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1. Matrix

In 1848, G.G. Sylvester introduces the concept of matrices as the name of a
group of numbers arranged in a rectangular in the form of rows and columns.
In 1855, Arthur Cayley studied matrices from an algebraic perspective. In
this study, he defined the process of multiplying matrices using linear
transformations.

Definition 1.0.1 A matrix is a rectangular arrangement of numbers (real
or complex) which may be represented as,

all aln
A:(aij)mxn: : : 5

aml e Qmp

the general form of a matrix with m rows and n columns.
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p) Capital letters A, B, ... denote matrices, whereas lower case letters
a,b, ... denote elements.

= Example 1.1 Build a matrix A = (a;j)2x3, where

i+j ifi<j
ajj = i ifi=j
i—J ifi>j

A ( an ap a )7
azy dx a4z
1 3 4
=(135)

= Example 1.2 Build a matrix B = (b;j)3x3 ;

Solution:

i+j ifi<j
bij=4 0 ifi=j
.2_ .2 . . .
F—=jrifi>j
Solution:
bii by b1z
B=| by bxn by |,
b3 by b33

b1 =0,bp,=14+2=3,b3=14+3=4,
by =22—12=3,byn=0,bys=2+3=>5,
b31=32—12=8,b32=32—22=5,b33=0,

0 3
~B=| 3 0
8 5

S K A



Definition 1.0.2 Two matrices A,,x, = (a;;) and B),x, = (by;) are equal,
if

I-m=pandn=gq.

2- ajj = bkl Vi,j,k,l.

= Example 1.3 Given

and

disuss the possibility that

1. A=B.

2. B=C.

3.A=C.
Solution

1. A = Bis impossible because A and B are of different size.
2. Similarly, B = C is impossible.
3. A=Cis possible.

Definition 1.0.3 A matrix whose elements are all zero is called a zero
matrix and denoted by 0 or O.

called a square matrix.

Definition 1.0.4 A matrix with the same number of rows as columns is
A square matrix with n rows and »n columns is called a n—square matrix.

s Example 1.4 The matrix

1 -2 0
A= 0 -4 -1 |,
5 3 2

is a 3 square matrix. .
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Definition 1.0.5 The main diagonal or simply diagonal of a square
matrix A = (g;;) is the numbers ay1,a2, ..., an.

= Example 1.5 In the above Example 1.4, the numbers along the main
diagonal are 1,—4,2. .

Definition 1.0.6 The square matrix with 1s along the main diagonal and
Os elsewhere is called the unit matrix or the identity matrix and will be
denoted by 1.

For any square matrix A, Al = IA = A.

= Example 1.6 The matrix

1 00
L3 = o1 0],
0 0 1
is a unit matrix of type 3 x 3. .

Matrix Addition
Definition 1.1.1 The sum of the two matrices A and B, written A + B,
is the matrix obtained by adding the corresponding element from A and
Bie.,
A+B= (aij ‘l‘b,‘j).

p) A-+Bhave the same type as A and B.

p) The sum of two matrices with different types is not defined.

= Example 1.7 Let A and B;

A=

O W =
o=
- o O
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be two matrices, then

s Example 1.8 Let

and
p=(V 3 3)
Find A+B and C+D.
Solution
A+B:<;1 _12 _63 )
and the sum of C+ D is not defined. .

Theorem 1.1.1 Let A, B and C be matrices with the same type, then
1. A+B)+C=A+(B+C).
2. A+ B=B+A.
3. A+0=0+A=A.

Where O is a zero matrix with the same type of A.
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Proof. Let A = (aij)mxn, B = (bij)mxnand C = (Cij)mxn, then
(i) (A+B) +C = [(aij) + (bij)] + (cif)
= (a,'j +b,’j) +cij
= (a;jj+bij +cij)
= (aij) + (bij +cij)
=A+(B+0)
( )A+B (al]) ( )
(al] +bl])
Ebu +aij)

bij) + (aij).
(iii) Trivial. |

= Example 1.9 Solve

(2 )= (10)

where X is a matrix.

Solution:
3 2 1 0
(3 7)==(1402).

To solve
simply subtract the matrix

from both sides to get

(L) D)9 7))
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Scalar Multiplication

Definition 1.2.1 The product of a scalar k and a matrix A, written kA is
the matrix obtained by multiplying each element of A by £, i.e.,

kA = (ka,-j)mxn.

1 -2 0 3 -6 0
-Exc:mplel.lOE‘(4 3 _3>—(12 9 _15>. .

= Example 1.11 If kA = 0, show that either k =0 or A = 0.

Solution:

Write A = (a;;), so that kA = 0, means ka;; = 0, for all i and j. If k =0,
there is nothing to do. If k # 0, then ka;; = 0 implies that g;; = 0, for all i
and j; thatis, A =0. n

Matrix Multiplication
Definition 1.3.1 Le Ay, = (aij) and Byxq = (bjx), then

Cunxp =AB = Zau ]k

= Example 1.12 Let

-2
c~(o 7 3):
and
1 4
D=2 -5 1,
3 6
then find

(1) AB.
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(2) AC.
(3) AD.
Solution
1 2 1 -1 12 -1
(I)AB:(3 4)(5 o):(z3 —3)'
1 2 1 -2 3 1 -6 13
(Z)AC_(3 4)(0 4 5)_(3 10 29)'
1 2 b4
(3)AD = 2 —5 | is not defined. .
3 4 3 6

Theorem 1.3.1 Let A, B and C be matrices with the same type, then

(i) (AB)C =A(BC)

(ii) A(B+C) =AB+AC

(iii) (B+C)A =BA+CA

(iv) k(AB) = (kA)B = A(kB) where k is a scalar.

Proof. Let A = (a;j)mxn, B= (Dji)nxpand C = (cx1)pxq, then
(i) L.H.S = (AB)C
(Z —14ij Jk) (Ckl)
= (0o (XS aibj)-cul)
= (Lo Xy aijbji-cr)-
R.H.S =A(BC)
= (aij) (Xi_y bjcu)
= (Yo aij[(XF- bjen)]
= (X1 Loy aijbjkcu)-
Assuming I have written these correctly, we can make two observations:

first, the summands are equivalent, as multiplication is associative. Second,
the order of the summations doesn’t matter when we’re summing a finite
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number of entries. Thus, (AB)C = A(BC).

(if) Let A = (aij)mxn, B = (Djt)nxnand C = (Cjk)nxn, then
LHS=A(B+C)

= (L)_1aij (b +cji)

= (Yo (aijbji+aijeji))

= (Xjoraijbj) + (L1 aijcji)

=AB+AC.

(iii) In the same way.
(iv) Trivial.

p ) The matrix product is not commutative in general i.e.,

AB # BA.

= Example 1.13 Simplify the expression
A(BC—-CD)+A(C—B)D—AB(C—D).

Solution
A(BC—CD)+A(C—B)D—AB(C—D)=A(BC)—A(CD)+(AC—AB)D—
(AB)C + (AB)D = ABC — ACD +ACD — ABD — ABC +ABC = 0. .

= Example 1.14 Show that AB = BA if and only if
(A—B)(A+B)=A>—B%.

Solution
In general the following hold

(A—B)(A+B)=A(A+B)—B(A+B) =A>+AB—BA—B°.

Hence if AB = BA, then (A — B)(A + B) = A2 — B%. Conversely, if this last
equation holds, then equation becomes

(A—B)(A+B) =A(A+B)—B(A+B) =A>+AB—BA—B°.
This gives 0 = AB — BA, and then AB = Bc. n
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Transpose
Definition 1.4.1 The transpose of a matrix

A= (aij)mxm

written by A7 is the matrix obtained by writing the rows of A, in order,
as columns, i.e.,

Al = (aji)nxm~

= Example 1.15 Let

then
1 4
AT=| 2 -5
3 6

The transpose operation on a matrix satisfies the following properties:

Theorem 1.4.1 Let A and B be matrices with the same type, then
1. (A +B) =AT +BT.

2. (A4 )
3. (kA)T kAT,forkascalar
4. (AB)T = BTAT.
Proof. LetA = (a,'j)mx,l, B= (bjk)an, then
1. LH.S =(A+B)"
= (CIU +bU)T
= (aji+bji)
= (aji)+(b]l)
=AT+B"
—RH.S.
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= (a;)"
= (aij)
=A=RH.S.
3. Exercise.
4. Exercise.

I Definition 1.4.2 A matrix A is called symmetric if
A=AT
I Definition 1.4.3 A matrix A is called skew-symmetric if

=-AT.

p) A symmetric matrix A is necessarily square.

= Example 1.16 If A and B are symmetric n X n matrices, show that A + B
is symmetric.

Solution:

Since A = AT and B7, so, we have

(A+B)" =A" +B" =A+B.
Hence A + B is symmetric. .
= Example 1.17 Let A be a square matrix satisfies,
A=24T.

show that necessarily A = 0.
Solution:
If we iterate the given equation, gives

A=2AT.

=2(241)T,
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=2((2ah)").
=4A.
This lead to 3A = O and hence A = 0. .

= Example 1.18 If A and B are two skew symmetric matrices of same order,
then AB issymmetric matrix if ........

Solution

AB = BA. n
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The inverse of a matrix

The inverse of a square n X n matrix A is another n X n matrix denoted by
A~! such that

AA ' =A"A=1T.

where [ is the n X n identity matrix. That is, multiplying a matrix by its
inverse produces an identity matrix. Not all square matrices have an inverse
matrix. If the determinant of the matrix is zero, then it will not have an
inverse, and the matrix is said to be singular. Only non-singular matrices
have inverses.

Definition 1.5.1 If A is a square matrix, a matrix B is called an inverse
of A if and only if

AB=1I1and BA=1.

= Example 1.19 Show that

is an inverse of

Solution:
Compute AB and BA.

o= (V) (00 )=
NEDIEHEE

Hence AB =1 = BA, so B is indeed an inverse of A. .

0 —1
(05

O -

- O - O
N—— N———

= Example 1.20 If
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show that A> =7 and so find A~".
Solution:
We have

w00 -())
#=(30) (V)= 1)

Hence A3 =1, as asserted. This can be written as

and so

A’A = AA% =1,

so it shows that A? is the inverse of A. That is,
-1 1
—1 __ 42 _
AT =A —< 1 0 )

Adjoint of a square matrix
Let A = (a;5),,, be a square matrix of order n and let c;; be the cofactor
of a;; in the determinant |Al, then the adjoint of A, denoted by adj (A),

is defined as the transpose of the matrix, formed by the cofactors of the
matrix.

Theorem 1.5.1 Given any non-singular matrix A, its inverse can be
found from the formula
1_ ad ] A

2

A

where ad j A is the adjoint matrix and |A| is the determinant of A.

= Example 1.21 Find A~! where
1 2 2
A= 2 1 =2
2 -2 1
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Solution:
‘We calculate the value of the determinant of the matrix

1 2 2
Al=12 1 =2
2 -2 1
1 2 2
=10 -3 -6
0 -6 -3
-3 -6
SEE]
=-27#0
The cofactors of the matrix
1 -2
Ay = (—1)H! P ':_3,
2 =2
AIZ _ (71)1+2 2 ) — *6,
2 1
A13 = (_1)1+3 2 -2 = _67
2
Ay = (—1)>*! o1 =s
1 2
Ay = (—1)*2 - ‘: -3,
1 2
A23 = (_1)2+3 2 -2 ' = 67
2 2
A}] _ (71)3+1 1 _2 ‘ _ *6,
1 2
A32 = (_1)3+2 -2 ' = 63
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1 2
(L 1\343 _
Az = (—1) ) 1‘ 3.
So,
-3 —6 —6 1 2
A=Aj)=| -6 -3 6 |=-3 1 -2 |,
-6 6 -3 2 =2 1
and
1 2 2
adjA=A'=-312 1 -2 |,
2 =2 1
thus
Ailzade
Al
1 2
=;37 2 1 =2
2 =2 1
1 1 2 2
:§ 2 1 =2
2 =2 1

Theorem 1.5.2 All the following matrices are square matrices of the
same size.

1. Iis invertible and I-! = 1. 1
2. If Ais invertible, soisA~!, and (A™!) " =A.
3. If A and B are invertible, so is AB, and

(AB)"' =B 'A7!

4. £ A is invertible, then (A7)~ = (=)
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Rank

Definition 1.6.1 A positive integer r is said to be the rank of a non-zero
matrix A, if’

1. There exists at least one minor in A of order » which is not zero.

2. Every minor in A of order greater than r is zero, the rank of a
matrix A is denoted by p(A) = r.

3. If A is an m X n matrix, then the rank of A is 0 < p < min{m,n}.

= Example 1.22 The rank of a null matrix is zero i.e, p(O) = 0. .

= Example 1.23 If J, is an identity matrix of order n, then p(I,) =n. =
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Exercises

1- Prove that

(i) (kA)T = kAT | for k a scalar.

(ii) (AB)T = BTAT.

(iii) I is invertible and I~! = I.

(iv) If A is invertible, so is A=, and (A1) ' = A.

(v) If A and B are invertible, so is AB, and (AB)~! =B~ 1AL,
(vi) If A is invertible, then (AT)A = (A_I)T.

2- Build matrices A = (a;j)3x2 , B = (bij)ax3 ;

i+j ifi<j . RS
aij = i—Hif{:j] ,b,-,-_{ 2i-1 ifi=]
i— i ifi> i+j—2 ifi#]
1 -4 0 1
3-IfA:<% 701 _%), =12 -1 3 —1 |. Compute
4 0 -2 0
AB.
1 2 —11 -4 6
4-IfA=|( 2 -1 3 | ,B= 2 0 —1 |.Compute AB'.
4 1 8 2 1 -1
1 2 1 2 -1 1
6-IfA = I 1 -1 ,B=| —4 3 -2 |.Compute AB'.
1 0 =2 3 =2 1
7- Find the inverse of the matrices
O
-5 -6
. 35
(11)<7 9>.
1 1 3
i [ 2 2 1
3 21



2. Systems of Linear Equati

In mathematics, the theory of linear systems is the basis and a fundamental
part of linear algebra, a subject which is used in most parts of modern
mathematics. In this chapter, we introduce and study the system of linear
equation.

Definition 2.0.1 A system of linear equations is a collection of m equa-
tions in the variable quantities x1,x3, ..., X, of the form,

anxi+apxy +...+apx, = by,
a1 x1 +axnxy + ...+ asx, = b,

Am1 X1 + A2 X2 + ...+ A Xn = b,

where g;;,b; € Ror C, foralli=1,2,....m; j=1,2,...n>

The two matrices:
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all ap ... aln
any azyy ... ary
)

aml a2 ..... Amn
al apn ... Aln bl
ar] azy ... arp bz

)

adml am2  ..... Amn bm

are the coefficient matrix, the augmented matrix for the system respec-
tively.

Definition 2.0.2 The solution set to a system with n unknowns x,x7, ..., X,
is a set of numbers 1,1, ..., 1, sothat we setx; =ty , X2 =13, ..., Xy =1y,
then all of the equations in the system will be satisfied.

Definition 2.0.3 A system of equations
AX =B

is called a homogeneous system if B =0 and if B # 0, then it is called a
non-homogeneous system of equations.

Theorem 2.0.1 Given a system of m equations and n unknowns there
will be one of three possibilities for solutions of the system:

1. There will be no solution.

2. There will be exactly one solution.

3. There will be infinitely many solutions.

Definition 2.0.4 If there is no solution to the system we call the system
inconsistent

- If there is at least one solution to the system we call the system consis-
tent.
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Linear systems in two unknowns arise in connection with intersections of
lines. For example, consider the linear system

aix+biy=rc
arx+bry=cz

in which the graphs of the equations are lines in the xy -plane. Each solution
(x,y) of this system corresponds to a point of intersection of the lines, so
there are three possibilities:

1. The lines may be parallel and distinct, in which case there is no intersec-
tion and consequently no solution.

2. The lines may intersect at only one point, in which case the system has
exactly one solution.

3. The lines may coincide, in which case there are infinitely many points
of intersection (the points on the common line) and consequently infinitely
many solutions.

» Example 2.1 The system of linear equations:

x+y=1
x+8y=1

consistent; sincex =1,y =0. .

» Example 2.2 The system of linear equations:

x+y+2z =9

2x+4y—3z=1
3x+6y—5z=0
consistent; sincex=1,y=2,z=3. .

= Example 2.3 The system of linear equations:

3x—6y=1
2x—4y=5

inconsistent. L]
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= Example 2.4 The system of linear equations:

xX—2y+3z=2
2x+3y—2z=5
4dx—y+4z=1
inconsistent. =

The Row Reduction Algorithm

Elementary operation on matrices:

1. Interchange of any two rows.

2. Multiplication of a row by a scalar.

3. Addition of a multiple of one row to another row.

A matrix (any matrix) is said to be in reduced row-echelon form if it satisfies
all four of the following conditions:

1. If there are any rows of all zeros then they are at the bottom of the
matrix.

2. If the row does not consist of all zeros then its first non-zero entry is
a 1. This 1 is called a leading 1.

3. In any two successive rows, neither of which consists of all zeros,
the leading 1 of the lower row is to the right of the leading 1 of the
higher row.

4. If a column contains a leading 1 then all the other entries of that
column are zero.

= Example 2.5 The following matrices are all in the reduced row-echelon
form:

1 0 0 4 1 -7 10 0 1 =201
00 0 1 3

o107],{lo o o],

0015 0 0 0 000 00
00 0 00

And the following matrices are not in the reduced row-echelon form:

105 1 4 3 7 01 2
013, lo1e62],{001 -10
00 1 0015 00 0
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11 1 2
sExample 2.6 Putthematrix [ 2 1 1 3 ] inreduced row-echelon
32 55
form.
Solution:
11 1 2\ =204m /1 1 1 2
201 1 3|20 -1 -1 -1 |
32 -5 5 0 -1 -8 —1
I 1 1 2\ =+ (1 1 1 2
o 1 1 1|2y oo o1 ) B,
0 -1 -8 —1 00 -7 0
1112 1 00 1
01 1 1|22 o 1 1 1|32
0010 00 1 0
100 1
010 1 .
0010

The solution of system of equations

Non-homogeneous system of equations

Let AX = B be a system of n linear equations in n variables and the aug-
mented matrix D= (A : B).
(i) If | A |# 0 or p(A) = p(D) = n, then the system of equations is
consistent and has a unique solution.
(ii) If | A |=0and (adjA)B = O or p(A) = p(D) < n, then the system
of equations is consistent and has infinitely many solutions.
(iif) If | A |= 0 and (adjA)B # O or p(A) # p(D), then the system of
equations is inconsistent i.e., having no solution.

Homogeneous system of equations

Let AX = B is a system of » linear equations in n variables.
(i) If| A |#£ 0 or p(A) = n, then it has only solution X = 0, is called the
trivial solution.



30 Chapter 2. Systems of Linear Equations

(ii) If|A|=0o0r p(A) < n, then the system has infinitely many solutions,
called a non-trivial solution.

The rank of a matrix is the number of Ones in the principal diagonal
of the reduced matrix.

To find the solution of a system of linear equations:

Step I: Write the augmented matrix [A: B]

Step II: Reduce the augmented matrix to Echelon form using elemen-
tary row transformation.

Step III: Determine the rank of the coefficient matrix A and augmented
matrix [A: B] by counting the number of non-zero rows in A and [A: B].

And write the final reduced matrix as a system of linear equations, then
we can get the values of the unknowns (if the system is consistent), that is
called the Gauss-Jordan Elimination.

Now, we show some examples:

= Example 2.7 Use the row reduction algorithm to put the augmented
matrix in reduced row-echelon form, then find the solution set for each of
the following systems of linear equations:

xX+y+2z=9
(i) 2x+4y—-3z=1
3x+6y—5z=0
x+y—z=0
@) x—4y+2z=0
2x—=3y+z=0

X1+ 5x3+4x3—13x4 =3
@iii) 3x; —xp+2x34+5x4 =2
2x1 +2xp +3x3 —4dxs =1
Solution:
(i) We reduce the augmented matrix as follows:

12 9 11 2 9 "
2 4 =3 1 | 7" 0 2 -7 —17 [
36 -5 0/ ™m0 3 11 —27
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11 2 9 . 11 2 9 )
01 —7/2 =172 | 7" 0 1 —772 172 | 2
03 —11 -27 00 —1/2 -3)2
11 2 9 Lo o11/2 3520\
01 -7/2 —17/2 | H"[ 01 72 -17)2 L
00 1 3 0 0 1 3 (=11/2)r3+r;

1 0 0 1

010 2

00 1 3

So p(A) = p(D) =3, then the system has a unique solution and this solution
is

x=1

y=2

z=3

(ii) We reduce the augmented matrix as follows:

1 1 =1 0\ 2045 (1 1 —10
1 -4 2 o |20 -5 3 o | 2%
2 -3 1 0 0 -5 3 0
L WP B e WU N
0 -5 3 0|——=(o01 -3 0]|—=
0 0 0 0 00 0 0
10 -2 0
00 0 0
Thus,
2
ngz,
3
y_gzv

also, p(A) = p(D) < 3. Hence the system has more than one solution.
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(iii) We reduce the augmented matrix as follows:

15 4 -13 3\ 1 5 4 —13 3 )
3 -1 2 5 2|70 —16 —10 44 -7 | "
2 2 3 —4 1)\ o g -5 2 _—5

1 5 4 -—-13 3
0 0 O 0 3
0 -8 -5 22 -5
Since p(A) # p(D), so the system has no solution.

» Example 2.8 Use the row reduction algorithm to put the augmented
matrix in reduced row-echelon form, then find the solution set for the
following system of linear equations:

x+2y—3z=0
3x—y+5z=0
4x+y—2z=0

Solution:
We reduce the augmented matrix as follows:

12 300 L2 30N
3 1 5 0|70 -7 14 0 L
4 1 2 0) %o -7 10 0
12 -3 0, L2 =30\
01 —201]™" 01 —2 0 L
0 —7 10 0 00 —4 0
12 =3 0\ 10 1 0,
01 -2 0 | "o 1 —2 o |7
00 1 0 00 1 0) ™"
1 000
0100
0010

So p(A) = p(D) =2, and the system has a unique solution i.e.,
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N2 =
I
o oo

= Example 2.9 Use the row reduction algorithm to put the augmented
matrix in reduced row-echelon form, then find the solution set for the
following system of linear equations:

x+3y—2z=0
x—8y+8z=0
3x—2y+4z=0

Solution:
We reduce the augmented matrix as follows:

1 3 -2 0 1 3 20
1 -8 8 o] ™20 —11 10 0o | "
3 2 4 0/ 3™\ o0 —11 10 0
o320\ /13 =2 0
0 —11 10 0 57710 1 —10/11 0 | 7"
0 0 0 0 0 0 0 0
1 0 8/11 0
0 1 —10/11 0

0 0 0 0

So p(A) = p(D) =2 < 3, then the system has more than one solution i.e.,

x+(8/11)z=0=x=—(8/11)z
y—(10/11)z=0=y=(10/11)z
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Exercises
Use the Row Reduction Algorithm to put the augmented matrix in reduced
row-echelon form, then find the solution set for each of the following
systems of linear equations:

—2x1+xp—x3=4
(1) x1+2x+3x3=13

3x1+ x3=—1
x+3y—2z=0
(i) x—8y+8z=0
3x—2y+4z=0

X1 +2x+6x3=4
(iii) 2x; +4xp +4x3 = —1
—x1—2xp+2x3 =28

2x—y+3z=0
@iv) 4x+5y—z=0
x+3y—2z=0

—2x1+x+x3=3
V) —x1—2x+3x3=1
3x1+3x+3x3=0



3.1

CS. Vector Space

The notion of an “abstract vector space” evolved over many years and had
many contributors. The idea crystallized with the work of the German
mathematician H. G. Grassmann, who published a paper in 1862 in which
he considered abstract systems of unspecified elements on which he defined
formal operations of addition and scalar multiplication. In this chapter, we
introduce vector (linear) space, subspace and give some examples. Also,
the concepts of linear independence, dependence basis and dimension.

Linear space
Definition 3.1.1 Let V be an arbitrary nonempty vectors on which two
operations are defined: addition, and multiplication by numbers called
scalars. If the following axioms are satisfied by all vectors u,v,win V
and all scalars k and m, then we call V a vector space and we call the
vectors in V vectors.
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If u and v are vectors in V, thenu+visin V.
ut+v=v-+u
ut(v+w)=(u+v)+w.
There is an object 0 in V, called a zero vector for V, such that
0+u=u+0=uforalluinV.
For each u in V, there is an object —u in V, called a negative of u,
such thatu+ (—u) = (—u) +u=0.
If k is any scalar and u is any object in V, then kuisin V.
k(u+v) =ka+kv.
(k4 m)u = ku+mu.
k(mu) = (km)(u).

10. lu=u.
= Example 3.1 Let V = R", and define the vector space operations on V to
be the usual operations of addition and scalar multiplication of n -tuples;
that is,

A

® N

e

u+v=_(up,u,....un)+1,v2,...,vu) = (ur +vi,up+va,... .ty +vy)
ka = (kul,kuz, c. ,ku,,)
The set V = R" is closed under addition and scalar multiplication and these
operations satisfy Axioms 2, 3,4,5,7,8,9, and 10. .

s Example 3.2 Let V be the set of 2 x 2 matrices with real entries, and the
operations on V define as follows,

u Y v uil+v up+v
utv— Wy urn v vz 1n+vie uizt+viz
up1 U Va1 V22 upp+va1 U +ve
o wn ow || kunr kup
ku=k =
U1 U kupy  kuoo

Show that (V,+,.) be a vector space.

Solution:

The set V is closed under addition and scalar multiplication because the
foregoing operations produce 2 x 2 matrices as the end result. Thus, it
remains to confirm that Axioms 2,3,4,5,7,8,9, and 10 hold. Axiom 2
follows since

u u 1% 1% 1% 1% u u
utv= 11 12 + 11 12 | _ 11 12 + 11 12 =v+u.
Uz U2 V21 V22 V21 V22 Uz U2
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Similarly, Axioms 3,7,8, and 9 are easy to verify. This leaves Axioms 4,5,
and 10 that remain to be verified.

To confirm that Axiom 4 is satisfied, we must find a 2 X 2 matrix O in
V for which u+ 0 = 0+ u for all 2 x 2 matrices in V. We can do this by

taking
0 0
=15 o]
With this definition,

0+u:[0 0}_‘_[“11 M12]2|:1411 1412:|:
0 0 U1 U Uz U
and similarly u+ 0 = u. To verify that Axiom 5 holds we must show that

each object u in V has a negative —u in V such that u+ (—u) = 0 and
(—u) +u=0. This can be done by defining the negative of u to be

Cu— [ —uy —up }
—uz1  —u»
With this definition,
uir U2 —uy —up 0 0
u+(—u)= + = =0
(- {Im Mzz] [—le —Mzz} [0 0}

and similarly (—u) 4 u = 0. Finally, Axiom 10 holds because
1u_l[ull Mlz}_{un Mlz}_u
Uzl U2 U2l U2

» Example 3.3 Determine whether or not V it is a vector space? Give
reasons for your assertion.
V={(x,y):x,y €R}
(x1,31) 4+ (x2,¥2) = (%1 +x2,y1 +¥2)
k(x,y) = (2kx, 2ky).
Solution:
Since

lu=1(x,y) = (2x,2y) # u,
where u = (x,y), then V is not a vector space. .
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= Example 3.4 Determine whether or not V it is a vector space? Give
reasons for your assertion.
V={(x,y):x,y €R}
(x1,31) + (x2,¥2) = (x1 +y2,y1 +x2)
k(x,y) = (kx,ky).

Solution:
Since
(1,0)+(0,1) = (2,0),
and
(07 1)+ (170) = (072)>
this means u+ v # v+ u, then V is not a vector space. .

= Example 3.5 Determine whether or not V it is a vector space? Give
reasons for your assertion.
V={(x,y) eR*:x=2}
(x1,31) + (x2,52) = (x1 +x2,y1 +2)
k(x,y,z) = (kx,y,2).
Since

(270) +(271) - (47 1) ¢ Vv,

thus V is not a vector space.

n
= Example 3.6 Determine whether or not V it is a vector space? Give
reasons for your assertion.

V= {(x,y,z) X,z € R}
(x1,31,21) 4+ (¥2,¥2,22) = (%1 +x2,y1 +32,21 +22)

k(x,y,2) = (kx,ky,z).
Solution: Since

(A +pu= (A +p)(x,y,2)
= (A +u)x,3.2),
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and
Au+ pu = (Ax,y,z) + (1x,y,z)
= ((A+p)x, (A +p)y,z2)
ie.,
(A+p)u# Au+ pu.
Thus, V is not a vector space. n

= Example 3.7 Determine whether or not V it is a vector space? Give
reasons for your assertion.
V={(x,52):xy,z€R}
(x1,y1,21) + (x2,32,22) = (1 +x2,y1 +¥2,21 +22)
k(x,y,z) = (kx,1,kz).

Solution:
Since
lu=1(x,y,2) = (x,1,2) #u,
where u = (x,y,z) and thus V is not a vector space. .

» Example 3.8 Determine whether or not V it is a vector space? Give
reasons for your assertion.
V={(xy72):xyz€R}
(x1,y1,21) + (x2,¥2,22) = (%2, y1 +2,22)
k(x,y,z) = (kx, ky, kz).
Solution:
Since

(1,2,3)+ (4,5,6) = (4,7,6) , (4,5,6)+(1,2,3) =(1,7,3)
i.e.,
u+v#v+u.

and thus V is not a vector space. "

» Example 3.9 Determine whether or not V it is a vector space? Give
reasons for your assertion.
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V ={(0,0,z) :z€ R}
(0,0,z1) +(0,0,22) = (0,0,21 +22)
k(0,0,z) = (0,0,kz).
Solution:
V is a vector space; all conditions and properties hold. .

Theorem 3.1.1 Let V be a vector spaces and u € V | k € K, then
1. Ou=0.

2. k0=0.
3. (—u=—u
4. ku=0=u=0Vk=0.
Proof. 1.
Ou= (0+0)u
= Ou+Ou

Ou+ (—O0u) = [Ou+ Ou] + (—O0u) (add —Ou)
= Ou+ [Ou+ (—0u)]
0=0u+0 = Ou.

Another prove

0=u+(—u)
=lu+(—1u
=[1+(-1)u
= Ou.

kO = k(u+ (—u))
= ku+k(—u)
=ku+ (—k)u
= (k+ (=k))u
= Ou.
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u+(—Du=lu+(-1u
=[1+(=1)u
= Ou
=0.

So(—1u=—u.
4.letku =0, k #£0, then

The second directions, let ku =0, u # 0, then

ku=0,0u=0=k=0.
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Subspaces

Definition 3.2.1 Suppose that Vis a vector space and Wis a subset of V.
If under the addition and scalar multiplication that is defined on V, W is
also a vector space then we call W is a subspace of V.

Theorem 3.2.1 A nonempty subset Wof a vector space Vis a subspace
of V if and only if the following two conditions:

(ut+vew.

(i) ku € WNu,v € W,k € K.

are satisfied.

Proof. Suppose W be a subspace of V, the two conditions (i), (ii) are
satisfied with the definition of a subspace.

Suppose the above two conditions (i) and (i) are satisfied, we prove
that W is a subspace of V as follow:

The properties (3),(4),(7),(8),(9),(10) are true simply based on the fact
that Wis a subset of V, we only need to verify (5),(6):

From the condition (if) put k =0 = ou=0¢€ WVu € W and put
k=—-1=(—1)u=—uecWVYuecW,therefore W is a subspace of V. W

» Example 3.10 Let W = {(a,b,c) € R* : b = 2a}. Is Wa subspace of a
vector space R>?

Solution:
It is shown that W C R®

@) let (al,bl,cl),(ag,bz,cz) eW = by =2a;,by =2a

co(ar,brycr) 4+ (az,ba,00) = (a1 +az, by +ba,c1 +c2) €W

since by + by = 2(a; +a2).
(ii) let (a,b,c) € W, k scalar = b = 2a

-k(a,b,c) = (ka,kb,kc) € W;

since kb = k(2a).
.. W is a subspace of a vector space R>. .
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» Example 3.11 Let W = {(a,b,c) € R® : ab = 0}. Is W a subspace of a
vector space R3?

Solution:

W is not a subspace of a vector space R> for (1,0,1),(0,1,1) € W but

(1,0,1)4+(0,1,1) = (1,1,2) ¢ W.

Theorem 3.2.2 If Wy, W,, ..., W, are subspaces of a vector space V, then
the intersection of these subspaces is also a subspace of V.

Proof. Let W be the intersection of the subspaces Wi, W,, ..., W,. This set
is not empty because each of these subspaces contains the zero vector of
V, and hence so does their intersection. Thus, it remains to show that W
is closed under addition and scalar multiplication. Now, we assume that u
and v are vectors in W. Then

(Du,veW =uyveW Au,yeEWaA...ANu,v €W,
sut+veWiAu+veW, A...ANu+veW,
=utveWw.

QueWwW, keK=ueWiAueWaA..ANueW, kekK
=skueW ANkueW,A\...NkueWw,
=kueWw.
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Exercises
1-LetW = {(a,b,c) € R*: b=a?}. Is W a subspace of a vector space R*?

2-LetW ={ 2 g ) ta,b € R}. Is W a subspace of a vector space

M>2(R)?

3-Let W = {A € Max2(R) : |A| = 0}. Is W a subspace of a vector space
M>y2(R)?

4- The set of all real numbers with the standard operations of addition and
multiplication.

5- The set of all pairs of real numbers of the form (x,0) with the standard
operations on R?.

6- The set of all pairs of real numbers of the form (x,y), where x > 0, with
the standard operations on R?.
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Linear Combinations
Definition 3.4.1 If u is a vector in a vector space V, then u is said to be a
linear combination of the vectors vy, v,,...,v, in V if u can be expressed
in the form
U=C1V]1+Cav2+...+cypvp,

where c1,¢3,...,c,, are scalars. These scalars are called the coefficients
of the linear combination.

= Example 3.12 Verify that the vector u = (9,2,7) is a linear combination
of the vectors vi = (1,2,—1), v, = (6,4,2), but the vector w = (4,—1,8)
is not a linear combination of them.

Solution:
Let u = ¢1vq + cava, then

(9a2a7) = C](I,Z,—1)+C2(6,4,2),

this mean
9=c;+6¢
2=2c1+4c)
T=—c14+2c

We reduce the augmented matrix

1 69
2 4 2 |,
-1 2 7
as follows:
16 9\ 69\
4 2 |7 0 —8 —16 L
12 7)) "™ Lo 8 16
1 6 1 0 -3
01 2 | ™™o 1 2
08 16/ M\ o0 0 o0
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Thus, ¢; = —3 and ¢p = 2, therefor u = —3v| 4 2v;.
Similarly, let Let w = c¢1v| 4 ¢z, then

(4a7178) = Cl(172771)+C2(674a2)a

this mean
4=c1+6c
—1=2c;+4c,
8=—c1+2c

We reduce the augmented matrix

1 6 4
2 4 -1 |1,
-1 2 8
as follows:
1 6 5 1 |
2 4 Lo —8 —9 -
_1 2 r1+r3 0
1 6 4
0 8 9 ,
0 8 12

this system inconsistent so w is not linear combination of the vectors vy, v;.

Theorem 3.4.1 If S = {wy,wa,..., W, } is a nonempty set of vectors in
a vector space V, then:

(a) The set W of all possible linear combinations of the vectors in S is a
subspace of V.

(b) The set W in part (a) is the "smallest" subspace of V that contains
all of the vectors in S in the sense that any other subspace that contains
those vectors contains W.




3.4 Linear Combinations 47

Proof. (a) Let W be the set of all possible linear combinations of the
vectors in S. We must show that W is closed under addition and scalar
multiplication. To prove closure under addition, let

u=ciw;+cwy+---+c,w,and v=k;wy +kawr +---+k,w,
be two vectors in W. It follows that their sum can be written as
ut+v=_(ci+k)wi+(ca+k)wr+---+(c,+k)w,

which is a linear combination of the vectors in S. Thus, W is closed under
addition. We leave it for you to prove that W is also closed under scalar
multiplication and hence is a subspace of V

(b) Let W’ be any subspace of V that contains all of the vectors in S.
Since W’ is closed under addition and scalar multiplication, it contains all
linear combinations of the vectors in S and hence contains W. |
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Exercises

1- write the vector (1,—2,5)as a linear combination of the vectors v; =
(1,1,1),v2=(1,2,3),v3 = (2,—1,1)

2- Verify that the vector (0, —3, 1)is a linear combination of the rows
vectors

of a matrix , but is not a linear combination of its columns

W N =

2
1
3

—_—— O

vectors.
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3.6 Spanning Sets

Definition 3.6.1 If S = {w,w»,...,w,} is a non-empty set of vectors in
a vector space V, then the subspace W of V that consists of all possible
linear combinations of the vectors in S is called the subspace of V
generated by S, and we say that the vectors wi,wy,...,w, are Span W.
We denote this subspace as

W =span{w;,w,,...,w,} or W =span(S),

where span{w,wo,...,w,} ={ciwi+cowa+...+¢c,w,: ¢1,¢2,...,¢r €
R}.

= Example 3.13 Show that the standard unit vectors is Span R"
Solution:
Recall that the standard unit vectors in R" are

e1=(1,0,0,...,0), e =(0,1,0,...,0),..., e,=(0,0,0,...,1)

These vectors span R" since every vector v = (v, vy,...,Vv,) in R" can be
expressed as
V=vie; +wmer+---+v,e,

which is a linear combination of e, e,,...,e,. .

= Example 3.14 Show that the vectors
i=(1,0,0), j=(0,1,0), k=(0,0,1)

span R3?
Solution:
Since every vector v = (a, b, c) in this space can be expressed as

v=(a,b,c) =a(1,0,0)+b(0,1,0) +¢(0,0,1) = ai+ bj+ ck

= Example 3.15 Let S = v1,v;,v3 be a set of vector in R3. Show that S
span R® where vi = (1,1,2), v, = (1,0,2), v3 = (1,1,0).
Soluation:
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Let v = (x,y,z) € R3, then

V= cC1v; + vy +C3V3,
(x,3,2) =c1(1,1,2) +¢2(1,0,2) + ¢3(1,1,0).
This lead to
X=c1+cr+c3
y=ci1+c
z=2c1+2c

And this system has a solution

c=x+y+z/2,
c=x—Yy,
c3=x—12z/2.
Thus, S span R>. .

» Example 3.16 Determent S = {v;,v2,v3} is span R? yeas or no, where
vi=(1,1,2),v2 = (1,0,1),v3 = (2,1,3).
Solution: Let u = (x,y,z) in R3, then
U=cyv;+cavy+c3v3
ie.,
(X,y,Z) = Cl(l7172) +C2(1707l) +C3(27la3)~

x=c;+cy+2c;

y=ci+c3

z=2c;+c2+3c3

Since the coefficient matrix A =

DN = =

1 2
0 1 has
1 3

Al =

N — —
—_—O =
W = N
Il
N = =
—_ O =
—_—O =
|
)
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So the above system has no solution and then S is not spanned R.

» Example 3.17 Consider the vectors p; = 1 +x+4x* and pp = 1+ 5x+x°
in P,. Determine whether p; and p; lie in span { 142x—x234+5x+ 2x2} .
Solution:
For p;, we want to determine if s and ¢ exist such that

p1=s (1 +2x7x2) +t (3+5x+2x2)
Equating coefficients of powers of x (where x’ = 1) gives
1=s54+3¢t, 1=2s+5¢, and 4=—s+421.

These equations have the solution s = —2 and t = 1, so p is indeed in span
{1 +2x—x2,3+5x+ 2x2}.

Turning to p, = 1+ 5x + x?, we are looking for s and 7 such that p, =
s (1+2x—x?) +1(3+ 5x+ 2x% ). Again equating coefficients of powers of
x gives equations 1 = s+ 3¢,5 =25+ 5¢, and 1 = —s +2¢. But in this case
there is no solution, so p; is not in span {1 +2x— xz, 3+ 5x+ 2x2 } n

Theorem 3.6.1 If S = {v,va,...,v,} and §' = {wy,wy,...,w;} are
nonempty sets of vectors in a vector space V, then

span{vy,va,...,V,} =span{wi,wa,..., W}

if and only if each vector in S is a linear combination of those in S’, and
each vector in §' is a linear combination of those in S.

= Example 3.18 Let u and v be two vectors in a vector space V. Show that
span{u, v} = span{u+2v,u—v}

Solution:
We have span{u+ 2v,u— v} C span{u,v} because both u+ 2v and
u— v lie in span{u, v}. On the other hand,

u= %(u+2v)+§(u—v) and v= %(u+2v)—%(u—v)
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3.7 Exercise
1. Show that R? is spanned by

{(1,0,1),(1,1,0),(0,1,1)}.
2. Show that P; is spanned by
{142x%,3x,1+x}.

3. Show that My, is spanned by

o ol Lo ]Vl lo ]}
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3.8 Linear independence & Linear dependence

Definition 3.8.1 Let Vbe a vector space over a field K. The vectors
V1,V2,..., v, € V are said to be linearly dependent over K if there exist
scalars ¢y, cp,...,c, € K, not all of them 0, such that

civi+eva+...+cpv, =0.
Otherwise, the vectors are said to be linearly independent overK; i.e.,
civiteom+ ..+, =0=c¢1=0,c,=0, ..., c, =0.

A set § = {v,va,...,v, }of vectors is linearly dependent if the vectors
v1,Va, ...,V are linearly dependent, otherwise S is linearly independent.

The trivial linear combination of the vectors vy, vy, ..., Vv, is the one with
every coefficient zero:

0vy +0vy +---+0v,

This is obviously one way of expressing 0 as a linear combination of the
vectors Vi, Va,...,V,, and they are linearly independent when it is the only
way.
» Example 3.19 Show that the set S| = {v,v2,v3};vi =(2,—1,0,3), v, =
(1,2,5,—1),v3 = (7,—1,5,8) is linearly dependent inR*.

Let civi +cava +c3v3 =0,

ce1(2,-1,0,3) +¢2(1,2,5,—1) +¢3(7,—1,5,8) =0

2ci+cr+7¢3=0,

—c1+2c—c3=0,
" 5¢y4+5¢3=0,

3c1—c2+8c3=0.

We reduce the augmented matrix:
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2 1 7 0 1 0 30
-1 2 -1 0 9 01 10 .
’ ?
0 5 5 o — 000 0 (verify that?)
3 -1 8 0 00 0O
0l = —363 , C) = —C3.

Hence the system of these equations has more than one solution; i.e.,
C3=1$01=—3,02=—1,

so S is linearly dependent. .

= Example 3.20 Show that the set Sy = {vy,v2,v3} ;vi =(1,0,1,2),v, =
(0,1,1,2),v3 = (1,1, 1,3) is linearly independent inR*.
Solution:

Letcivi +covy+c3v3 =0,

c1(1,0,1,2) + ¢»(0,1,1,2) +¢3(1,1,1,3) =0

c1+c3=0,
cr+c3=0,
ci+cy+c3=0,

2c14+2¢24+3¢3=0.

We reduce the augmented matrix:

1 010 1 000
01 10 9 01 00

? . N
111 0 — 00 1 0 (verify that?)
2 2 30 00 0 O

So S, is linearly independent. "

= Example 3.21 Show that {sinx,cosx} is independent in the vector space
F[0,27] of functions defined on the interval [0,27].

Solution:

Suppose that a linear combination of these functions vanishes.

s1(sinx) +s2(cosx) =0
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This must hold for all values of x in [0,27] (by the definition of equality
in F[0,27]). Taking x = 0 yields s, = 0 (because sin0 = 0 and cos0 = 1
). Similarly, s; = 0 follows from taking x = 7 (because sinJ = 1 and
cosZ =0).

[ ]
= Example 3.22 Suppose that {u, v} is an independent set in a vector space
V. Show that {u+2v,u — 3v} is also independent.

Solution:
Suppose a linear combination of u+-2v and u — 3v vanishes:

s(u+2v)+r(u—3v) =0
We must deduce that s = ¢ = 0. Collecting terms involving u and v gives
(s+t)u+(2s—3t)v=0

Because {u, v} is independent, this yields linear equations s +¢ = 0 and
2s — 3t = 0. The only solution is s =t = 0. .

= Example 3.23 Let V denote a vector space, then prove the following

1. If v#0in V, then {v} is an independent set.

2. No independent set of vectors in V can contain the zero vector.
Solution:

I. Lettv=0,r in R. If # # 0, then v = 1v = (¢v) = 10 = 0, contrary to
assumption. So ¢t = 0.

2. If {vy,v2,..., v, } is independent and (say) v, = 0, then

Oovi+1vp+...40v, =0,

is a nontrivial linear combination that vanishes, contrary to the indepen-
dence of {vi,va,...,V¢}. .

Theorem 3.8.1 (a) A finite set that contains 0 is linearly dependent.
(b) A set with exactly one vector is linearly independent if and only if
that vector is not0.
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(c) A set with exactly two vectors is linearly independent if and only if
neither vector is a scalar multiple of the other.

Proof. We will prove part (a) and leave the rest as exercises.
(@) For any vectors vi,va,...,V,, the set S = {v,va,...,v,,0} is linearly
depen- dent since the equation

Ovi+0vy+---+0v,+1(0)=0

expresses 0 as a linear combination of the vectors in S with coefficients that
are not all zero.
]
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Exercise

(1) In each part, determine whether the vectors are linearly independent or
are linearly dependent in R>.

(a) (-3,0,4),(5,-1,2),(1,1,3).

(b) (-2,0,1),(3,2,5),(6,-1,1),(7,0,-2).

(2) In each part, determine whether the vectors are linearly independent or
are linearly dependent in R*.

(a) (3,8,7,-3),(1,5,3,-1),(2,-1,2,6),(4,2,6,4).

(b) (3,0,-3,6),(0,2,3,1),(0,-2,-2,0),(-2,1,2,1).
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Basis & Dimension
Definition 3.10.1 A set S = {v;,vy,...,v,} of vectors is a basis of a
vector space V if the following hold:
(1) S span V, and
(ii) S is linearly independent.

Definition 3.10.2 The number of the vectors in the basis is called the
dimension of a vector space V, denoted by dimV.

= Example 3.24 Verify that the set of vectors
S ={(1,2,1),(2,9,0),(3,3,4)}

is a basis of R3.
Solution:
The matrix which columns are (1,2,1),(2,9,0),(3,3,4) respectively be:

123
A= 2 9 3 |,
1 0 4
1 2 3 12 -1
Al=|2 9 3 |=]|2 9 =5 |=—1+#0.
1 0 4 10 0

Then, A is invertible, therefore, S; is a basis of R>.

= Example 3.25 IsS, = {(1,1,2),(1,0,1),(2,1,3)} it a basis of R3?
Solution:
The matrix which columns are (1,1,2),(1,0,1),(2,1,3) respectively be:

11 2
A= 10 1|,

W = N
Il
—_
o
Il



3.10 Basis & Dimension 59

Then, A is not invertible, therefore, S5 is not a basis of R3. n

s Example 3.26 Determine the basis and the dimension of the column
space of a matrix

1 01 1
A= 3 2 5 1
0 4 4 —4
Solution:
We reduce the transpose of a matrix
1 0 1 1
A= 3 2 1 ,
0 4 4 —4
as follows:
1 3 0 1 3 0
T 0 2 4 —ri+r3 0 2 4 (1/2)r,
A=l s 4 | dlo 2 4| 7
1 1 —4 0 -2 —4
1 3 0 1 0 —6
0 1 2 721‘24’}1}27'24’)‘4 0 1 2
0 2 4 —3ry+r; 0 0 0
0 -2 —4 0 0 O
Thus, {(1,0,—6),(0,1,2)} is a basis of C(A), and dimC(A) = 2. .

= Example 3.27 Determine a set of vectors in R> to be a basis of the null
space of a matrix

1 0 2
A= 2 1 3
315

Solution:
1020\ 10 2 0
2130|701 -1 0| E"
3150/ o1 -1 0
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1 0 2 0
01 -1 0
00 0 O
So
) x1+2x3=0, N X = —2x3,
x)—x3=0 X2 = X3
.*. thus,
X1 —2x3 -1 —1
NA)={| » |= X3 =X3 1 +x31 0 |},
X3 X3 0 1
let ¢y, ¢y scalars
—1 -1
. 1 +c3 0 =0=c1=c;=0.
0 1
Therefore, {(—1,1,0),(—1,0,1)} be a basis of N(A). .

= Example 3.28 Show that the matrices

10 0 1 0 0 00
(R R R A A

form a basis for the vector space M»; of 2 x 2 matrices.

Solution:

We must show that the matrices are linearly independent and span My;. To
prove linear independence we must show that the equation

ciMy + oMy + e3Mz +caMy =0

has only the trivial solution, where 0 is the 2 x 2 zero matrix; and to prove
that the matrices span My, we must show that every 2 x 2 matrix
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can be expressed as

ciMi 4+ oMy + caM3 +caMy = B

The matrix forms of Equations (4) and (5) are

= 0_+ _
Cl_() 0_ Cz_
and

"1 0] _
01_00 +02_

0
0

o o

1
0

O -

+c3

"0 0
_1 0_

+C3

—_ O
o o

+c4

+c4

(=)

(e}

— O

(=)

()
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3.11 Exercise

1. Verify that {(1,2,1),(2,9,0),(3,3,4)} is linearly independent inR>.
2. Verify that {(1,3,—1),(2,0,1),(1,—1,1)} is linearly dependent inR>.
3. True or False (explain): If {vi,v,,v3} is linearly independent, then
so is
{vi,vi+va,vi +v2+v3}.

4. LetS={vi,v2,v3,...,v, } be a set of nonzero vectors such that v;-v; =
0V i+ j. Verify that S is linearly independent.
5. Show that the vectors vy, vy, ..., v, are linearly dependent iff one of
them is a linear combination of the others.
6. Verify that the set of vectors S = {vi,va,v3,v4}; vy = (1,0,1,0), vy =
(0,1,—1,2),v3 = (0,2,2,1), v4 = (1,0,0,1) is a basis of R*.
7. Determine a basis of the space of the solution of the system of linear
equations:
2x1+2x —x3+x5=0
—X1—Xx2+2x3—3x4+x5=0
X1 +x—2x3—x5=0
xX3+x4+x5=0



4.1

4. Euclidean n-Space

Euclidean space is the fundamental space of classical geometry. Originally
it was the three-dimensional space of Euclidean geometry, but in modern
mathematics, there are Euclidean spaces of any non-negative integer di-
mension, including the three-dimensional space and the Euclidean plane
(dimension two).

In this chapter, we define and study the notions norm, dot product, and
distance in R".

Euclidean n-Space
Definition 4.1.1 An ordered n-tuple is an ordered sequence of n real
numbers (X1,x7, ..., X,)-
If n = 2 we have an ordered pair.
If n = 3 we have an ordered triple.

n-tuples can either represent points or vectors. We use the convention that
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x = (x1,X2,...,%,), €tc.
The set of all possible n-tuples for a fixed n denoted R"i.e.,

R" = {(-xla-XZa'--yxn) X € Rforeachi}.

Definition 4.1.2 Let u,v € R” be two vectors, then the addition

u+v=_(up,up,....un) + (vVi,v2,...,vn)
= (u1+vi,up+ v, .o tin +vy).

» Example 4.1 Let u = (1,2),v = (0,3) € R? be two vectors, then the
addition
u+v=(1,2)+(0,3)
—(1,5).

Scalar multiplication
Definition 4.1.3 Let u € R" be a vector and @ € K, then

o= o (uy,up,....uy)
= (Otu] , Uy, ...,Otun)

Theorem 4.1.1 Given vectors u, v, w € R" and a scalars k, 1€ R, then:
U+v=v+u.

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

u+0=0+u=u.

u+(—u)=(—u)+u=0.

k(lu) = (kl)u.

k(u+v) = ku+kv.

(k+1u=ku+lu.

SRR

Proof. We will prove (1), (2) and leave the remaining results to be proven
in the exercises.
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1- Let u,v € R” be two vectors, then

u+v=_(ur,up,....un) + (Vi,v2, ..., vn)
= (U +vi,u +va,...,uy +vy)
= itu,vatup,...,vy+uy,)
=v+u
2- Let u,v,w € R” be two vectors, then
(u+v) [(M],I/tz, )+(V13V2a~“7vn)]+(W17W2>-~-;Wn)
(u1+V1,u2+V2, JUp + Vi) + (Wi, w2, Wy)
= (U +vi+wiup+va+wo, ety + vy +wy)
= (U, u2,..tty) + (Vi Wi, va +wa, v +wy)
—u+(v+w).
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4.2  Vector scalar product
Definition 4.2.1 Let u,v € R"be two vectors, then the scalar product

uv = (up,up,...;up) . (Vi,v2, ., V)
=uvy +uvay+ ... +u,vy,.

€ R? be two vectors, then the

= Example 4.2 Let u = (1,2),v = (0,3)
( )

addition

OA

6

Now, we show properties of dot product

Theorem 4.2.1 Given vectors u, v, w € R"” and a scalars k, 1€ R, then:
1. uv=vu.
2. (u+v)w=uw+vw.
3. (ku).v =k(u.v).

Proof. We will prove (1), (2) and leave the remaining results to be proven
in the exercises.
1- Let u,v € R” be two vectors, then

uv = (uy,up,...;un).(Vi,v2,...,v)
=uvi+uvr+...+u,v,
=viuy +vaur + ... +vyu,
=V.u.

2- Let u,v,w € R” be two vectors, then

(w+v) w=[(u1,u2,....tty) + Vi,v2, .cc, V)] (W1, w2,y ooy wy)
= (ur+vi,up+va, e tip +vy) . (Wi, wa, .oy wy)
=UIW] FVIW] T+ UIW2 + VoW, ...+ UyWy + VW
= (ur,uny .y tty) - (Wi, W, oo wy) + (Vi, v, e vp) - (W1, W2, ey W)
=uUw-+vw.
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Theorem 4.2.2 For any vector v € R” v.v > 0 and v.v = 0 if and only if
v=0.

Proof. Letv € R” be two vectors, then

Vv = (V17V27...,Vn) . (VI,VQ,...,Vn)
=Vivi+vavy+ ...+ v,
= v 4 v, (fe, vy > 0).

Alsoifvv=0&v=0. [ ]
4.2.1 Length and the Distance between two Vectors

Definition 4.2.2 The dot product of a vector u € R"with itself is the
square of the length or magnitude or norm of u i.e.,

Il u||=vu.u.
Theorem 4.2.3 Let u,v € R", then
(@) | ull=0.
(ii) | u |=0if andonlyif u = 0.
Eiii) || ko ll=FK || wll .

W) |u+v||[<||u||+ || v . TriangleInequality”

Proof. Let u,v € R" be two vectors, then
1
(i) [l u || = () >0
(i0) If || u || = 0, then

u||= () =0 u=0.

(iii)

| ku || = (ku.ku)?

:k(u.u)%
=kfluf.
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(iv)
Jutv | = (). (a+)
=u.u+uv-t+vu+vy
= w|? +uv+vat v |?
=[| w|? +2uv+ | v |
<llull+vI*.

Thus,
futv<full+]v].
|
= Example 4.3 Find the magnitude of the vector u = (1,2,3).
Solution:
wu=(1,2,3).(1,2,3) = 14.
Thus, || u ||=v14. .

Definition 4.2.3 Let u,v € R" be two vectors, then the distance between
u and v define as follow

duv)=|lu—v|.

Theorem 4.2.4 Let u,v € R", then
(i)d(u,v) > 0.

(ii)d(u,v) =0 if andonlyif u =v.
(iii)d(u,v) = d(v,u).

(iv)d(u,w) < d(u,v)+d(v,w).

Proof. Let u,v € R" be two vectors, then
(i)
d(u,v) llu—v =0
1

= [(u=v).(u=v)]2

>0.
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(i)

duy) =0=[|u—v || & [(t—v).(u—))? =0
< (u—v).(u—v)=0
< (u—v)=0
S u=w
(iii)
d(u,v) =|lu—v||

= (=D —u)|

= (=Dl (v—u) ||

= (v—u) |l

=d(v,u).

d(u,w) =|[u—wll
Ju—vtv—w]
<Ju=vil+lv=wl
<d(u,v)+d(v,w).
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4.3 Orthogonality

Definition 4.3.1 Let u,v € R" be two vectors, then u, v are orthogonal
if and only if u.v = 0.

= Example 4.4 Show that u = (1,2,3) is orthogonal to v = (3,0, —1).

Solution:
since

wy=(1,2,3).(3,0,—1) =0,

so u is orthogonal to v. "

Theorem 4.3.1 Let u,v € R" be orthogonal, then

lutv =+ v]?.

Proof. Let u,v € R" be orthogonal, then

v > = (u+v). (utv)
=uu+t+uv+vu+vy

=uu+v.v (sinceu.v=vu=0)

2 2
=[lull”+ v

4.3.1 The Angle Between Two Vectors

Theorem 4.3.2 Given two vectors u and v
uy =l ul|[| v cosb,

where 0 is the angle between the two vectors.

= Example 4.5 Find the angle between u = (1,0,1) and v = (1,1,0).
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u-v=(1,0,1)-(1,1,0)=14+0+0=1.
Ju| =VI2+02+12=2.
IVl = VITH 707 = V2.

V

_ 1
cosef| Wii
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Exercises
A- In Exercises 1 — 6, find the length of the vector.
1. v=(4,3).
2. v=(0,1).
3.v (1,2 2).
4. v=(2,0,6).
5. v=(2,0,-5 5)

6. v=(2,-4,5,—1,1).
B-In Exercises 7 — 12, find

(@)l[ull, (B)[|V]]; and (c)|lu+v].

Tu=(-13), v=(4—%)
8.u=(l3), v=(2,—3)
9.u=(0,4,3), v=(1,-2,1)
10.u=(1,2,1), v=(0,2,-2)
1l.u=(0,1,—1,2), v=(1,1,3,0)

12. u=(1,0,0,0), v=(0,1,0,0)
13- Prove that if u and v are vectors in R”, then

1 1
wev =ty 5 u—v)?

14- Prove that
[a+v]| = [u| +[v]

if and only if u and v have the same direction.



5. Row, Column, and Null S

Definition 5.0.1 Let A be an m X n matrix define as follow

app app - A
ay ax - axny
A= R
aml aAm2  **  OQmn
then the vectors
ri=[an ap - ap |
rn=|a an - ay |
Im = [ aml  4m2 " dmn ]

in R" that are formed from the rows of A are called the row vectors of
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A, and the vectors

arl an Aaln

azl an ax
€ = , €= . ) y Ch=

am1 am2 Amn

in R™ formed from the columns of A are called the column vectors of A.
= Example 5.1 Row and Column Vectors of a 2 x 3 Matrix Let

2 1 0
A_{3 -1 4}

The row vectors of A are r; = [ 21 0 } andr, = [ 3 -1 4 ] tivate
Windol and the column vectors of A are

0=[2] =] 1] w as[?]

The following definition defines three important vector spaces associated
with a matrix. .

Row and column space
Definition 5.1.1 If A is an m X n matrix, then the subspace of R" spanned
| by the row vectors of A is called the row space of A, and the subspace of
R™ spanned by the column vectors of A is called the column space of A.

is the set B = {(b1,b2,...,bu)} C R™ such that AX = B.

Definition 5.1.2 Suppose A it is an m x n matrix. The column space A
( we denote the column space of a matrixA by C(A) )

= Example 5.2 Describe the column space of a matrix

1 1 2
A= 2 1 3
325
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Solution:
We reduce the augmented matrix

11 2 b
21 3 b |,

3 2 5 by

as follows:

1 1 2 b ) 1 1 2
201 3 b | T 1 -1
325 by ) o -1 -1

11 2 by

0 —1 —1 by—2b
0 0 0 by—by—b

by
by —2b;
by —3b;

.CA) ={(b1,b2,b3) € R? tb3=b1+by}.

= Example 5.3 Describe the column space of a matrix

1 2 -1
A= 2 4 =2
—4 -8 4
Solution:
C(A) = {(b1,by,b3) €R® : by =2by, by = —4b; }.
(verify that?)

p ) The row space of A equal C(AT)

Theorem 5.1.1 A system of linear equations Ax = b is consistent if and

only if b is in the column space of A.
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5.2 Null space
Definition 5.2.1 Suppose A it is an m X n matrix. The null space A is
the set of all x in R" such that AX = 0. ( we denote the null space of a
matrixA byN(A)

= Example 5.4 Determine the null space of a matrix
1 0
A= 0 1
1 1

Solution:
We reduce the augmented matrix

1010
011 0],
11 0
as follows:
1 01 0 1 10
01 10| o011 0| ™"
1110 0 1 0
1 1 0 1010
01 1 02011 0| "
0 10 001 0) ™M
1 000
0100 |.
0010
xl—O,
)CQ—O,
X3_0
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= Example 5.5 Determine the null space of a matrix

1 0 1
A= 2 1
3 1 1
Solution:
We reduce the augmented matrix
1 01 0
21 0 0],
31 10
as follows:
1 01 0 ) 1 0 1 O
2100 | ™ 8”201 —2 0 | ™"
311 0) o1 =20
1 0 1 O
01 -2 0
00 0 O
x1+x3=0, X = —x3,
‘ X2—2X3 =0 XQ=2X3

<-N(A) = {(x1,%2,x3) = x3(—1,2,1) : x3 €R}.

= Example 5.6 For a matrix

A=

[USI S
W = N
—_— O

Solution:
N(A) = {(x1,x2,x3) = x2(—2,1,3) : x2 € R} (verify that?).
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Theorem 5.2.1 Elementary row operations do not change the null space
of a matrix.
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Exercises
1 -2 0
A-ForamatrixA=1{ 0 1 3
2 -5 -3

(i) Determine the null space N(A).
(ii) Describe the column space C(A).
(iii) Describe the column space R(A).

1 -2
B- For a matrix A = 1 0
3 5

(i) Determine the null space N(A).
(ii) Describe the column space C(A).
(iii) Describe the column space R(A).

-2

3
3
-5

0
2
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Wish you all the best, Dr. A. Elrawy
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