c(t).

We find the vector-valued function ¢(t) by assuming that ®(¢)c(t) is a solution and plug-
ging it it.
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(& —Aot)ct) = gt)
AD(t)(t) + (t) La(t) — AD(t)at) = §(t)
o(1)gllt) = glt)

(1) (1)~ g(t)

d

Hence, we have a solution to (J

t
d(t)e(t) = <I>(t)/ d1(s)g(s)ds + ®(t)é.
0
On closer inspection, this is clearly the general solution, since it is written as a
particular solution plus the general solution to the corresponding homogeneous
equation.
Observe that while this holds for ANY fundamental matrix, ®(¢), we can write is very

suggestively for the fundamental matrix, et.

t
eAt/ e g (s)ds + e

0
This method of getting the general solution to (% — A)Z = ¢(t) is very convenient for

analysis, but rather cumbersome for calculation. For calculating explicit solutions, it is often
easier to use a Change of Basis.

Change of Basis

Just as we have throughout this course, we wish to change coordinates to find the simplest
representation of (4 — A)Z(t) = (t). As we have seen, this means finding the Jordan Form
of A.

So, if J is the Jordan form of A and S the change of basis matrix such that AS = SJ,
we change variables by letting © = Sy. Thus, we have the new equation:

4g(t) = ASHL) + g0
d5) = Jgt) +5-g(0)
1) = Jht)+ k()

My (t) + ha(t)
Aaya(t) + ho(t)
Asys(t) + ha(t)

AnYn(t) + hn(t)
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We recall from 307, that we can solve 1% order linear ODEs using the method of
Integrating Factors (which is reviewed above in the Variation of Parameters section).

Thus, the solution to £g(t) = Jy(t) + h(t) is a vector-valued function, g(t) which has
entries

¢
yi(t) = e’\"t/ e M hy(s)ds + c;eMt.
0

E)ur ;o}ution to %f(t) = Ay(t) + ¢(t), then, is given by changing coordinates back by
7 =9y

Case 2. If J is not diagonal, then the system of equations may look something like this

G = () +u() ha(t)
() = Aya() hat)
ys(t) = As3ys(t) +hs(t)
vot) = M) +h(t)

Notice that while some equations may involve more that one component function y;(t),
the last row will always only involve vy, (). Thus, we can solve the last row using
Integrating Factors, get a solution and substitute that concrete solution up into the
next equation. In this way we can successively solve all of the equations from the
bottom to the top using Integrating Factors.

5 —4 0 0
Example 2.6 . Let A= |1 0 2|.Letg(t)=1 0 |. Give the general solution to
0 2 5 et
(4 — A)a(r) = g1
510
We first change bases. By previous calculation, we know that J = |0 5 0] and
000
2 5/2 =2
S=10 1/2 —=5/2
1 0 1
21—t
Calculating S™'§(t), we get that h(t) = [ 522"
;4€_t
17

yi(t) = Syi(t) +yalt) +he
yo(t) = 51»(t) +_1—}0€7t
ys(t) = Oys(t) +77e™?

We solve from the bottom to the top. In this case, we can simply integrate the equation,
y5(t) = Tre, to get that
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4

ys(t) = 17¢ Tty

To solve for yo(t) we use Integrating Factors. By multiplying by the integrating factor,
e~ 5t have that

a(1) = Bya(t) + e

(675ty2(t))/ — —2067615

(675ty2(t)) — f —20 —6sd$ + o
— 106_&.

Thus, isolating for ys(t), we find

10
ya(t) = ae_t + cpe™

Now, we substitute this into the top equation, getting that

10 21
yi(t) = 5ys(6) + =y + e + Tz

Using the same method of Integrating Factors, we derive the formula for y; (¢).

yi (1) = Syi(t) + gie " + e + e
() = Doyl
(ey(t)) = f%e‘65 —|—02ds—|—01

_ 13 -6t
= 3066 + CQt +

Again, isolating for y;(t) gives the formula

(t) = 73 b eote® +
Y1 306 Cole cle

Changing bases back by ¥ = Sy, we arrive as a particular solution,

2 5/2 -2 Bet + e + cote™
= _ 0— Q7 Jt >
Zt)y=[(0 1/2 —5/2 e+ cpe™ = Sy + Se’'c.
1 0 1 Fe 4oy

Note that because we have kept the constants, c1, C9, C3, this is also the general solution
to the non-homogeneous equation. However, we could have let all those constants be 0. This
would have simplified our calculations and we still would have gotten a particular solution
to %a‘c’(t) = A7+ g(t). To get the general solution, we simply add the general solution to the
corresponding homogeneous equation to our particular solution.

Reflection Questions
1. What are the steps to the method of Integrating Factors that you learned in 3077

2. What are the steps to the method of integrating factors in the ” Variation of Parame-
ters” section, above?

53



. In your own words, what are the steps for solving (4 — A)Z(t) = §(t) by change of
variables?

. Could this process be simplified if A were an upper triangular matrix? A lower trian-
gular matrix?

. Do solutions to (4 — A)Z(t) = g(t) form a vector space?

. What does the general solution to (£ — A)Z(t) = g(t) look like? Can you prove this

from the definition of a general solution?
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3 Fourier Series

3.1 Basis coefficients and Orthogonality

Let’s begin by reviewing some of the structures of R". As we learned in 308, R™ has the
structure of a vector space. That is,

1. For any ¥,y € R and ¢ € R, T+ ¢ € R* (Closure under addition and scalar
multiplication)

2. There exists a vector 0 such that £+ 0 = 7 for all # € R™.
3. For all Z, there exists a vector, —Z such that Z 4+ —& = 0.
4. The following algebraic rules hold for all Z,y, 2 € R™ and scalars a,b € R:

e a(f+7y)=a
o a(b¥) = (ab)¥

e (a+b)i=a

For our purposes, one of the most important properties as a vector space is that
R™ has bases. For any basis, B = {b, s, ...,b,}, we can write any vector, ¥ € R",
as a unique linear combination

T = Clgl + 0252 + Cngn

But, R™ has additional structure, not related to begin a vector space (that is, that don’t
have to do with scaling and adding vectors together). R™ also has an inner product, also
known as the dot product.

Definition 3.1. Given a vector space, V', an inner product on V is a function, (-, )y :
V x V — R obeying the following rules,

1. (Symmetry) For all Z,5 € V,

2. (Bi-Linearity) For all Z,7,Z € V and scalar ¢ € R,

(Z,§+ cZ)yv = (T, h)v + (T, Z)y

and
(T+cy, D)y = (2, 2)v + (], Z)v
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3. (Positive-definite) For all # € V,

and 0 = (Z, #)y if and only if # = 0.

Recall that an inner product lets us talk about angles.

Definition 3.2. Two vectors, &,y € R" are called orthogonal in R" if

<.’f, y_’>Rn - O

Recall, we can define the norm or magnitude of a vector in terms of the inner product,
by (¥, Z)g» = |Z]%. In R" this is just the Pythagorean Theorem.

Definition 3.3. Suppose that B = {51, 52, eees I;n} is an orthogonal basis for R". Because it
is a basis, we know that for every & € R", there exists a unique expression in the basis, B.
But, how do we find the coefficients, ¢, ¢, ..., ¢, such that & = ¢1, by + caby + ... + ¢,0,7

Answer: We use the inner product. We know that there exist some constants such that
T = C1, 51 + 6252 + ...+ Cngn

So, we can use the inner product and the fact that B is a collection of mutually orthogonal
vectors to get

<f, 61>Rn = <Clgl + ngg + ...+ Cnl_);“ 51>Rn
(z, 91>R" = C1<91, (11>R" + co (b2, b1)rn + ... + € (b, b1)rn
@» bl)Rn = C1<51, b1>R"

Thus we have that

S

C1 = —<_xj', _,>Rn .

(b1, b1 )

[y

and, in general,
<fl?, bz>R”

(Bis bi)rn
So, we now know that for any ¥ € R™ and any orthogonal basis B,

)

g Shmp @by T b g
<b17 b1>R” <b27 bQ>R" <bn7 bn>R”

It is this structure which we wish to generalize to infinite dimensional vector
spaces.
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3.2 Infinite-dimensional vector spaces

In this class, we will be interested in a very specific family of infinite-dimensional vector
spaces.

Definition 3.4. For any interval, [a,b] € R™ with a < b, we define the infinite-dimensional
vector space L%([a,b],R) as follows:

(0B, R) = {f: [a,b| 5> R | /|f]2d:c<oo}.

Note that vectors in this vector space are functions defined on the interval [a, b]. Because
of this, we will often refer to L?([a,b], R) as a function space, as well.

Whether a function is in L?([a,b],R) or not only depends upon what a function does on
the interval [a,b]. For example, consider the function f(z) = 1/x. Tt is easy to check that

f € L*([1,2],R), since
2
1
LT

/ —dx——|0—oo.

Question 3.2: Is L*([a, ], R) really a vector space?

but f & L*([0,2],R) since

Answer: Yes. To see this, we need only check the definition of a vector space. We shall
leave the details to the reader, but it is easy to see that the sum of two functions is still a
function. Similarly with scalar multiplication. The zero vector is the zero function. And the
additive inverse of a vector, f, is simply —f.

Question 3.3: Do infinite-dimensional vector spaces have bases? What do they look
like?

Answer: Yes. All vector spaces have bases. However, for infinite-dimensional vector
spaces, sometimes these bases are essentially useless. This stems from our definition of a
basis. Recall that a basis, B, is a linearly independent collection of vectors such
that every vector can be expressed (uniquely) as a finite linear combination of
the vectors in B. So, consider the following example.
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Example 3.1. Consider (*(R) = {(z1,22,...) : D50, ¥; < 00} the space of infinite stings
of real numbers which are square summable. It is left as an exercise to check that this is, in
fact, a vector space.

Based upon our intuitions of finite-dimensional vector spaces like R", we might guess
that if we let

oL o
1
—~
S =

g, = (0,0,...,0,1,0,..)

then, the collection B = {€}, é,, €3, ...} might be a basis. But it isn’t. The only vectors which
are finite linear combinations of B are ones which have only finitely many non-zero entries.

But the vector
111

; 57 ga 17
Since Z has infinitely many non-zero entries, it is not a finite linear combination of B.
There is a basis for £}(R), but it is essentially useless. Instead, we will use a different idea.

7=(1

) € 1(R).

Definition 3.5. For a vector space, V', a countable basis is a collection of linearly inde-
pendent vectors, B such that every vector, ¥ € V| can be arbitrarily well-approximated by
finite linear combinations of B. More precisely, a countable basis is a collection of linearly
independent vectors, B = {51, 52, 53, ...} such that for every vector v € V' and every € > 0,
there exists a finite linear combination of vectors in B such that

N
|17— Zczbzl < €.
=1

Note that in finite-dimensional vector spaces like R", a basis and a countable basis are
the same thing. However, in infinite-dimensional vector spaces, they are very different. Let’s
us return to our example.

Example 3.2. If we let

& = (1,0,0,0,....)
& = (0,1,0,0,....)
& = (0,0,1,0....)

then, the collection B = {€},é,¢3,...} is a countable basis for the vector space ¢}(R) =

{(z1,29,...) : D oo 1 < 00}
To see this, we remark that for any @ € £*(R) and any € > 0 we can find an integer such
that if we write ¥ = (v1, vg, ....), then

o0

Z’UZ‘ < €.

=N
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Thus, | 2N v:é; — 7] <.

In this class, we will use countable bases to get a hold of infinite-dimensional vector
spaces.

Question 3.4: What is a countable basis for L*([a,b],R)?

Answer: As with all bases, there are infinitely many. However, in this class, we will
only deal with one, special countable basis. The collection of functions,

2T ~ . 2m .
")k U {sin(n =0k,

is a countable basis for the function space L*([a,b],R). We can think of it as a sort of
standard basis for L?([a, ], R).

This means that every function in L?([a,b],R) can be arbitrarily well-approximated by
finite linear combinations of sine and cosine functions. And, in some sense, for every
f € L*(]a,b],R) there exists an infinite linear combination such that

= % + ; ancos(n

{cos(nb

z)

2m , 2
.= ax) + bnsm(nb —

Definition 3.6. The basis expression of a function, f € L?([a,b],R) in terms of the basis
{cos(nZ= )} U {sin(n=x)}22, is called the Fourier Series of f on the interval [a,b].
We will write it as

Flay (f) —I— Z ancos(n

2
)+ bnsin(nb T )

—a

Question 3.5: Can we define an inner product on L?([a, b], R)?

Answer: Yes. Having an inner product is a special structure that cannot always be put
on infinite-dimensional spaces, but the spaces L?*([a,b],R) do have an inner product.

Definition 3.7. We define the inner product on L*([a,b],R) as follows. For any two
functions (vectors), f, g € L*([a,b],R),

b
U@mwmz/f@WMx
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Recall that with an inner product, we can define the norm or magnitude of a vector.
Thus, for a function (vector), f, in L*([a,b],R), we define it’s norm by

b
1 letene = s P igess) = ( / FPda)

Thus, the condition in the definition of L?([a,b],R) about f; |fI?dz < oo is really a
condition that the norm of vectors be finite. That is, we only want to consider vectors for
which HfHL2([a,bLR) < 0

Question 3.6: Is the basis {cos(nZ=x)}22, U {sin(n=z)}52, an orthogonal basis in
L?([a,b], R)?

Answer: Yes. This is left as a homework exercise.

Question 3.7: Given a function, f : [a,b] — R, in L?([a,b],R) how do we find the basis
coeflicients, {a, }72o U {by}o2, of Flap(f)?

Answer: As always, given an orthogonal basis, we find the basis coefficients by taking
the inner product with the basis element in question.

Flan)(f)(x) = L+, ancos(n—x) +b sm(nb—az)
(Flap (f)(x), cos(n b— T))12(ap)R) = <a° + > 1ancos( x) + bysin(n b2” ), cos(nb27r
(Flam () (@), cos(niZa)) aimy = S (L cos(ng?; )>L2<[ab} )
+ Yo an<cos(nb2—”x) cos(nl?—“ax))Lz([a’b],R)
+ 2oy ba(sin(ngx), cos(ngea)) L2((ap) &)
(Flap (f)(2), cos(nb’r T))r2(apR) = an<cos(nb2_—“aa:),cos(nb_a:c)>L 2([a,b]R)

Thus,
_ Flan(f)(@), cos(ngZex)) 12(a )
(cos(nZ=x), cos(NZZ=1)) 12(ap.R)

Recalling that f = Fi,5)(f) in the vector space L*([a, b], R) and the definition of the inner
product, we have the equivalent definition,

ff x)cos(nE=x)dx
f lcos(n |2dx

n

Similarly, we have the formulae for the b,

_ Fan()(@), sIN(NZ=r)) 12 b)R)

(sin(niw), sin(ng? ) 12(ja,b),2)
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or

f f(x)sin n—:n)d:r
f |sin(n-==x)?dx

Question 3.8: The denominators, f |sin(nZ=x)|*dx andf |cos(nZ=x)|*dz, seem com-
plicated and ugly. What are these?

Answer: Fortunately, for n # 0,

/|sm |da:—/ |cos(n )|da:—b_a.

2
When n = 0, fa lde =b— a.
Thus, our formulae for the basis coefficients of F, 4 (f) become, for all a,, and b,

a, = bfa/abf(x)cos(n
bn:bia/abf(x)sin(n 2_7T

These are called the Fourier-Euler equations.

2
u x)dx
—a

d
ax) x

Example 3.3. Let f:[0,27] — R be defined piecewise by

f(2) = {1 z € [0,

0 z € (m2n]

Find Fjo2x(f) (), explicitly.
First, is f € L*([0, 2], R)? We check from the definition:

2m 2m
/ |f|2d:1:’</ ldz <27 < oc.
0 0

So, f € L*([0,27],R). Thus, we know that {cos(nz)}>2, U {sin(nz)}>2, is an orthogonal,
countable basis for L*(]0, 2], R). So, we can find a bas&s expression for f

Flo2q (f)(@) = % + Z ancos(nx) + bysin(nx)
n=1

where the coefficients are given by the Fourier-Euler formulae

_ % /0 " H@)cos(nz)da
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_ % /0 " H ) sin(na)ds

Thus, we need only calculate the coefficients. We begin with a,,.

a, = lfo Jcos(nz)dx
fo x)cos(nx)dr + f f(x)cos(nx)dx]
f cos(n:t:)dq:

Note that this integration only works for n > 0, so we must calculate aq separately.

ap = 0 f(x)cos(Ox)dx

= 1f0

= 71T fo 1dx
=1
Now we calculate the b,
by, 0% f(a:)sm(nx)dx

= fo x)sin(nz)dr + f27r f(z)sin(nz)dz]

= ?fo sm(nx)dx
= —Lcos(na)[]
= -y

Plugging into our formula for the Fourier Series,
I | o
Fo2q)(f)(z) = 5T Z —[1 = (=1)"]sin(nx).

3.3 What does Fi,;(f)(z) look like?

Question 3.9: Earlier, I said that “in some sense” f = Fjo5)(f). In what sense?

Answer: There are two senses in which this this equality is funny. First, it is not true
that f(z) = Fap(f)(2) for all z € [a,b]. But it is true that f = Fj,;(f) as vectors in
the vector space L*([a,b],R). That is, || f — Flap) (f)|]12(japr) = 0. What does this mean?
It means that

b
[ 17 = Fustpaz=o

So, if we let G = {z € [a,b] : f(z) = Fiop(f)(z)} and B = {x € [a,b] : f(z) # Flan(f)(2)},
then we can see that
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0 = [U1f = Frg(f)?de
= fG‘f_JT_‘[a,b}(f)de—i_fB‘f_ﬁa,b](f)’2d$
— [ = Fan(f)dz

Since we have no control over the difference, |f(x) — Fio5(f)(x)|, all that we can say is
that the set, B, must be so small that integrals cannot see it. Later, we will be interested in
conditions on the function, f, such that we can control the bad set, B. But, for now, all we
can say is that it is invisible to integrals.

The other sense in which the equation, f = Fa4(f), is strange is that since it is only
true in L%([a, b], R), it does not hold away from the interval [a, b]. For example, f may have
not been defined off the interval, [a,b]. On the other hand, no matter what f is away from
[, b], Fap(f) is defined on all of R.

Question 3.10: What does F,3(f) look like outside of [a,b]?

Answer: Let’s write out F3(f)(x) from the definition.

Flap (f = 30 + Z a,cos(n

2m
bsi
2 ) + Sm(nb — ax)

So, for x + (b — a),

Fap(Nz+(b—a) = S+3., anCOS(”zf_—”a(x + (b= a)) + busin(ngZ; (x + (b — a)))
= 942 anCOS(nb @ 4 2n7)) + bysin(nx + 2nm)
= Q2+>. anCOS(n—x) +b Sm(nb—m)

= Flou()(@)

Thus, Flap(f) (@) = Flay(f)(@+ (b —a)) for all x € R.

Definition 3.8. A function, f, is P—periodic, if f(z) = f(x+ P) forallz € R, and P > 0
is the smallest such number for which is this true.

In this class, for ease we will ignore this last part, that P must be the smallest such
positive number. Thus we will say that Fj,4(f)(x) is (b — a)-periodic.

Question 3.11: Under what conditions can we say concretely that f(x) = Fjo5(f)(x)?
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Answer: In general, we have no idea for which « € [a,b] f(x) = Fjop(f)(x). In order
to say anything, we must make much stronger assumptions on the function f. In particular,
we will need both f and f’ to be piecewise continuous.

Definition 3.9. A function, f : [a,b] — R, is called piecewise continuous on [a,b] if we
can cut up the interval [a, b], into finitely many non-degenerate subintervals, [z;, z;11], where

a=20< 21 < ... <Tp1<xp,=2">

such that f is continuous on each subinterval, (z;, z;41) and for each endpoint of each subin-
terval, lim, .+ f(y) < oo.

Note that piecewise continuous functions can only have finitely many jump discontinu-
ities. A removable discontinuity violates the assumption that the partition of [a,b] must
be non-degenerate (i.e., that z; < x;,1). Vertical asymptotes violate the assumption that

limy%xiif(y) < 00.

Theorem 3.1. If a function f € L?([a,b],R) is piecewise continuous and its derivative, f’
18 also piecewise continuous, then

Flap (f)(z) = %[limy%+f (y) + limy_o- f(y)]

Note that if f is continuous at x € [a, ], then these limits are the same and both equal

f(@). Thus, f(z) = Flan(f)(2). ,

Example: Consider the function f(z) = z°.

1. Describe Fo1)(f)(2).

Since Fio1)(f)(x) converges to f(z) = 2* in the interval [0,1], f and f’ are piece-wise
continuous on [0, 1], and Fjo1)(f)(x) is 1-periodic, we know that

on (0,1)
r=1

Fo(f)(x) = {:I Flo(f)(x) = Foy(f)(z+1)

where Fo1(f)(1) = 3 because of Theorem 3.1. Try drawing this function yourself.

2. Describe Fi_1 1(f)(x).

By the same reasoning, we have that
Fion(H@) =2 on [-1,1),  Foan(f)(x) = Fou(f)z +2)

Try drawing this function yourself.
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3. Describe Fi_1 5(f)(x).

Again, because Fi_y 3 (f)(z) converges to f(z) = x* in the interval [-1,3], f and f’
are piece-wise continuous on [—1,3], and F[_13(f)(x) is 4-periodic, we know that

o5 x:3

ﬁl,gmf)(x):{fo n L3 (@) = Fag(f)e +4)

where Fo1)(f)(1) = % because of Theorem 3.1.

Try drawing this function yourself.

3.4 Even and Odd functions and Extensions

Note that in the examples above, where f(z) = 2, we saw that F_5(f)(z) =
Froiq(f)(x) = Fou(f)(x) for all points € (0,1). These three different Fourier
series, which all converge to different functions on R, all converge to the same
function on (0, 1).

Definition 3.10. Given a function, f : [a,b] — R, we say that another function, ]7: e, d] —
R, is an extension of f to the interval [c,d] if

e The interval [a,b] is contained in the interval [c,d]. That is, ¢ < a and b < d.

e For all points, x € [a, b], the functions agree, f(z) = ]7(;1:)

What we saw in the above examples is that Fi_14(f)(2), Fi-1,1(f) (), and Fp11(f)(x)
are all extensions of the function f(z) = 22 restrlcted to the 1nterval (0,1).

Question 3.12: How are extensions of a function useful for Fourier Series?

Answer: Let’s suppose we have a function, f : [0, L] — R, in L*([0, L], R) such that
f, f" are piecewise continuous. We could choose to find the Fourier Series on [0, L], Fjo,1;(f).
Or, we could choose to extend the function, f, to a new function, f, defined on a larger
interval, say, [~L, L]. Then we know that F 1)(f) converges to f and Fj_r )(f) converges
to f. Since f and f are the same function on [0, L], then, we have that

Fon(F)w) = Frry(f)(z) Voe(0,L)

Thus, we could choose ANY extension to ANY larger interval, and take the Fourier Series
on that interval. This Fourier Series would converge on the smaller interval to the function
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we extended. It turns out, by choosing a clever extension, we can make some
coefficients zero.

Recall the following definitions.

Definition 3.11. A function, f : [—a,a] — R, defined on a symmetric interval is called
even if

and it is called odd if

for all € [—a,a].

Recall also that

e Products of even functions are even.
e The product of two odd functions is an even function.

e The product of an off function with an even function is an odd function.

If f is odd, then
/ f(x)dx =0

/_ f(a)de = 2/Oaf(a:)da:

Question 3.12: So, what happens if we choose an odd extension? That is, if f : [0, L] —
R and we define an odd function, 4 : [—L, L] — R by

odd .\ _ f(z) [0, L]
o {—f(—x> 1.0

If f is even

what does Fi_r, 1;(f°%)(x) look like?

Answer: Well, to begin with, we use the formulas from the definition.
Fion (o4 (z) = % + nz:l ancos(n%x) + bnsin(n%x)
where the coefficients are given by the formulae
1 L
@ =7 /_L ded(x)cos(n%x)dx
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b, = l/L ded(x)sin(nzx)d:c
"), Lo

But, since sine is an odd function and cosine is an even function, f°%(z)cos(nz) is an

odd function and f°%(x)sin(nz) is an even function. Thus, a, = 0 for all n = 0,1,2,....

This means we only need to compute the b,. Even better, because f°¥(z)sin(nZxr) is an

L
even function, though, we can simplify the formula to

L m
= %/0 f(x)sm(nzx)dx

Fior,j(f°™)(z) is called the Fourier Sine Series of f.

Question 3.12: So, what happens if we choose an even extension? That is, if f : [0, L] —
R and we define an even function, f" : [-L, L] — R by

e'l)enx — f(x) [O7L]
e {f<—a:> 1,0

what does Fi_r, 1;(f*")(x) look like?

Answer: Again, we use the formulas from the definition.

o0

ag T T
Fon(form) (@) = 5 + Zancos an +b sm(an)

n=1

where the coefficients are given by the formulae

1 /L
Z/L fe”e"(x)cos(n%x)dx

an —=
1 L even N 7T
= Z/—Lf (x)sm(nzx)dx.

But now, since f**"(z)sin(nfx) is odd, all of the b, = 0. And, since f*"(x)cos(n]
are even, the formulae for the a, can be simplified to

= %/OL f(a:)cos(n%:c)dx

Fior,)(f")(z) is called the Fourier Cosine Series of f.
Thus, in choosing a smart extension, we can simplified our work and only compute half
of the coefficients.

z)
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L z€]0,L]
r xe€(L,2L)

First, since we want a Sine Series, so we must take the odd extension of f. Then, we
have

Example 3.4. Let f = { . Give a Fourier Sine Series for f.

odd _ - T
Froonan)(f2%)(x) = ; bnsm(nﬁx)
where
1 [ m
b, = Z/o f(x)sm(nix)dx
Now, we compute the coefficients.
by, = 1 02L f(x)sm(n -x)dr
LfO Lsin(nfzx)dx + LfL rsin(nis x)de
= n—icos(n :E)|O —fra:cos(nux) Ay =2 fL cos(ngyr)ds
= _2[003(71 ) — 1]+ Z2[2L(—1)" — Lcos(n})]
+ML2[ szn(ng)]
Plugging in, we have
odd =2 s -2 n 7r L T, . s
Fioaran)(f )(JI)IZ[W[COS( 5) U+ —[2L(=1)"~Leos(ng)l+ —5 sin(ng)]sin(ng+ )
n=1

Reflection Questions

1. What does it mean for a function, g, to be an extension of a function, f?
2. What is the definition of an even function? of an odd function?

3. Let f:]0,L] — R be given by f(z) =

. Is f an even function, an odd function, or neither?

a
b. Draw two different even extensions of f.

o

Draw two different odd extensions of f.

-

In your own words, what steps would you take to find the Fourier Series of each
of the extensions of f, above?

e. Use Theorem 3.1, above, to draw the functions that those Fourier Series would
converge to.

4. Show that the product of an even function and an odd function is an odd function.

5. Is tan(z) a piece-wise continuous function?
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6. For any vector space, there are infinitely many bases. If we can find Fourier Sine series
and Fourier Cosine series for any function f € L*([0, L], R), does that mean that both

{sin(nzx)};o:l and {cos(n%x)}zozo

L

are each countable bases for L?*([0, L],R)? How does this differ from the standard
orthogonal countable basis we have been using?
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4 Boundary Value Problems

Example 4.1.. Consider the differential equation
y'+ Ay =0

on the domain [0, L] C R. What if we wanted to find all the solutions to this equation which
also satisfied the boundary conditions y(0) = 0 and y(L) = 0 for some fixed L > 07

This looks similar to initial value problems, so let’s recall how we solve those: first,
we find the general solution to the differential equation, then we plug in to determine the
coefficients. Let’s try it.

First, we find the general solution to the differential equation. Note that this depends
upon the value of \.

1. Case 1: A < 0. Then the general solution is

V=Xt ERVASY;

y(t) = ce + coe
2. Case 2: A =0. In this case the general solution is
y(t) = et + o

3. Case 3: A > 0. In this case, the general solution is

y(t) = crcos(VAL) 4 casin(VAL)

Now, we compare our general solution with our boundary conditions. That is, we search
for constant ¢y, co such that y(t) satisfies y(0) = 0 and y(L) = 0.

1. Case 1: XA < 0. Checking the first endpoint, we see that
y(0)=c1+c2=0
Thus, ¢; = —cy. Checking the other endpoint, we have
y(L) = c1(eV N — e VY =0,

Since L > 0, eV > ¢=V=L and thus ¢ = 0.

This means that for A < 0, there are NO non-trivial solutions to this problem! Only
the zero function solves the problem.

2. Case 2: A = 0. Checking the first endpoint,
y(0) =c2 =0
Checking the second endpoint, we see that
y(L) =L =0.

Therefore for A = 0, the only solution is the trivial solution.
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3. Case 3: A > 0. Checking the first endpoint,
y(0) = c1c05(VA0) + casin(VA0) = ¢ = 0
Checking the second endpoint, we see that
y(L) = cysin(VAL) = 0
This means that either ¢; = 0 or sin(v/AL) = 0. If ¢; = 0, then z(t) is the zero function.

This is uninteresting. Notice that since the differential equation is homogeneous and

the boundary conditions are all zero, we always have the zero function as a solution.
On the other hand, sin(v/AL) = 0 only if VAL = nx for some integer n. That is, if

A= %, then
y(t) = CQSin(n—gt)

is a solution for any value of ¢;. This means that we would have infinitely many
solutions.

This is very different from initial value problems where we had one solution. These types
of problems are called Boundary Value Problems.

Definition 4.1. A boundary value problem (BVP) consists of three things:

1. a differential equation,
2. a domain, €2,

3. and boundary conditions on the boundary of 2.

Definition 4.2. A solution to a boundary value problem is a function, f : Q — R,
such that

1. f is a solution to the differential equation in €2,

2. f agrees with the boundary conditions on the boundary of 2.

Returning to the previous example, observe that we can think of this problem as looking

for values of A\ for which there are non-zero functions y which are scaled by the action of j—;,
d2
! =N

and satisfy the boundary conditions. In some sense, this is an eigenvalue problem.
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Definition 4.3. For any linear operator, L, a non-trivial function, y, which satisfies the
equation L(y) = Ay is called an eigenfunction of the linear operator L. If such an eigen-
function exists, A is called an eigenvalue of the linear operator L.

In the example above, j—; is our linear operator. This means that if 3’ + Ay = 0 for a
non-zero function y, then —\ is an eigenvalue of the linear operator j—;. Since we can solve

y" 4+ Ay = 0 for any A, the set of all eigenvalues of % is all of R. This is too large to deal

with for us in this class. So, we impose our boundary conditions.

Definition 4.4. Let L be a linear operator. A non-trivial function, y, which satisfies the
equation L(y) = Ay AND satisfies the boundary conditions of a BVP is called an eigen-
function of the BVP. If such an eigenfunction exists, A is called an eigenvalue of the
BVP.

n2n?

L2

In the example above, the only eigenvalues of the BVP were A = — and the only

eigenfunctions were of the form y(t) = cosin(*t).

It is absolutely possible to ask if there is a “best basis” by which to view the action
. 2 . . . . .
of the linear operator 4 and find the (infinite) matrix which represents the action of the

linear operator j—; on the infinite dimensional vector space of twice-differentiable functions
on [0, L]. However, we will not make this approach explicit in this class.

We now return to investigating two-point BVP.

Example 4.2 A BVP need not have any solutions at all. If we consider the following
boundary value problem,
yl/ — 0
on the domain [0, L] C R with the boundary conditions 3/(0) = 0 and y/(L) = 2.
The general solution to the differential equation is x(t) = ¢t 4+ ¢o. But, affine linear
functions have constant derivatives, so no affine linear function can satisfy the boundary
conditions.

Question 4.1: Do the set of solutions to boundary value problems have any structure?
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Answer: Yes. But, it is not as clean as we saw earlier for Initial Value Problems. First,
a few definitions.

Definition 4.5. A boundary value problem is called homogeneous if the boundary con-
ditions are zero and the differential equation is homogeneous. A boundary value problem is
called non-homogenous otherwise.

As usual, the structure of the set of solutions in the non-homogeneous case
depends upon the structure of the set of solutions for the corresponding homoge-
nous case. That is, a non-homogeneous boundary value problem may have no, a unique, or
infinitely many solutions. And, a homogeneous BVP always has at least the trivial solution,
but may have infinitely many solutions.

Theorem 4.1. (Structure of the set of solutions for BVP) A non-homogeneous BVP has
a unique solution if and only if the corresponding homogeneous BVP has only the trivial
solution. It has either no or infinitely many solutions if and only if the corresponding BV P
has infinitely many solutions.

4.1 Boundary Value Problems for the Heat Equation

The heat equation is of profound importance to the development of mathematics, physics,
and still drives a lot of research in modern math. We will study it in the following context:

Suppose that I made you this bet: I will take a metal wire of length, L, and
heat it up in some places so that there is some initial heat distribution on it. If
you can tell me what the heat distribution will be 10 minutes later, based only
on the initial heat distribution, then I will give you a 4.0 in the class.

Question 4.2: How would you model this problem using mathematics?

Answer: There are many answers to this question. But let’s begin with modeling the
wire. Let x represent the spatial dimension. Thus, we can think of the points = € [0, L] as
representing points on our wire.

Now, let’s think of what we want: we want a function, u(z,t) such that u(z,t) tells us
how much heat is at the point x on our wire at time ¢. Thus, the domain of our function,
u(z,t), is the region [0, L] x [0,00). The range, will be the real numbers, R.

How then would we describe the initial heat distribution? We want something that tells
us how much heat is at each point, x, on our wire at time, ¢t = 0. Thus, we have the initial
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condition,

u(x,0) = f(x).

Question 4.3: We need some way to describe how the heat in the wire will change as
time changes. How do we model heat diffusion?

Answer: The heat equation comes from the intuition that heat diffuses in all directions
equally. Using this intuition, we begin to model heat flow. For ease, let’s pretend that our
wire is a close system, so no heat leaves the wire, it just moves around inside it.

1. If the wire is all have the same amount of heat, then what do we expect?

The heat at each point diffuses equally in all directions. So each point, x, sends half of
its heat to the left and half to the right. But, at the same time, each point, x, receives
half of the heat from the points on the left and half of the heat from the points on the
right. If all the points have the same amount of heat, C', then the change of heat at
each point will be

1, 1
~C+5C+3C=0.

2. What must happen, then, at points where the temperature goes up?

Again, we start from the intuition that heat at each point diffuses equally in all direc-
tions. So if the temperature goes up at the point, z, then x must be receiving more
heat that it is giving. Thus, since sends half of its heat to the left and half to the right,
it looses all its heat, C, But, x also receives half of the heat from the points on the
left, %C’L, and half of the heat from the points on the right, %C’R. Therefore, we can
approximate the change of heat at each point will be

1 1
-C,+=C —Cpr > 0.
-|-2 L+2 R

This means that C, < % That is, if the amount of heat at x increases,
then the amount of heat at = is below the average of the heat at the points
around it.

3. What must happen, then, at points where the temperature goes down?

Again, we start from the intuition that heat at each point diffuses equally in all direc-
tions. So if the temperature goes down at the point, x, then x must be losing more
heat that it is receiving. Thus, since sends half of its heat to the left and half to the
right, it looses all its heat, C, But, x also receives half of the heat from the points on
the left, %C’L, and half of the heat from the points on the right, %C’R. Therefore, we
can approximate the change of heat at each point will be

1 1
—O+§OL+§CR < 0.
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This means that C' > % That is, if the amount of heat at r decreases,
then the amount of heat at x is above the average of the heat at the points
around it.

Note that this matches our intuition that if the temperature at a point, x, is below the
average temperature of the points around it, we expect the temperature at x to increase.
Conversely, if the temperature at x is above the average of the temperatures around it, we
expect the temperature at x to decrease.

The mathematical concept which captures this sense of ”above or below the local average”
is concavity. Concavity is determined by the second derivative.

The idea of change in time is captured by the derivative with respect to time.

Thus, we can rephrase our intuition by,

1. It the u,, = 0, then we expect u; =0
2. It the u,, > 0, then we expect u; > 0

3. It the u,, < 0, then we expect u; < 0

There are many equations we could write which have these properties, but perhaps the
simplest is
Kug,(x,t) = uy(z, t)

where K is a positive constant.

This is the heat equation. If we let 0, represent the operator which takes a partial
derivative with respect to x and let 0, represent the operator which takes a partial derivative
with respect to t, then we can do a little algebra and write the heat equation as

(K02 — 0y)u(z,t) = 0.

Let’s clean up what we have so far. We want a function, u(x,t) : [0,L] x [0,00) — R
which satisfies the following conditions:

(K92 — 0)u(x,t) =0 for all (z,t) € (0,L) x (0,00)
u(z,0) = f(x) for x € [0, L]

It turns out that this is not quite well-defined. I need to specify all of the conditions on

the boundary of the region [0, L] x [0, 00) in order for this problem to have a unique solution.

For ease, let’s set the side conditions to 0. That is, we are trying to solve the following
problem:

(K02 — 0)u(x,t) =0 for all (x,t) € (0,L) x (0,00)

u(0,t) =0 t>0
u(L,t) =0 t>0
u(z,0) = f(x) for x € [0, L]

This is a Boundary Value Problem, because we are looking for a function, u, which solves
a differential equation on the region, (0, L) x (0,00), and satisfies the boundary conditions
given above.
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Question 4.4: What is the structure of the set of solutions to the heat equation?

Answer: We answer this the exact same way that we did for linear systems of ODEs.
We rewrite the equation, Ku,,(z,t) = w/(z,t) as

(K02 — 0y)u(z,t) = 0.

Since (K9? — ;) is a linear operator- it is left as an exercise to prove it from the
definition— the set of solutions to the heat equation form a vector space.

Question 4.5: How big of a vector space is it?7 And, how do we get a basis for that
vector space?

Answer: The vector space is VERY large. It is infinite dimensional, but is so large it
does not admit a countable basis. Therefore, we must use a different strategy.

Question 4.6: How do we solve BVP involving the heat equation?

Answer: The general strategy is the same as before: find a large enough family
of solutions to the heat equation and then compare them with the boundary
conditions. The process of comparing with the boundary conditions will reduce the family
of solutions we need to consider so that we can use basis methods developed during out
study of Fourier series.

Question 4.7: Ok, how do we find solutions to the heat equation? It is a PDE, and
PDEs are very hard.

Answer: PDEs are very hard. That is why we find solutions to the heat equation by
turning it into a pair of ODEs, which we can then solve easily. This trick is called Separation
of Variables. It is another example of assuming a solution has a particular form, plugging
it in to the differential equation, and seeing what comes out.

4.2 Separation of Variables

Assume that the function u(z,y) is a solution to the heat equation, Ku,,(x,t) = wu(x,t),.
Let us also assume that u(z,t) can be written as a product of functions,

u(z,t) = X(x)T(t).
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If u(z,t) = X(z)T'(t) is a solution to the heat equation, then we can plug it in and get
that
KX"(z)T(t) = X(x)T'(t).

Doing a little algebra to separate the variables, we then get that

X'z) _ T'(t)

X(x)  KT(t)

for all points x and all times t. Since the left-hand side only depends upon x and the
right-hand side only depends upon ¢, they must be constant in 2. That is, suppose that
);"((x’“;) = I?,:F(ft)) were not constant on € = [0, L] x [0,00). Then, there must be two different
points, (x1,t1), (zat2) € Q for which either

T'(t1)
KT(t)

T'(ts)
KT ()

”

or
X”(Il) X”(:L‘z)

X(z1) © X(x2)

But, if ;;(t;)) = );/(S;) for any (z,t1) € Q and );,(F:)) = I?,T(&)) for any (z,t;) € Q, then since

both (xg,t1), (xg,t2) € Q for any z € [0, L] it must be that

T'(t) _ X"(zo) _ T'(f)
KT(t1)  X(zo) KT(t2)

Thus, this ratio must be constant on all of 2. We write,

X'w) T
X(z)  KT(t) ‘

Now, we can turn these equations into two linear ODEs.

X"x)+AX(z) = 0
T'(t)+AKT(t) = 0

Linear ODEs are easy to solve (use 307 techniques). This is the power of separation of
variables: to turn a hard PDE into easy ODEs.

Separation of variables is a general strategy, and we will use it again for the wave equation
and the Laplace equation. Separation of variables does not work on every PDE, but it does
work on some very interesting PDEs which we will see in this class.

Now that Separation of variables has done its job, we can get solutions to the heat
equation by solving the ODEs, above. This reduces to three cases: when A > 0, when A < 0,
and when \ = 0.
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e Case 1: A <0.
Solving the temporal ODE, we get T'(t) = ce £, Solving the spatial ODE, we get
X(x) = aeV™ 4 be~V=**. Thus, for any A < 0, we have the solution

uy(x,t) = aye TATETAKL 4 ) e T VAT AKE

e Case 2: A =0.

Solving the temporal ODE, we get T'(t) = ¢. Solving the spatial ODE, we get that
X (x) = ax + b. Thus, we have the solution,

up(z,t) = apz + bo.

e Case 3: A > 0.

Solving the temporal ODE, we get T'(t) = ce !, as before. But, now, solving the
spatial ODE, we have X (z) = acos(v/\x) 4 bsin(v/Az). Thus, for any A > 0, we have
the solution

up(z,t) = e M (aycos(VAz) + bysin(VAz)).

The collection {uy} cg is our family of solutions to the heat equation. We
should think of it as like a basis for the set of all solutions, but just very, very large.

It would be very hard to try to find a linear combination of the {uy} such that that
combination agreed with general boundary conditions. So, we must make our problem
easier.

Note that because of Separation of Variables, we have—in some sense- separated how some
solutions, uy, behave in space and how they behave in time. In particular, if uy = X (z)7'(¢)
and there is a point, xy for which X (zg) = 0, then wuy(zo,t) = 0 for all t.

This leads to the idea that if we could impose very simple boundary conditions, like,

u(0,) =0 forallt>0
u(L,t)=0 forallt>0

then, our solution, u(x,t) could only involve uy(x,t) = X (z)T'(t) for X (z) which solve the
much simpler BVP,

X"(z) + AX (z) = 0; X(0)=0and X(L)=0

Thus, by imposing very simple boundary conditions, we can reduce our problem to finding
eigenfunctions of a related 2-point BVP. If we can express our initial heat distribution as
a linear combination of these eigenfunctions, X,(x), then that linear combination of the
corresponding uy(x,t) = X, (x)Tx\(t) will be our solution.
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4.3 Comparing with the Boundary Conditions

To compare this family of solutions with boundary conditions, we need to have some bound-
ary conditions. The general idea will be that because of the simple boundary
conditions we choose, we can reduce our problem to finding eigenfunctions of a
related BVP. These eigenfunctions will form a countable basis for the class of
functions we care about.

Example 4.3: Since the structure of the set of solutions to the homogeneous BVP deter-
mines the structure of the set of solutions to the corresponding non-homogeneous boundary
value problems, we investigate the homogeneous case:

Ktz =uy  in Q=10,L] x [0, 00)
u(0,t) =0 forallt>0
u(L,t)=0 forallt>0
u(xz,0) =0 for z €0, L]

As mentioned at the end of last section, the collection of solutions {uy},er is linearly
independent. So, if a wu), is non-zero on the boundaries, there is no non-trivial linear combi-
nation of the other uy which can cancel it out. Thus, we reduce to only considering u,
which satisfy the boundary conditions at the endpoints

u(0,) =0 forallt >0
u(L,t)=0 forallt>0

Because of Separation of Variables, this is equivalent to only considering uy(z,t) =
X (x)Tx(t) for which X, (z) satisfies the following 2-point BVP,

X"(x) + XX (z) = 0; X(0) =0and X(L)=0.
We check, as always, by plugging it in.
e Case 1: A <0.
Xi(x) = arxeV = 4 hre VA, Plugging into our boundary conditions, we have
a+b=0
a(eV N — e VA =

where we have used that a = —b from the first equation to simplify the second.

Since for all L > 0, we have that eV~ > ¢=V=>L_ it must be that a = 0. Thus, for all
A < 0, no non-trivial u, satisfy the boundary condition at infinity.

e Case 2: A=0.

Xo(z,t) = apr + by. Plugging in to the end point conditions, we search for ag, by such
that
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bp =0
G/OL+60:O

Thus, no non-trivial solutions exist. ag = 0 = by.

e Case 3: A > 0.
Xy(x,t) = aycos(v/Az) + bysin(v/Az). Plugging in the boundary conditions, we are

searching for non-zero constants a, b such that
acos(VA0) + bsin(vV/A0) = 0
acos(VAL) + bsin(vVAL) = 0.

The first equation implies a = 0, which reduces the second equation to

bsin(VAL) = 0.

Since we are hoping that b # 0, we want to know when sin(vAL) = 0. Thls only
happens when VAL = nr for some n € Z. Thus, this only happens when \ = " ™ for
some n € N.

Thus, the only A for which non-trivial X, satisfy the 2-point BVP are when
A= "L”2 some n € N
We can enumerate these functions by n € N and relabel them

(0

Xp(x) = szn(nzx)

Question 4.8: Is {X,} a countable basis for L*([0, L], R)?

Answer: Yes. A basis must span and be linearly independent. Since every function
in L%([0, L], R) has a Fourier Sine series, it can be written as a linear combination of the
functions {X,,}. This shows that {X,,} spans L?([0, L], R). It is a little trickier to show that
the collection {X,,} is linearly independent, because it is not an orthogonal basis. However,
for our purposes, this does not matter. We shall omit the proof.

Since {X,,} is a basis for L?([0, L], R), for every function, f € L?([0, L], R), there exists
coefficients {b,,}>° ; such that
= T
=Y busin(na).
f 2 nsm(an)

n2n? oy nmw
up(z,t) = Xy ()T, (t) = e 12 S’m(fx),

If we let

80



then consider the function

[e.e] o0 n27r2
u(w, 1) = 3 buttn(,1) = 3 bue” T Ksin(“).
n=1 n=1

Question 4.9: Is u(z,t) = > 7 byu,(x,t) a solution to the heat equation?

Answer: Yes. solutions to the heat equation, (K9? — 9,)u(z,t) = 0, are functions in the
kernel of a linear operator, the set of solutions to the heat equation for a vector space. Thus,
the linear combination u(x,t) = Y >, byu,(z,t) is also a solution to the heat equation.

Question 4.10: Does u(x,t) = > byu,(z,t) satisty the boundary conditions?

u(0,¢)=0 forallt >0
u(L,t)=0 forallt >0
uw(z,0)=f forzel0,L]

Answer: Let’s check! We begin with the condition u(0,¢) =0 for all ¢ > 0

U(O, t) = 2311 bnun(O, t)
2t 0n X (0)T5(2)
= ZZL b0

= 0

Similarly, for the condition that u(L,t) = 0 for all t > 0, we see that

u(L> t) = ZZO:I bnun(L’ t)

> et 0n X (L)T(2)
2 et 0n0

=0

To check the last condition, u(x,0) = f for = € [0, L], we plug in as always.

u(z,0) = >0 byu,(z,0)
S bpe 2 Msin(% )
Yoo bsin(®Ex)

= f(z)

because b,, were chosen to be the Fourier Sine series coefficients of f.
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Therefore, if {b,} are the Fourier Sine series coefficients to Fi_, 1)(f**), then

u(z,t) = Z bne*TKtSin(%x)
n=1

is the solution to the BVP

(K92 — 0y)u(x,t) =0 in Q=10,L] x[0,00)

u(0,t) =0 for allt >0
u(L,t) =0 for allt >0
u(z,0) = f(x) for z € [0, L]

In this example, we are considering the homogeneous case, u(x,0) = 0. All the Fourier
Sine series coefficients of 0 are 0. This means that there are no non-trivial solutions to
the homogeneous BVP with the heat equation. By our earlier statement, this
means non-homogeneous BVP will have unique solutions.

We now consider two simple non-homogeneous BVP for the heat equation.

Example 4.4: Find the solution to the following BVP.

(K02 — dy)u(z,t) =0 in Q=10,L] x [0,00)

u(0,t) =0 for allt >0
u(L,t) =0 for allt >0
u(z,0) = f(x) for z € [0, L]

By exactly the same arguments as above, the solution to the problem is given by the
formula

u(z,t) = Z e_TKtbnsin(n%x))
n=1

where the coefficients are given by the formulae

b, = %/OL f(a:)sin(nfﬂx)das.

We now solve a slight variation of this type of problem.

Example 4.5: Find the solution to following BVP.
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(K92 — dy)u(z,t) =0 in Q=10,L] x [0,00)

u(0,t) =T} for allt >0
u(L,t) =Ty forallt >0
u(z,0) = f(x) for x € [0, L]

Now, the endpoints are not zero. We could go back to our collection {u) } \eg and compare
each of these with our new boundary conditions at the endpoints and infinity. But, there
is a smarter way to handle this problem. We instead split the given BVP into two related
BVP which we know how to solve.

Consider the two BVPs

(K&? — 9))u(x,t) =0 in Q=10,L] x[0,00)
u(0,t) =T} for allt >0
u(L,t) =T for all t > 0
u(z,0) =T, — 2782 for x € [0, L]

(K92 — 0y)u(x,t) =0 in Q=10,L] x [0,00)
u(0,t) =0 forallt >0
u(L,t) =0 for allt >0

w(z,0) = f(z) = Th + 2782 for z € [0, L]

If we denote the solution to the first by ug(x,t) and the solution to the second by ur(x,t),
then I claim that ug 4+ ur solves the original BVP. Let’s check.

(K32 — 0y)(us(w,t) +ur(x,t) =0

in the region = [0, L] x [0, 00) because solutions to the heat equation form a vector space.
Checking the boundary conditions, we see that

uS(O, t) + UT(O, t) = T1 +0= T1

US(L, t) + UT(L, t) == TQ + 0= TQ

ug(z,0) + ur(z,0) = Ty — %x + f(z) —T1 + %x = f(z)
The important thing about the condition at infinity is that our solutions remain bounded.
Since the sum of two bounded functions is bounded, ug + ur satisfies that condition, as well.
Thus, ug(x,t) + ur(z,t) is the unique solution to the given BVP. Now we just need to solve
for ug and urp.

By construction, we already know how to solve for uy by Example 1.

> n2x2 n
up(x,t) = Z e‘TKtbnsm(%x))
n=1

where the coefficients are given by the formulae

2 [* T,—T
bnzz/o (f(x) =T + 2L 1m)sm(n%m)dm.
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To solve for ug, we observe that the the initial heat distribution, 77 — %x itself solves

the equation. Thus,
T, —T)

L

ug(x,t) =T, — x

Definition 4.6. We call ug the steady-state solution because it does not depend upon t.
We call ur the transient solution, because as ¢t — oo the function up(z,t) decays to zero.

Reflection Questions

1. What is the formula for the solution to the following BVP for the heat equation?

(K92 — 0y)u(x,t) =0 in Q=10,L] x[0,00)

u(0,t) =0 for allt >0
u(L,t) =0 for allt > 0
u(z,0) = f(x) for z € [0, L]

2. Verify that the formula you gave satisfies the above BVP by plugging it into the
differential equation and checking the boundary conditions.

3. How did we arrive at the formula in 1., above? Describe the steps in your own words.

4. What is the formula for the solution to the following BVP for the heat equation?

(K92 — dy)u(z,t) =0 in Q=10,L] x [0,00)

u(0,t) =T for all £ > 0
u(L,t) =T for all t > 0
u(z,0) = f(x) for z € [0, L]

Which parts of the formula give the transient solution? Which parts give the steady-
state solution?

5. How did we arrive at the formulae in 3., above? What are the steps that we used?
6. Why are solutions to BVP for the heat equation unique?

7. What does it mean to be an eigenvalue of a linear operator?

8. What does it mean to be the eigenvalue of a BVP?

9. Do you think that {cos(nZx)}2, is a countable basis for L*([a, b],R)?
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4.4 Other BVP for the heat equation

In this section, we consider different boundary value problems for the heat equation. In
the previous section, we considered heat conduction in a rod with the end-points held at
fixed temperatures. Now, we consider what happens if you insulate the end-points. To
model insulation, we assume that there is no heat flow our the end-points. Translating this
into mathematics, we assume that 0,u(0,t) = 0 = d,u(L,t). Thus, the BVP that we shall
investigate is,

(K92 — dy)u(z,t) =0 in Q=10,L] x [0,00)

0,u(0,t) =0 for all ¢ > 0
Oyu(L,t) =0 for allt >0
u(z,0) = f(x) for x € [0, L]

Because we have changed the type of boundary conditions, we must go back
and re-compare with our large family of solutions, {u,}.

However, we can still use the same strategy as before: because our boundary conditions
are constant on the end points, the only u) which will survive the comparison process will
be uy = X\ (z)T\(t) for which X, (x) satisfies

X"(z)+AX =0;  X'(0)=0,X'(L) =0,

That is, we can reduce to finding eigenfunctions of a two-point BVP. To find these
eigenfunctions, we find the general solution to the differential equation and then compare
with the boundary conditions.

e Case 1: A <0.
Xy(z) = axeV=>* 4+ hye~V=2 Plugging into our boundary conditions, we have

a(vV=X) —b(v/=X) =0
a(V=X)eV " — (V/=X)e VY = 0

where we have used that a = b from the first equation to simplify the second.

Since for all L > 0, we have that e¥~*F > ¢~V=AL) it must be that @ = 0. Thus,
A < 0, is not an eigenvalue of the BVP because no non-trivial X, satisfy the BVP.

e Case 2: A\ =0.
Xo(z,t) = apx + by. Plugging in to the end point conditions, we search for ag, by such
that
apg = 0
apg = 0

Thus, there are non-trivial solutions. Xy(x) = by for any by is an eigenfunction of the
BVP associated to the eigenvalue, 0.
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e Case 3: A > 0.

Xy(z,t) = axcos(v/Ax) + bysin(v/Az). Plugging in the boundary conditions, we are
searching for non-zero constants a, b such that

—a(VN)sin(VA0) + b(v'N)cos(VA0) = 0
—a(VN)sin(VAL) 4+ b(vA)cos(VAL) = 0.

The first equation implies b = 0, which reduces the second equation to

—a(V\)sin(VAL) = 0.

Since we are hoping to find non-trivial solutions, let’s assume that a # 0. Therefore, we

are looking for when sin(v/AL) = 0. Just as before, this only happens when VAL = nz
2.2

for some n € Z. Thus, A = "%~ for some n € N.

Thus the only )\ for which non-trivial X, satisfy the 2-point BVP are when
A=1 LQ ® for some n € N
We can enumerate these functions by n € N and relabel them

Xp(x) = cos(n%x).

Question 4.11: Is {cos(nTx)}22, a countable basis for L*([0, L], R)?

Answer: Yes. A basis must span and be linearly independent. Since every function in
L*([0, L], R) has a Fourier Cosine series, it can be written as a linear combination of the
functions {cos(nfFx)}o2,. This shows that {cos(nTz)}r>, spans L*([0, L], R). It is a little
trickier to show that the collection {cos(n7x)};2, is linearly independent, because it is not
an orthogonal basis. We shall omit the proof, but it is a countable basis.

Since {cos(nfx)}, is a countable basis for L*([0, L], R), for every function, f € L*([0, L], R),
there exists coefficients such that

= % + ; ancos(n%m).

This is just F_z, (). If we let

22

un(z,t) = X, (2)T,(t) = e 2 Ktcos(n%x),
then consider the function
= 50 + Z antiy (2, 1) = — —l— Za e g Ktcos(%x).

n=1

86



Question 4.12: Is u(x,t) = 9 + 3™ | ayu,(x,t) a solution to the heat equation?

Answer: Yes. Because a solution to the heat equation, (K9? — 0;)u(z,t) = 0, is defined
by being in the kernel of a linear operator, the set of solutions to the heat equation forms a
vector space. Thus, the linear combination u(z,t) = @ + > | apu,(x,t) is also a solution
to the heat equation.

Question 4.13: Does u(z,t) = % + > | ayun(z,t) satisfy the boundary conditions?

O,u(0,t) =0 forallt >0
O,u(L,t)=0 forallt>0
u(z,0) = f for x € [0, ]

Answer: Let’s check! We begin with the condition u(0,¢) =0 for all ¢ > 0

0, u(0,t) = >0 ap,0,un(0,1)
21 an X (0) T ()
D e @0

=0

Similarly, for the condition that u(L,t) = 0 for all ¢ > 0, we see that

Opu(L,t) = D07 a,0yu,(L,1)
2 ne1 X (L) T (1)

Ziil an0
=0

To check the last condition, u(x,0) = f for « € [0, L], we plug in as always.
,0)

u(@,0) = B+ auun(e
2.2
= L+ Ezzl ane” 22 MOcos(M )
G+ D ancos("L )

= [flx)

because a,, were chosen to be the Fourier Cosine series coefficients of f.

That is, if {a,} are the Fourier Cosine series coefficients to Fj_p, 1j(f""), then
Qo _n2x? Kt nim
u(z,t) =35 Z ape” 2 cos(fx)
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is the solution to the BVP

(K02 — dy)u(z,t) =0 in Q=10,L] x [0,00)

0,u(0,t) =0 for all ¢ > 0
O,u(L,t) =0 forallt >0
u(z,0) = f(x) for x € [0, L]

If we try to solve a BVP for the heat equation with boundary conditions of a more
complicated type, it gets very complicated. Sometimes it is possible, but sometimes it is too
difficult for the methods we using. We not consider any further BVP for the heat equation.

However, I will mention some very interesting properties of solutions to the heat equation.

1. Solutions to the heat equation are smooth. They have derivatives of all orders.

This should be somewhat surprizing, since the initial heat distributions, f, we consid-
ered could be discontinuous. But, no matter how discontinuous our boundary condi-
tions are, inside our region, the solutions are perfectly smooth.

To see this for the BVP for the heat equation that we considered, we need to recall
from the Fourier Series Conceptual Questions that there is a relationship between the
smoothness of a function, f, and how fast the Fourier Series coefficients of f decay to
zero. The more derivatives f has the faster the coefficients decay, and conversely, the
faster the Fourier coefficients decay, the more derivatives f must have. In our example,

S - n272
n=1 i

Thus, for any positive t > 0, the collection of “coefficents” looks like

n27r2
- Kt
anpe L? .

Since n — oo, these decay very, very fast. Thus, u(z,t) is a smooth function in z for
every t > (.

2. In this model of heat diffusion, heat travels infinitely fast.

Obviously, this is kind of a problem. Nothing is supposed to move faster than the
speed of light. But in this model, heat moves at infinite speed. What does this mean?
It means that if we let our initial heat distribution be, say,

0 z€l0,1/3)
fle)=<1 x€[1/3,2/3]
0 ze(2/3,1]

88



then the solution to

(K02 — 0p)u(x,t) =0 in Q= (0,1) x (0,00)

0,u(0,t) =0 for all ¢ > 0
O,u(L,t) =0 forallt >0
u(z,0) = f(x) for x € [0, 1]

will be strictly positive for all (z,t) € ). This means that for any ¢ > 0, some small
amount of heat would have traveled from the middle third to the ends. Thus, it must
be infinitely fast.

3. Solutions to BVP for the heat equation satisfy the Maximum Principle.

This means that
maxglu(x,t)| = mazgq|u(z,t)|

This makes a lot of intuitive sense. We don’t want heat concentrating. This tells us
that the heat diffuses like we expect it to.

4. We can think of the heat equation as an evolution of a graph. That is, for each time,
t > 0, we can look at the time-slice u(x,t) = us(x) as a function of x. Thus, we have
a family of functions, {u;(z)}i~0, As we let ¢ — oo, we can think of what happens to
the graphs of these functions. It turns out that this describes a way to reduce the arc
length of the graph in a “fastest” way.

4.5 The wave equation

In this section, we will consider BVP for the wave equation. That is, we imagine that we
have a string, which we give some initial position and some initial velocity — by, say, plucking
it— and we want to know how the string will vibrate as time goes on.

Question 4.14: How do we model this with mathematics?

Answer: We let x be the spatial variable. Suppose that our string is of length L > 0.
Let t represent time. Our region, then, is

Q=10,L] x [0,00)

and we want a function, u(x,t) : [0, L] x [0,00) — R, which tells us the position of the point
x on the string at time ¢.
Our boundary conditions will be some conditions of the endpoints, say,

{u(&t) — golt

u(L;t) = gr(t)
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and functions which describe the initial displacement and initial velocity of the string,

{u(x,m — f(x)
dpu(z,0) = g(x)

The differential equation we will have will be the wave equation.
Question 4.15: What is the wave equation?

Answer: The wave equation is a Partial Differential Equation (PDE) which tries to
capture the behavior of waves. We expect waves to oscillate. That is, a particular point on
a string will fluctuate back and forth. If we think of concavity, it is not necessary that a
point at which the string is concave down will move down, but the forces will pull it down.
This means that the acceleration will be the same sign as the concavity. We assume that
the relationship is as simple as possible and express this in mathematics by the PDE;,

?0%u(z,t) = dfu(x,t).

Question 4.16: What is the structure of the set of solutions to the wave equation?

Answer: As you might expect, we can re-write the wave equation as
(02 — O} )u(x,t) = 0.

Thus, solutions are functions in the kernel of a linear operator. As we have seen, this means
that solutions form a vector space.

Question 4.17: How big is this vector space? Can we find a basis?

Answer: Just as for the heat equation, this vector space is very, very large. It has a
basis, but not a countable one. We will need to us the same tricks we used for the heat
equation to solve BVP for the wave equation.

Question 4.18: How do we solve the wave equation?

Answer: Just as in the heat equation, we assume very simple (constant) boundary
conditions that allow us to reduce a BVP for the wave equation to finding eigenfunctions for
a related two-point BVP.
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How did we do this? First, we used Separation of Variables to transform the linear PDE
into solvable linear ODEs. Solving these ODEs, we can generate a family of solutions, {uy}.
By the linear independence of these solutions, we can reduce to comparing these solutions to
end-point conditions (i.e., reduce to solving for eigenfunctions of a two-point BVP). Then,
we use Fourier series to sum up the solutions to match the other boundary conditions. We
make this explicit, below.

Separation of Variables goes as follows, assume that u(z,t) = X (2)T'(¢) is a solution to

the wave equation. Then,
X" (2)T(t) = X (x)T"(t).

Doing a little algebra to separate the variables, we then get that

X//<x> _ T”(t)
X(z) _ T(t)

for all points x and all times t. Just as in the heat equation, since the left-hand side only
depends upon x and the right-hand side only depends upon ¢, they must be constant. Thus,
we write

X”(CC) _ T//(t)
X(z)  a2T(t)

Now we can turn these equations into two linear ODEs.

S

X"z)+AX(z) = 0
T"(t) + Xa*T(t) = 0

Now, we solve these linear ODEs.

e Case 1: A < 0.

Solving the temporal ODE, we get T(t) = ae®¥ > 4 be=®V=*_ Solving the spatial
ODE, we get X(z) = ceV™ 4 de=V=Ar Thus, for any A < 0, we have the solution

UA(Iy t) = (C)\e\/jAIG_AKt + dAe_‘/:\x)(a,\ea\/:\t + bAe—amt)

e Case 2: A =0.

Solving the temporal ODE, we get T'(t) = at+b. Solving the spatial ODE, we get that
X(x) = cx + d. Thus, we have the solution,

up(x,t) = (aot + bo)(cor + do).

e Case 3: A > 0.

Solving the temporal ODE, we get T'(t) = acos(av/At) + bsin(an/At), as before. But,
now, solving the spatial ODE, we have X (x) = ccos(v/Az) +dsin(v/Az). Thus, for any
A > 0, we have the solution

ux(z, 1) = (axcos(aV/At) + bysin(avAt))(cxcos(VAz) + dysin(VAz)).
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These three formulas give us a very large class of solutions to the wave equation.

Example 4.6. We consider the homogeneous case,

(0202 — 92)u(z,t) =0 in Q=10,L] x [0,00)
u(0,t) =0 for allt >0
uw(L,t) =0 for all t >0
u(z,0) =0 for z € [0, L]
| Oru(r,0) =0 for z € [0, L]

By the linear independence of the solutions, uy = X,T), above, we can determine that if
the solution to the BVP for the wave equation is a linear combination of the u, then the u,
which have non-zero coefficients must satisfy

u(0,£) =0 forallt>0
u(L,t)=0 forallt>0

That is, u can only be a linear combination of u) = X, T for X, which satisfy
X"(x) + AX (z) = 0; X(0)=0,X(L)=0

But, this is the same problem we solved for the heat equation. Thus, we know that the
only eigenfunctions of the two-point BVP are

(e

Xo(x) = szn(nzx)

Thus, we have the family u,(z,t) = sin(nfx)(a,cos(a™Ft)+b,sin(a’Ft)). We can assume
that

u(z,t) = > 7 sin(nfx)(ancos(a™Ft) 4 bysin(a®rt))

Now we need to deal with our initial displacement and initial velocity conditions. We

plug in to check them.

0 = wu(z,0)
= Y .oy sin(nfx)(ancos(aF0) + bysin(aF0))
= Y o2 apsin(nix)
By Fourier series results, we know that the coefficients in the Fourier Sine series of the
zero function are all zero. Thus, a,, = 0 for all n. Similarly,

0 = Jwu(x,0)
= >y sin(nfr)(—a,atEsin(atF0) + b,alrcos(alr0))

= > bpatEsin(nix)

Again, this implies that b, = 0 for all n. Thus, the only solution to the homogeneous
equation is the trivial solution.
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Example 4.7. Find the solution to the following BVP,

((a20% — 92)u(z,t) =0 in Q=10,L] x [0,00)
u(0,t) =0 for allt >0
uw(L,t) =0 for all ¢ >0
u(z,0) = f(x) for x € [0, L]
| Oru(z,0) = g() for x € [0, L]

Since the end-point conditions are the same, by identical argument as before, we have
that .
nm nmw
sin( nZ x (ancos(a—t) + bysin(a—t
0=3 (0" 1) + busin(a’ 1))
To check against our initial displacement and initial velocity conditions, we simply plug
in.

f(x) = wu(z,0)
= Y. sin(nfx )(ancos( 220) + bysin(a”r0))
= > apsin(nix)
Thus, {a,} are the coefficients to Fi_r, 1;(f°*). That is, they are the Fourier Sine series
coefficients of f.
Checking our other condtition,

g(x) — @u(x,O)
= > oy sin(nfr)(—a,aFsin(aF0) + byalrcos(al0))

= > bhatEsin(ni)

Thus, {b,a”"} are the coefficients to Fi_r 1j(¢°™). That is, they are the Fourier Sine
series coefficients of g.
Using our Fourier series formulae, then, we have that,

2 [* .,
:E/o f(:z;)sm(nzx)dx

and,

Example 4.8. Solve the following BVP.

(402 — 0?)u(z,t) =0 in Q=[0,7] x [0,00)
u(0,t) =0 for all ¢ > 0
u(m,t) =0 forallt >0

u(z,0) = f(z) for x € [0, 7

| Oru(z,0) = g(x) for x € [0, 7]
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0,7/2

where f(z) = v (0,m/2]

0 (w/2,m]

By the previous example, and our choice of a = 2 and L = 7,we already know that the
solution, u(z,t) is given by the formulae,

and g(z) = 2sin(2x) — 10sin(20z).

Zansm nx)cos(2nt) + Zb sin(nz)sin(2nt).
n=1 n=1

where the coefficients {a, } and {b,} satisfy the equations,

= %/Oﬂ f(z)sin(nz)dz

2 ™
b, = o, g(x)sin(nzx)dz.

and

Now we need only calculate the coefficients. We calculate the b, first. Since g(z) is it’s
own Fourier Sine series, we can read off the coefficients,

b2 - 2, b20 - —10

and b,, = 0 for all other n.
To calculate a,,, we must compute the integrals.

a, = 2 fo )sin(nx)dx
2 fo xsin(nz)dz
= 2005(nx)x|7r/2 077/2 =2 cos(nz)dx

= msm(nxﬂo
= %sm(%”)

Thus, the solution is

u(z,t) = 2sin(2z)sin(4t) — 10sin(20z)sin(40t) + Z —sm(n;)sz’n(nx)cos(Qnt).

Question 4.19: What if we want to know the position of a certain point at a particular
time? How do we compute u(z,t)? These infinite series seem very ugly.

Answer: There is a different way to compute solutions to the wave equation, one which
is much easier to compute than these Fourier series methods we have been using. This other
way of getting solutions is called the method of characteristics.
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4.6 The method of characteristics

To get solutions to BVP for the wave equation using the method of characteristics, we will
use a familiar strategy. The method of characteristics itself will give us a large class of
solutions to the wave equation. Then, we use the boundary conditions to compare with the
solutions to determine the particular solution to the BVP.

As for the method of characteristics itself, it is another “guess and check” method. That
is, we guess the form of a solution and then plug it in to check what conditions
functions in that form must solve in order to be a solution. In this particular
instance, we assume that our solution, u(x,t), can be written as

u(x, t) = h(’Y(xv t))

for some 7 : [0, L] x [0,00) — R and h : R — R. Let’s consider what this means. We are
assuming that there is a function, =y, such that the value of u(z,t) only depends upon the
level sets of 7. That is, if (z1,;) and (x9,t3) are two points at two times such that

Y(w1,t1) = (72, t2)

then
w(zy, t1) = h(y(z1,4))
= h(y(x2,12))
= U,(QTQ, tz)
Thus, the position or height of a point at a given time only depends upon the level sets of ~.
Now, we plug in this guess and see what happens. If u(x,t) = h(v(x,t)) is a solution to
the wave equation, then (a?0? — 0?)u = 0. Expanding this, we get that,

o (B (y(x, 1)) Oy (x, 1)) +1 (v, £)) Oy (, £)) =R (7 (2, 1)) Oy (w, 1))+ (7 (2, 1))y (1)) = 0

Unlike separation of variables, we have not traded our PDE for a few ODE. Here, we
have taken a PDE and seemingly made it more complicated. However, here is where we
make an assumption about v which will simplify things greatly.

What happens if v(x,t) = a + bx + ct? If y(x,t) = a + bz + ct, then all of it’s second
order partial derivatives are zero. Thus, our equation simplifies to,

a?h"(v(,1))(0:7(,1))* = K" (v(2, 1)) (0y(w,1))* = 0
This is much easier to deal with. Since both terms have h” as a factor, we can rewrite
this as

a*(0yy(z,1))? = (Oy(2,1))?

This is still a PDE, but since we have assumed that v = a + bx + ct, we can simply plug
in and solve for the coefficients, a, b, c.
Since 0,v(z,t) = b and Oyy(z,t) = ¢, we simply have the equation,

a2b2 — C2

Since a can be anything, we choose a = 0 . Choosing b = 1 gives that vy(x,t) = = £+ «t.
That is, both v(z,t) = x + ot and v(z,t) = © — ot satisfy the equation.
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Thus, our large class of solutions are h(x + at) and h(z — at) for any twice-differentiable
function h. This is a very large class of solutions.

Question 4.20: How do the functions h(x + at) and h(x — at) behave?

Answer: Of course, this depends upon the function h, but lets consider what happens
when we fix x. These functions describe a change of coordinates by translation. That is,

fy) = h(z + at)

if y = x4+ at. So, for any fixed t, the graph of h(z + at) is the graph of h(z), but translated
to the left by at.
Similarly, the graph of h(z + at) is the graph of h(z), but translated to the right by «t.

Question 4.21: Ok. How do we get solutions to a BVP for the wave equation, then?

Answer: As mentioned before, we need to compare solutions to the wave equation to
the boundary conditions. So, let’s get ourselves some boundary conditions.

Example 4.9: Let’s get solutions to the following BVP for the wave equation.

(0202 — 0X)u(z,t) =0 in Q=1[0,L] x [0,00)
u(0,t) =0 forallt >0
u(L,t) =0 forall £ >0
u(z,0) = f(x) for x € [0, L]
| Oru(r,0) =0 for z € [0, L]

To compare with the boundary conditions of a BVP for the wave equation,
we assume that the solution is of the form

u(z,t) = hi(x + at) + ho(z — o).
We now plug into the boundary conditions and get that hy(z £ at) must satisfy

hi(at) + ho(—at) =0 for all ¢ >0
hi(L+at)+ho(L—at)=0 foralt>0
hi(x) + ha(z) = f(x) for z € [0, L]
a(h(z) — hy(x)) =0 for z € [0, L]
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We begin with the last condition. Since h] = hj, integrating each side, we see that
hi(z) = hao(x) + ¢

for = € [0, L]. For convenience, we choose ¢ = 0. By our next condition, though, we have
that hy(z) + he(z) = f(x) for x € [0, L]. Thus, substituting in, we see that

hi(x) = hao(z) = 5 f ()

for z € [0, L].
Our first condition, then, that hy(at) + heo(—at) = 0 for all t > 0 tells us that

hx—aﬂ::—%f&n)

Chasing this through, this means that both h; and hy are odd functions.
We consider the last condition, that hy(L + at) + ho(L — at) = 0 for all t > 0. We do a
change of variable, t = % This gives that,

hi(2L +y) + ho(—y) = (2L +y) — hi(y) =0

Since this holds for all y, we have that hy is 2L—periodic. Similarly, we can then show that
ho must also be 2L—periodic.
Thus, h; and h, are the odd, 2L—periodic extensions of 1 f(z). Call this, flz).
Thus, our solution, u(z,t), is given by the formula,

u(z,t) = = [f(z + at) + fz — at)).

DN | —

This solution has a clear physical interpretation. The solution is the average of two copies
of the off, 2L—periodic extension of the initial displacement. One copy which travels left at
speed at and one copy which travels right at speed at. This captures the intuition that the
wave should travel in both directions and that the solution should be the sum of these wave
forms.

Example 4.10: Let’s get solutions to the following BVP for the wave equation.

((a20% — 92)u(z,t) =0 in Q=10,L] x [0,00)
u(0,t) =0 for allt > 0

u(L,t) =0 for all ¢ >0

u(z,0) =0 for z € [0, L]
Oyu(x,0) = g(x) for x € [0, L]
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We proceed by exactly the same process; we assume that u(x,t) = hy(x+at)+ he(z — at)
and then plug this into the boundary conditions. This gives that h; and h, must satisfy

hi(at) + he(—at) =0 forallt >0
hi(L+ at) + hy(L—at)=0 forallt>0
hi(z) 4+ hQ( )=0 for z € [0, L]
a(hy(x) = hy(z)) = g(x) for z € [0, L]

Differentiating the third condition, hy(x) + he(z) = 0, gives that k] + h}, = 0. Plugging
this into the fourth condition, we see that

and )
() = 5 ol)

for z € [0, L]. Integrating, we have that for z € [0, L],

hﬂx):—llémg@ﬁk

2a
and Lo
ho(z) = %/ g(s)ds.
Again, choosing t = == in the second conditions give us

hi(2L + x) + ho(z) =0, Vz > 0.

Since hy(z) + he(z) = 0, this implies that both h; and hy must be 2L—periodic.

The first condition, then, tells us that hi(x) and hs(x) are odd. These conditions force
us to extend g to be odd and 2L—periodic. Call this odd, 2L—periodic extension g. The
formula becomes,

T+at

u(z,t) = hi(z + at) + ho(x + at) = %/ g(s)ds

—at

Example 4.11: Solve the following BVP,

(0202 — 92)u(z,t) =0 in Q=10,L] x [0,00)
u(0,t) =1y for allt >0

u(L,t) =1y for all ¢ >0

u(z,0) = f(x) for x € [0, L]
Owu(z,0) = g(x) for x € [0, L]
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We should view this BVP as really the sum of three different BVPs for the wave equation.
That is, if we let uy(z) be the solution to

(0202 — 0X)u(z,t) =0 in Q=10,L] x [0,00)
u(0,t) =1 for all ¢ >0
u(L,t) =1y forall ¢ >0
u(z,0) =1 + @x for x € [0, L]
| Oru(r,0) =0 for z € [0, L]

and us(x,t) be the solution to

((a20% — 82)u(z,t) =0 in Q = [0, L] x [0, 00)
u(0,t) =0 forallt >0
u(L,t) =0 for allt >0
w(z,0) = f(x) — 1 + @af; for x € [0, L]

[ Oru(z,0) =0 for x € [0, L]

and uy(x,t) be the solution to

((a20% — 92)u(z,t) =0 inQ=10,L] x [0,00)
u(0,t) =0 forallt >0
u(L,t) =0 for allt > 0
u(z,0) =0 for z € [0, L]
dyu(x,0) = g(x) for z € [0, L]

\

Then, just as for the heat equation, u(z,t) = ur(x) + us(z,t) + uy(z,t). The previous
two examples gave equations for ug(x,t) and uy(x,t), respectively. To finish the solution, we
need only find ur(z).

However, just as in the heat equation, up(z) = l; + @x satisfies the BVP. This
completes the solution for the wave equation by the method of characteristics.

Together, these formulae give what is called D’ Alembert’s solution to BVP for the
wave equation.

Question 4.22: Do we need f and g to be twice-differentiable for D’Alembert’s solu-
tions?

Answer: We started off with the assumption for the method of characteristics that h
was twice differentiable. But, interestingly, the solutions that we found do not depend
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upon being able to differentiate f or g. Thus, we can extend these solutions to
non-differentiable functions. In fact, we can even extend these solutions to work
for discontinuous solutions!

Thus, D’Alembert’s solutions give us the solutions for even discontinuous initial displace-
ment and velocity functions.

Here are some interesting facts about the wave equation to contrast it from the heat
equation.

1. Solutions to the wave equation are not smooth.

This is easy to see from D’Alembert’s solution. If say u(z,t) = [f(x+ozt) + f(z—at)),
then we see that if f has a discontinuity, then so will f. Therefore, this discontinuity
will simply be propagated left and right for eternity. There is no “improvement” of
the initial displacement and velocity functions.

We can also see this from the Fourier Series solutions. Recall from the Fourier Series
Conceptual Questions that there is a relationship between the smoothness of a function,
f, and how fast the Fourier Series coefficients of f decay to zero. The more derivatives
f has the faster the coefficients decay, and conversely, the faster the Fourier coefficients
decay, the more derivatives f must have. In our example, say,

nmw
Zansm Ll Jeos(a—t).
n=1 L
Thus, for any positive t > 0, the collection of “coefficents” looks like

( mrt)
ancos(aa—t).
L

So, if t = %, then all the coefficient are the same as for ¢ = 0. Thus, it is clear that we
cannot impose any rate of decay based upon ¢, since the coefficients merely oscillate in
t.

2. In this model of the wave diffusion, a wave travels travels at a finite speed. It does not
travel infinitely fast.

Again, this is easiest to see from D’Alembert’s solutions.

0 z€l0,1/3)
flx) =<1 z€[1/3,2/3]
0 xe€(2/3,1]

then the solution to

(82 — 0%)u(z,t) =0 inQ=1[0,1] x [0,00)
0,u(0,t) =0 for all ¢t >0
d,u(l,t) =0 forallt >0
u(z,0) = f(x) for z € [0, 1]

| Oru(r,0) =0 for z € [0, 1]
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will be u(z,t) = %[f(x + 1) + f(xz —t)] for f the odd, 2—periodic extension of f. The
point x = 1/6 on the string does not move until time t = 1/6. The wave takes that
long to get to it.

Reflection Questions:
1. Are solutions to the non-homogeneous BVP for the wave equation unique? Why?

2. What are the formulae for solving a BVP for the wave equation,

(@?0? — 0} u(z,t) =0 inQ=][0,L] x [0,00)
u(0,t) =1 forallt >0

u(L,t) =1y forallt >0

u(z,0) = f(x) for z € [0, L]
| Qvu(w,0) = g(x) for x € [0, L]

using Fourier Series methods?

3. What are the formulae for solving a BVP for the wave equation,

(0202 — 0,)u(x,t) =0 inQ=10,L] x [0,00)
uw(0,t) =14 for allt >0

S u(L,t) =1y for allt >0
u(z,0) = f(x) for z € [0, L]

[ Dru(z,0) = g(x) for x € [0, L]

using the method of characteristics?

4. What are the steps that we used in the method of characteristics to get solutions to
the wave equation? Describe them in your own words.

5. What does it mean to be the eigenvalue of a linear operator? What does it mean to
be the eigenfunction of a linear operator? (This was in the beginning of section 4.)
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