Appendix

Additional Proofs

As we were writing this book, some statements needed proofs for complete-
ness, but we felt including those proofs detracted from the interactive expe-
rience of the readers. Thus, we created an appendix to include these results.
Actually, first we lied about creating an appendix, and then we had to make
it for real once we realized this was turning into something other instructors
might one day use. We have ordered these based on where the results appear
in the text.

Chapter 3

Theorem (3.3.3) (a) IfV is any vector space, then V =2 V.
(b) IfV and W are vector spaces such that V=W, then W = V.
(c) IfV, W, and U are all vector spaces such that V=W and W =
U, thenV 2 U.

PROOF. First, we should establish that if V' is any vector space, then V = V.
In this situation, the identity map id: V' — V that maps each vector to itself is
the isomorphism. Second, suppose V and W are vector spaces such that V' =
W. We proved in Section 3.2 that if 7" is an invertible linear transformation,
then 7! is as well. Thus, we also have W = V with the inverse function
giving the isomorphism.

We also know from that section that the composition of two linear transfor-
mations will again be a linear transformation, and from Section 3.1 that the
compositions of two maps that are one to one and onto will also be one to
one and onto. Suppose V' = W and W = U. Then there are isomorphisms
T:V —-WandS:W — U. The composition S o T : V — U is then an
isomorphism as well, and V = U. O

We mentioned there is a way to define our operations of scalar multiplication
and vector addition so that a plane in R? that does not go through the origin
is still a vector space. To do this, we need to shift the zero vector away from
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0 |[. Suppose our goal is to impose a vector space structure on

V= y | tx+y+z=62,9,2€R
z
1
We need to first identify a vectorin V. Well, | 2 | € Vsince1+2+3 = 6.
3
Let’s make this our new zero vector. For this, we need to shift our vector
1
addition so that adding | 2 | does nothing.
3
T T2 1 +x0—1
v |B] v | =] yi+y2—2
z1 z9 21+ 29 — 3

Now, we need to define a version of scalar multiplication that does not move

1
our new zero vector 2
3

T kri—k+1

Z1 ]{12’1 — 3k + 3

Now, checking the vector space axioms for R? with these operations would be
a wonderful exercise, so we will leave it as that. If we assume this is a valid
vector space, we can then just check the subspace axioms to see that V' is a
subspace.

Chapter 4

Theorem (4.1.5) Suppose A € M.y, «n. Then there exists a unique matrix
B € M xn in reduced row echelon form that can be obtained from A by
performing row operations.

PROOF. The statement we are claiming is that a reduced row echelon form
matrix both exists and is unique. Suppose first of all that A € M., x1, so that
A is just a single column. Then, if this column has no nonzero entries, then the
matrix is in reduced row echelon form already, and this is the unique reduced
row echelon form since any row operation will preserve a column of all zeros.
Suppose instead that A has a nonzero entry. Then we can select any nonzero
entry in the column and scale that row so that it is a 1. We can then move that
pivot to be in the top row if it is not currently. Then, we can use this pivot to
reduce all the entries below to 0. This is the unique single column reduced row
echelon form matrix with a pivot. Now, suppose A € M,, «,, and any matrix
in M, xn—1 can be row reduced to a unique reduced row echelon form. So
the first n — 1 columns of A can be row reduced uniquely to reduced row
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echelon form. If the final column has only nonzero entries in rows already
containing pivots, then the A is in reduced row echelon form. This form is
unique since any row operation would change not just the final column but
all the ones previously, creating a contradiction to our assumption that the
first n — 1 columns were arranged uniquely in reduced row echelon form. If
the final column contains a nonzero entry in a row not already containing a
pivot, we should scale that row so that the entry is a 1. We know this row
must contain only O in all the previous entries since it is in a row that did not
previously contain a pivot, so we can now clear out all the other entries in the
final column and move the row with a pivot up to be the final nonzero row.
This matrix is now in reduced row echelon form. None of the row operations
affected the previous columns, and the final column is forced to be all zeros
except for a 1 in the pivot location. Thus, this is the unique matrix in reduced
row echelon form obtained from A by row operations, and the result holds by
induction. O

Theorem (4.2.3) If a system of m linear equations in n variables has a
solution, then the set of solutions is in one to one correspondence onto a
k—dimensional subspace of R™, where k is the number of free variables
in the reduced row echelon form of the coefficient matrix associated to the
system.

PROOF. Given our system of m linear equations in n variable, we can form an
augmented matrix [C|d]. Suppose [C|d] row reduces to [A|b] in reduced row
echelon form, and further suppose A has i columns containing pivots. Con-
sider the equation AZ = 0. We can define the induced linear transformation
Ta: R™ — R™ by T4 (%) = AZ. Then, solving the equation A% = ( is equiv-
alent to finding Ker A = Ker T)4. We know from the Rank-Nullity Theorem
that dim Ker T4 4+ dim Imag T4 = n. Also, we know Imag Ty = Col A.
Each column containing a pivot in reduced row echelon form is a different
standard basis vector for R", so we know they are linearly independent. Also,
any column not containing a pivot will only have nonzero entries correspond-
ing to the locations of the pivots. Thus, the columns containing pivots are a
basis for Imag T4, so dim Imag Ty = ¢, where 7 is the number of columns
containing pivots. We must then have that dim Ker Ty = k since i + k = n.

We have shown that for the equation A% = 0, the set of solutions is a subspace
of dimension k, where k is the number of free variables in A. We have assumed
that the original system of equations had a solution, or equivalently, the matrix
equation AxX = b has a solution. Thus, there is some Z € R"™ such that Az = b.
Now, let us show that there exists a one to one map from the set of solutions
for A7 = 0 onto the set of solutions for A7 = b. Let

U; = {j € R"|Aj = b}.

We know 2 € Up. Let us define a map f : Ker A — Uj; by f(k) =k + 7
Let’s first see that this map is well-defined. To do this, we need to establish
that k + 7 € Uy, for any k € Ker A. We know A(k + Z) = Ak + AZ since
this is a property of linear transformations. Then, since k € Ker A, we know
Ak+ A7 =0+ A7 =b. Thus, k+7¢ Uj; for each k € Ker A. Now, we need
to show this is one to one and onto. Let’s start with one to one. Suppose that
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l%, ko € Ker A and that f(El) = f(Eg). This means k; + Z = ky + 7, which
says k1 = ks. Thus, f is one to one. Now, to see that it is onto. Suppose
Yo € Uy. We need to find some ko € Ker A such that o = f(EO) =ko+7
Well, solving for Eo here gives us Eo = 4y — Zo. This satisfies the desired
equation and also is in Ker A since A(go — 2) = Ago — AZ = b—b=0.
Thus, f is a one to one and onto map between U;; and Ker A. 0

Theorem (4.5.9) Suppose A € M, «., is an invertible matrix. Then the
augmented matrix [A|I,,] row reduces to [I,| A1

PROOF. Since we know A is a invertible, the columns of A form a basis for
R™. Let’s name this basis B = {#1,...,0,}. Then A is the matrix for the
coordinate mapping that sends each standard basis vector to the corresponding
vector in B. That is, A€; = v;. Thus, the inverse linear transformation will
map ¥; to €;. Now, from Theorem 3.5.2, we have

ATl = [[T(ﬁl)]g T [T(ﬁn)]g] = [[51}3 T [gn]B} :

In order to compute coordinate vectors, we solve the equation
A;1U1 + * 0 QinUp = €

for each standard basis vector €;. As seen in Section 4.3, we can do this all
at once by augmenting the matrix A with each of the vectors that need to be
converted to coordinate vectors and then row reducing. Specifically, we have

[171.17n|€1..€n] — [el...en|w1...wn]

where A= = [ - - - ,)]. O

Chapter 5

Theorem (5.3.6) If A € M, «, has an eigenvalue \ with geometric mul-
tiplicity k and B € M, «,, is similar to A, then B has X\ as an eigenvalue
with geometric multiplicity k as well.

PROOF. Suppose A € M,,«,, has an eigenvalue A with geometric multiplicity
k and A is the matrix representation for a linear transformation 7: V" — V'
with respect to some basis B. Let F4 C R"™ denote the eigenspace for A
with respect to A\. By Theorem 5.3.2, we know there is a corresponding in-
variant subspace W C V with E4 = W under the coordinate mapping.
Thus, dim W = dim E4 = k. Let {¢},..., 7%} denote a basis of W. Sup-
pose B € M, is similar to A. Then there is some basis P of V such
that B is the matrix representation for 7" with respect to P. Then for each
1 < i <k, we know [171'}73 must be an eigenvector for B with the eigenvalue
A since T'(¥;) = A0;. Since the coordinate mapping is an isomorphism, we
know {[01]p , ..., [Uk]p} Will be a linearly independent set of eigenvectors for
B with eigenvalue A. Thus, the geometric multiplicity of A for B is at least
k. To see that it is exactly k, we can suppose the geometric multiplicity of A
with respect to B is j > k and repeat this argument starting with B instead of



ADDITIONAL PROOFS 407

A. We would then conclude the geometric multiplicity of A for A is at least j,
giving us k > j. We then conclude j = k. O

Lemma (5.4.10) Let A € M, «xn have an eigenvalue, )\, with algebraic
multiplicity k and geometric multiplicity j. Then there are j Jordan chains,
Si,...,8;, such that S1 U --- U S; is a basis for Ker (A — M), and in
particular,

Ker (A — M)¥ = Span {S,} @ --- @ Span {S,}.

PROOF. Part 1: The Jordan chains exist and are distinct. By Lemma 5.4.9,
the dimension of Ker (A — AI )i increases by a amount, m;, each time ¢ in-
creases. In particular, one can check that

Ker (A — M) C --- C Ker (A — A\I)F7!  Ker (A — AI)".

We will use these increases in dim Ker (4 — A)? to acquire extra “links” in
our Jordan chains. To simplify all the notation, let’s assume that ky = 4; that
is, dim Ker (A — AT )4 = k, and note the general argument is similar. First, we
will use the Orthogonal Decomposition Theorem several times to get a nice
break down of Ker (A — \I)*. Specifically, we can write

E; =Ker (A — )
Ey=Ef NKer(A—A)? = Ker(A-\N)?=FE, @ E;
Es=(By®E))"NKer(A—-X)? = Ker(A-\)?=F30F,0E;
E,= (B30 B, @ E))t = Ker(A- M) =E, 0 FE30E, @ By
where dim F; = j, dim Fs = msy, dim E3 = mg, and dim Ey = my.
Choose a basis {1, - , Zim, } for E4. It’s not difficult to show that
{(A=XD)zy,...,(A=AD)Z,,}

is a linearly independent set. In fact, let’s do that.
Claim 1: If {, ..., 4} is a linearly independent set such that

Span {@y, ..., 4} NKer (A — \) = {0},
then {(A — M)y, ..., (A — AI)d;} is linearly independent.
Proof of Claim 1. To see this, without loss of generality, we can suppose

(A= XDty = ag(A =Nty + - a;(A— A4

Thus, we have

Aty — agtis — -+ — ayiy) = AUy — aglis — -+ — ai}).
This means
(@) — aglly — --- — aytly) € Span {dy, ..., a4} NKer (A — AI) = {0}.
However, this cannot be possible since {1, - - - , %} was linearly independent.

Thus, we know {(A — AI)dy,...,(A — XI)d;} is also a linearly independent

set.
|
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Now, back to the main proof. We know each (A—AI)Z; is in Ker (A—AI)3 =
E3 (&) EQ D E1 since

(A= XD)*2Z = (A= XD)3(A—\)Z; = 0.

Moreover, we know (A — \I)3%; # 0 since Z; € E,. Thus, for each i =
1,...,my4, we have

A-MNDZ =9+ &+
for some y; € F3, ¥; € Es, v; € Fq with ¢; # 0.
One can argue that {1, ..., ¥m, } must be a linearly independent set in Ej.
Again, let’s do this.

Claim 2: The vectors {#1, .. ., Jm, } must be linearly independent.

Proof of Claim 2. To see this, suppose instead, without loss of generality, that
71 = a2¥a + - -+ + A, Ym, - Note that §; = (A — A\I)Z; — &; — v; for each i.
Then we have
(A= XDz, — 2 — v =
ag((A — )\I)ZQ - fg — 172) + -4 am4((A - )\I)Zm4 — if"m4 — ’Um4)

which means

(A — )\[)(51 — a252 — 'anl45m4) =
(1 + 1) — a2(@2 — U2) -+ — Ay (Tiny — Umy)

This would put (2] — a2y — - - 2y, Zm, ) € Ker (A=) = E3® E; @ Ey,
which is not possible since 27, - - - , Zp, € Ej. -

Since it’s linearly independent and in Es5, we know {41, ..., §m, } can be ex-
tended to a basis for E5 with vectors {@m,+1,---,Jms - This also tells us
{th + @1, -, Umy + Togs Ymat1s - - > Yms + 18 @ linearly independent set in
FE5® Es since adding vectors from the orthogonal complement will not change
the independence. Now, consider the set

{(A — )\I)(?jl + 11?1), ey (A — AI)(Zjnu +.fm4), (A — AI)(gml4+1), e
o (A= AL (Gmy) }-

From Claim 1, we know this set is linearly independent, and it must be in
Ker (A — XI)? = Ey @ E;. Also, since ¥; € Ker (A — \I), we know

(A= X)(F; + 7)) = (A= XD + Ti) + (A = AT = (A — \)*z;
for each 1 < ¢ < my. Thus, our set is really
{(A - )‘1)2217 ceey (A - /\I)QZ’WU (A - AI)(?jm4-ﬁ-1)a sy (A - )‘I)(grrm)}

Each of these must be equal to Z; + U; for some E’i € E5 and 52' € F; with
Z; # 0 by reasons similar to those before. Also, in an argument that mirrors
the one for Claim 2, we can show {Z1, ..., T, } is a linearly independent set
in Fy. We can now extend this to a basis for Fy using {Z, 11, .-, Tm, }-
This gives us a set

(A= \DZ1,..., (A= A)Fm,}
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which is linearly independent in E; by Claim 1. Additionally, we have
_ - - A-XD)3z if1<i<
(A-ADVE; = (A ATt (AT = 4\ Va flsism

Thus, the set is really
{(A=XD?Z1, ..., (A= A2, (A= AP (Gmgs1)s - - -
o (A= AD* (Frms)y (A = AD @ g1, -5 (A= N, ).
This set can be extended to a basis of E; with the vectors {T, 41, . . - 5} }, and

each element in this basis corresponds to the end of a distinct Jordan chain,
with the ¥;’s being chains of length 1.

It remains only to show that any two of these chains must be linearly indepen-
dent. This would then means we could form a basis for Ker (A — \I)? out
of the Jordan chains, giving us the direct sum decomposition claimed in the
proof.

Part 2: The union of any two Jordan chains is linearly independent. Now
suppose S and S7 are both Jordan chains for the same eigenvalue A, so that

S = {(A=AD™Z,..., (A= A\, (A — N\, T},
52 = {(A—/\I)nzg,’(A—)\I)Q:lj’ (A—)\I):lj,g},
and ny > ng. Assume for some scalars, ¢, , ..., Co,dp,, - - ., do, that

0 = e (A=XD)MZ+ -+ co(A—N)2F+ 1 (A — N)T, +coT
iy (A =AD" G 4 -+ do(A — NG+ di (A — M) § + do.
Then multiplying by (A — AI)™, we have
0=co(A—AN)"MEZ,

which implies (A — \XI)™ & = 0 or ¢y = 0. Since we know (A — A\I)"Z =0
is not possible, we must have ¢y = 0. Now, we can multiply both sides by
(A= X)" =1 to get

0=ci(A—=X)"MZ.
Again, this will allow us to conclude ¢; = 0. This repeats until we have ¢; = 0
for each 0 < ¢ < ny; — ng — 1. Then, we can multiply by (A — AT)™2 to get

0= Cnyny(A = AT 4 do(A — X)"27.

Since these are in the basis we built for Ker (A — \I), we know they must be
linearly independent. Thus, ¢y, —m, = 0 and dy = 0. The argument continues
in this fashion until all coefficients are forced to be 0, thus the set S; U S5 is
linearly independent. Moreover, this tells us any set built as the union of these
distinct Jordan chains will be linearly independent, so S;U- - -U.S; is a linearly
independent set the size of a basis of Ker (A — AI)* and must be a basis for
Ker (A — AI)*. O
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Answers to Selected Parts of Selected Explorations

Chapter 0

3 {(1,2),(3,2),(5,2),(7,2)}; 5 Just ro; 6 No.
(-1,1),(1,1) € r; 7dom (f) = Q, ran(f) = Z,
codom (f) = Q

Section 1.1

10 Q, C; 11 commutativity of addition, associativ-
ity of addition, additive identity, additive inverse; 13
=0, =5z +323 -4z, —ap — a1z — - - - — apx”,
both are equal to 60x — 362> +48z7, (ab)(ag+a1z+
oo+ apa™) = a(blag + a1z + - + apz™)) =
a(bag + barx + - - - + ba,x™)

Section 1.2
\1
3 7'\
1/
7
\ 3 X
14 ;
Y,
T 5
v
S
// d j
A
15

V62 + 82 = 10, twice the length of ¥
167-w=0+1+8=29; 17 Vectors have different
number of components; 18 @ -7 = 0+ 148 =

1/3
9 = 7@ 20 |7 = 3 ;o= | 2/3 ],
2/3
5/3
5‘%": 10/3
10/3

Section 1.3
24 Dependent, independent, dependent, yes, no ;

Section 1.4

28 Since b > 0, there cannot be a zero vector, and
the set is not closed under scalar multiplication by
any negative scalar; 29 False; neither is a subset of

a+b 1
the other; 30 | a+b+c | = (a+b)| 1 | +
a+b 1
0 a 0 c 0
cl 1 |:;32 1 a|+1|0 = oOf(+1|d],
0 0 b c 0
soa=c,a=d,andb=rc
Section 2.1
3852 isnotascalarmultipleofl_fl,[i1 } = (z1 —
2
Z3) 1 +x L.
2) |y 2| 4
Section 2.2
450+ 5, SR ¢ ¢
Section 2.3
2
46 b1+8b2+16b3; 47 [ﬂBl = 3 ,[17]82:
4
2 [ a a
4 Ll = | b s =] e |
-3 | ¢ b—a—c
1 6
48[?5131* 1 ’[Cﬂgl 1 ,17“7:27’
—4 | -5
49 (144) - (=142 = 1,50 [z = | 1],
0
5
P, = 0 |, IA1sll = V26, ||[Plg, || = V41
—4
35101 - U =0y - Uy = Vo - Uy = Tz - Ug = 0; 52

Section 2.4
54 dimW+ = 2, so W is a plane in R, W3- =
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0 0
0 0 R . -
Span 11l o 355y = %1}17%1}2—
0 1
5031 56 § = — sty — 2l — o035 ST 0 =
0
1(,Z =all+ (a+b)d; 587 -7 = 14,
-2
1/7
proj s (i) = | —1/14
—3/14
Section 2.5
5
5 1
59 j r) = , U = ,
proj w (%) 3 U _3
-1 1
1 -1
1 -3
j y) = 7t = 60
proj w (%) 5 | U2 Ak
4 —2
1 1
1 -1
-3 |’ 0
1 0
Section 2.6
3
6lprojw () = | 1
1
Section 3.1
63 Any number less than 1; 64 x = y; 67

k(g(2)) = 2, k o g maps everything in B to 2, ko h
maps evens in A to 2 and odds in A to 6; 68 Yes.
There are many examples;

Section 3.2
1 3 2
71 f 0 = 21, f 0 =
0 2 0
4 1 6
2 |, 2f 0 = 4 |; 74 Yes! Ver-
2 0 4
ify both axioms from the definition; 75 [ 402 ],

{[ 9?2 } S ER};766:T(17)+T(7J):T(5+

@), 0 = aT(7) =
ax: a € R}

T(av); 77 Ker T = {ax?® —

Section 3.3
7 7

78 No, f = for any z5 € R; 80
X9 0
45 47

Notethat{[%},[48

[ ig ] and T(a?) = [ g }  an-

swers may vary; 81 T'(1 + x) = 1 and T'(2?) = x;

82T<[ 1
Z2

] } is a basis for R?, so

let T(1+ x) =

}) = x1 + x2 + 3 is not linear;

Section 3.4
2
R 76 R 3
85 AU = , B = 53 |; 87 Ker A =
100
83
-1
Span —1
1
Section 3.5
0 1
96 Col A = Span{[ 1 ],{ 1 }, 97 No

1 0
to both, Col A = Span 1|, [ 1 #*
1 1

T
R3 90 T(Z) = [T(&)---TE) | : |: 91
Tn
0010
00 00 00 1
A= ;95 A =
10007 {01—1}
00 0 1

Ker A = Span {é;}, Ker T' = Span {x2};

Section 4.1

103 x = 118, y = 122; 105 The second, fourth, fifth,
seventh, and eighth are in row echelon form. The sec-
ond and eighth are in reduced row echelon form;

Section 4.2
107 1 = —3x3 + 2, x9 = —dx3 + 1, 1 =
—2x9 + 2, x3 = 1/5; r1 = —3x3 — 2;4 + 2,

To = —bx3 — 3xy4 + 1 108 The forth and fifth corre-
spond to systems with no solution;
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Section 4.3
111 The vectors are linearly dependent be-
1 1 2 1 0 0
cause 1 1 2 ~ 01 0], so
1 0 1 0 0 O
it’s not a basis; 114 ¥3 = U + ¥y; 115
1 1 0|3 1 0 0 4
1 0 1]1 ~ 01 0|-11, so
L1 1 110 00 1|-3
M3 1 1 [0
1 = 4] 1 — 0 -3 1]; 116
L 0 1 1 | 1
1
Imag T = Span 01,1 , Ker T =
0 1
-1
Span 1 :
Section 4.4
19 22 23 34
118 AB = BA = ;
{43 50}’ [31 46}’
riay1 + - +Ipa1p
119 AZ = ; if 7 is the
T1QAm1 + -+ Tplmp
a1
ith row of A, then 71 = o laso T =
aip
ai1T1 + 0+ GipTp; AB = |:A51 Agn} =
7T b+ +7 by
by + +7L by,

Section 4.5

121 The third and fourth correspond to one-to-one
linear transformations; 122 The second and third cor-
respond to onto linear transformations; 125 B~ =

4 -2 -1
1 -1 0 ;1265:[23};
-3 2 1

Section 4.6

412

-1 0
127 Row A = Span 01, 1 ,
1 -1
-1
Ker A = Span 1 128 Not invertible, in-
1 1 0
vertible, not invertible; 130 P = 1 0 11,
2 01
-1
[f]so = 2
2
Section 4.7
57/13
1313 =| 1 |,0;2; = | 25/26 |,2V13
2 61/26
Section 5.1
134 X = 9 has eigenvector 1 |,and A = 0
1
1
has linearly independent eigenvectors 0 | and
-1
1
1|
0
Section 5.2
137 det A = 21, det B = 93, detC = -3;
138 det A = 10; 139 linearly independent; 140
det A=Y = (det A)~%; 141 det A5 = —32 142
det(A — AI) = 5A(15 — X); 144 A has eigenvectors
M1 2
0 | and | 3 |, respectively. B has eigenvectors
0

0
[ 1 )
—1 | and [ —2 |, respectively.
L O 3

Section 5.3

—3(2F) +4 12(2F) —12
-2 +1  4(2%) -3
eigenvalue A = 2 has geometric multiplicity two, so
A is diagonalizable.

147 AF = ; 148 The
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Answers to Selected Exercises

These are at least as reliable as answers you’d find on the internet. In many cases, only answers without the

appropriate explanation are provided.

Section 0.1

0.2.2 (a) function, (b) relation, (c) neither, (d) func-
tion; 0.2.3 no, check 1/2 and 2/4; 0.2.4 yes; 0.2.5 no;
0.2.8 (a) 0; 0.2.10 (a) (1,2); 0.2.11 (a) —1, (b) no

Section 1.1

Section 1.2
1.2.6 (@) |[@1]| = v/10, (b) Y107, (¢) 107, 1.2.8

v-u=3129v-u=-1

Section 1.3

1.3.3 (a) no, (b), no, (c) yes, (d) no, (e) yes, (f) yes;
1.3.11 (a) linearly independent, (b) linearly depen-
dent, (c) linearly dependent, (d) linearly independent;

-1 -3
1.3.15 plane; 1.3.8 v; = 4 |, Uy = 0
1 -2
Section 1.4
1
1440¢ {44ax+bz®:a,beR}; 148 | 0 | e
2
1
H,but—7| 0 | ¢ H; 14100 € {0},0+0 =
2
0 € {0},and k0 = 0 € {0}; 1.4.16 (c) V, (d)
1
Span -1
1
Section 2.1
2.1.2 (a) doesn’t span, (b) linearly dependent,
(c) linearly dependent; 2.1.7 (b) 2 =
1 0
1 -1 0 -1
; 2.1.1
[ e
0 L 1

0 1 ~1 0
219 | 1 | =51 |+5] 1|+0]0]:
1 1 1 1

2.1.23 answers may vary, {2} works.

Section 2.2

222 dim Hg < 6 < 7 = dimR7, it is possible that
R” # Hr;

Section 2.3

2.3.6 k1by = k1by + Obo, similar for kobo; 2.3.1 (b)
1 1

[1—|—x—|—332]B: -1/2 |, [llg=| —-1/2 |;
1 0

Section 2.4

Section 2.5

Section 2.6

Section 3.1

3.1.1 Onto: f ([ g }) = y, not one to one:

0 7
(o )=o=r([ 5 ])
Section 3.2

3.2.6 Calculate T'(Z + ) and T(Z) + T(¥) to see
they are the same. Then do the same for T'(aZ) and
aT(Z). Ker T = {0} 3.2.12 Since T(@ + @) = c and
T(¥) + T(¥) = 2¢, we would need ¢ = 0 for T to be
linear;

Section 3.3

3.3.1 (a) just onto, (b) both, (c) both, (d) just one to
one;3.341,3,2

Section 3.4
341 aam = 4andn = 3, bbm = 5
and n = 3, ¢c)m = 4and n = 5, 343
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-1 3/2
3 9/2 -1
Span e 0 ; 4.4 a) { 1 ],
0 1
7
-2 ;34102 < dimKerTg < mnand 0 <
19

dimImag Tp < n — 2 since 71,72 C Ker T and
the Rank-Nullity Theorem tells us dim Imag Tp =
n — dim Ker Tp.

Section 3.5
1 3 1 1
51(a)[O 4},355(21){2 O}’
Section 3.6

3.6.1 It is never onto; 3.6.5 (a) yes, (b) no, (c) yes, (d)
yes; 3.6.6 (a) no, (b) yes, (c) yes, (d) no

Section 4.1
4.1.5 (a) yes, (b) no, (c) yes; 4.1.6

Section 4.2

4.2.1 (a) no solution, (b) infinitely many, (c) one solu-
tion; 4.2.3 (a) There is no solution when k = 4, other-

wise there is a unique solution4.2.5 (a) y = — %x,%
Section 4.3
4.3.2 (a) yes, (b) no, (c) yes, operations left to reader;
01 -1
43.1(@mno;438A=10 1 1 [;439A=
0 0 1
1 0 -1
0 1 —1 [;434%=2b+ by —2b3
0 0 1
Section 4.4
4 5 4 5 7 5 6
442
(a)[6 5}’(b){6 . 3],«:){8 1],
5 6 5 6 —2
@] 8 1], 8 1 —6 |,44.3(a)dragon,
2 5 2 5 0
—121
(b) { ig 2;1 (852 ],(c) —879 |, (d) dragon, (e)

—161

414

—56 70 84

~72 90 108 ,(f)[—86],(g)[gg},
80 —100 —120
. . 14 180 |
(h) dragon, (i) [ —1066 ], (j) [ 84 1080 }
Section 4.5
-1 1
454  (a) [ 1 _1 }, (b)  nope, (h)
1 _1 1 ?
6 6 2
—% 0 % ;4.5.6 (a) yes, (b) no;
1 11
6 6 ©
Section 4.6
462 (a) P71 = {_1 f] and [i]; =
17 B -1 2 =2
7 ,byP ! = 1 -1 1 |and[Z]z =
0 0 1
-1
1
Section 4.7
1 2 3
4 5 6
4.7. i A == . T =
3 Using 7 8 9 z
10 11 12
1 2/5
z3 | =2 |+ | =3/10 |;475y=Za%+ 32—
1 0

Section 5.1

5.1.1 (a) no, (b) 5, (c) —1, (d) 1, (e) 1, (f) no, (g) 1,
(h) no;

Section 5.2

5.2.3 det(kA) = k™det A; 5.2.6 (a) —256, (b) no,
(c) 2, (d) 8 5.2.8 Nonsense! However, if A is square,
then it it true. Prove it; 5.2.10 5357, 0

-1 0

P
[ 0 512
the calculation; ;

Section 5.3
A =
should finish

5.3.1 } P~ but

you 534
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Addition: Addition is the function (4): R x R — R defined by relating two real numbers to their
sum. Multiplication is the function (-): R x R — R defined by relating two real numbers to their
product.. 14

affine transformation: An affine transformation is a linear transformation composed with a transla-
tion.. 229

algebraic multiplicity: For an eigenvalue A of a matrix A € M., ., the algebraic multiplicity of A is
the multiplicity of A as a root of the characteristic polynomial for A.. 345

basis: Let V be a vector space. A finite set of vectors B = {71, ...,7,} is a basis for V if
(a) B is linearly independent, and
(b) Bspans V.
.77

binary operation: Let A be a set. A binary operation on a set A is a function f : A x A — A where
the domain is A x A.. 10

Cartesian product: Let A and B be sets. The Cartesian product of A and B, denoted A x B, is the
set

{(a,b): a € Aand a € B}.
.4
change of basis matrix: Let V' be an n-dimensional vector space with bases
B={by,bs,....by}and C = {&1, 5, ..., G}
Define the isomorphism
wpsc: V = V by vppe(G) = b; foreach 1 < i < n.

Then the change of basis matrix from BB to C is the matrix for g, with respect to the basis C. In
particular, it is the matrix Pgyc € M, x, defined by

poc = [[8], ],

characteristic polynomial: For A € M,,«,,, the degree n polynomial det(A — AI) is called the
characteristic polynomial for A.. 343

. 304

416
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closed under the operation: If a x b € A for any a,b € A, we say the set A is closed under the
operation *.. 10
codomain: Let f: A — B be a function. The codomain of f, written codom (), is the set B.. 8

coefficient matrix: The matrix A in the matrix equation A7 = b or the augmented matrix [A|a is
called a coefficient matrix. . 235

column space: Let A = [@; - - - @] € My xn. The column space of A, denoted Col A, is the span of
the column vectors @; for 1 < j < n. That is,

Col A = Span{dy,...,dn}.
. 197,219

composition: Let A, B, and C' besetsand f: A — B and g: B — C be functions. The composition
of the functions f and g is the function (g o f): A — C such that (a,c) € g o f if and only if there
isab € B such that (a,b) € f and (b, ¢) € g. That is, for any a € A,

(90 f)a) = g(f(a)).
151

conjugate of A: For A € M,,.,(C), the conjugate of A is the matrix A = [a;;] € My,x,(C)
obtained by conjugating every entry A. . 381

conjugate of z: For z = x + iy € C, the conjugate of z is the complex number z = = — iy. . 367, 381

conjugate transpose of A: The conjugate transpose of A, denoted by AH is obtained by conjugating
the transpose of A; that is, A# = AT, . 382

convolution: Let A = [a;;], B = [bi;] € M., xn. The convolution of A and B, denoted A * B, is

AxB= ZZlanUI

i=1 j=1
. 320

coordinate vector: The coordinate vector of v relative to B is

C1
[0]8 =

Cp

. 101
coordinates: Let B = {¥1,...,7,} be a basis for vector space V', and suppose ¥ € V. The coordi-
nates for U relative to B (or the B-coordinates of U) are the weights c1, .. ., ¢, such that
6201171+"'+Cp17p.

. 101

determinant: For n > 2, the determinant of a matrix A = [a,;] € M,y is the sum

detA = ail det A11 — a2 det A12 + -+ (—1)"+1aln det Aln

n

= Z(*l)j+1a1j det A1j>

j=1
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where A;; is the submatrix of A resulting from removing the ith row and jth column.. 338

diagonal matrix: A matrix of the form

dy 0 -~ 0
0 doy --- O

D= . . . . € Mnxn
0 0 - dy,

is called a diagonal matrix.. 356
diagonalizable: A matrix is called diagonalizable if it is similar to a diagonal matrix.. 356

dimension: Let V' be a vector space. The dimension of V', denoted dim V, is the number of vectors in
a basis for V.. 93

direct sum of linear transformations: Let V; and V5 be vector spacesand 73 : Vi — Vi and T5: Vo —
V5 be linear transformations. The direct sum of linear transformations of a square matrix 7} and 15
is the linear transformation 77 & T5: Vi & Vo — Vi & V5 given by

(Ty & Tz) (01, Ua) = (T, 1)
. 365

Distance: is the function dist: R” x R™ — R defined by relating two vectors to the length of their
difference. That is, given ¥, & € R™, we denote the distance between ¥ and @ as dist (¥, @) given by

dist (¥, @) = ||¥ — ]|
.34
domain: Let f: A — B be a function. The domain of f is the set

dom (f) = {a€ A: thereexists b € B such that (a,b) € f}
= {a € A: there exists b € B such that f(a) = b}

eigenspace: The set of all solutions of
(A= XE=0
is a subspace of R called the eigenspace corresponding to X relative to the matrix A.. 326

eigenvalue: A scalar \ is called an eigenvalue of A if there is a nontrivial solution ZR™ of AZ = A%,
and we call such an & an eigenvector corresponding to \.. 325

eigenvector: An eigenvector of a matrix A € M,,«., is a nonzero vector ZR™ such that AZ = A& for
some scalar A. . 325

elementary matrix: We call £ € M,, ., an elementary matrix if for any A € M, «,, the matrix £ A
is the matrix A after performing a row operation on A.. 284

equal as a set: A is equal to B as a set, written as A = B, ifand only if A C Band B C A..2



Glossary 419

free variable: A free variable is a variable in a system of equations that is not a pivot variable. That
is, a free variable in a system of equations is one whose column in the associated augmented matrix
in reduced echelon form does not contain a pivot. . 248

function: Let A and B be sets. A function from A to B, often written f: A — B, is a relation f from
A to B such that

if (a7b1) S f and (a7b2) S f, then by = bs.

For (a,b) € f, itis often written f(a) =b.. 7

geometric multiplicity: The geometric multiplicity of X is the dimension of the eigenspace corre-
sponding to A. . 345

Hermitian: A matrix A € M,,»,,(C) is called Hermitian if A = AH. . 382

Hermitian Inner product: Hermitian Inner product is the function -: C" x C"™ — C defined by

n
?7'17:ﬂlﬂl+"'+ﬂnﬂn: E ViU
i=1

. 367
Hermitian norm: The Hermitian norm is the function || - ||: C™ — R defined for any ¢ € C™ as
|15]l = VT - 5 = Voroy + -+ + Unp-
. 367

identity matrix: The identity matrix is the square matrix I,, € M,, x,, whose columns are the standard
basis for R in order. That is,

1 0 0 0
0 1 0 0
In=[e1é - &= :
0 O 1 0
0 O 0 1

. 280

image: Let V and W be vector spaces and f: V' — W be a linear transformation. The image of f is
the set of vectors W € W such that there is a vector ¥ € V and & = f(¥). We shall use the notation

Imag f = {W € W: o = f(¥) for some ¥ € V'}.
. 163

inner product: The inner product is the function -: R™ x R™ — R defined by relating two vectors
to the real number given by summing the products of like components of the two vectors. That is,
given ¥, @ € R"™, we denote the inner product of ¢ and u as ¥ - u, given by

U1 Ui

<y
g
Il

n
= VUL + T+ UV Uy = E Vil .
i=1

vn un
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Let V be a vector space with basis B and let [-],; : V' — R™ be the function that relates vectors in 1/
to their coordinate vector relative to 3 in R™. The inner product on V' relative to B is the function
-g: V x V — Rdefined as the composition of [-],; X [-] 5 on V' x V' with the standard inner product
-on R™ x R™. That is, for any vectors ¥, & € V, we define

—

Uopti= [0 - [ulg -
.31, 103

inner product space: We call a vector space, V, together with inner product relative to basis B an
inner product space.. 106

integers: The set of integers, Z, is the set of counting numbers, negative counting numbers, and 0.
That is,
Z={..,-2,-1,01,2,...}.
.1

intersection: The intersection of two sets A and B is all of the elements that are in both A and B. We
denote this intersection as A N B.. 64

invariant subspace: Let 7: V' — V be a linear transformation from an n-dimensional vector space
V to itself and suppose W is a subspace of V. We say W is an invariant subspace of V for T' if for
any £ € W, the vector T'(Z) is also in . . 350

invertible: A function f: A — B is invertible if there is another function g: B — A such that
» foralla € A, (go f)(a) =a, and
» forallbe B, (fog)b) =b.

If such a function exists, we call it the inverse of f, and denote it f~ 1.
A matrix A € M, x., is invertible if there is another matrix B € M,, ., such that

AB =1, = BA.
We call the matrix B the inverse of the matrix A.. 153, 290

isomorphism: Let V' and W be vector spaces. A linear transformation 7': V. — W is called an
isomorphism if it is both one-to-one and onto. In this case, we say V and W are isomorphic vector
spaces, and denote thisby V' = W.. 179

Jordan block: A Jordan block is a square matrix whose entries are the same constant, A € C, on the
diagonal, 1 on each entry immediately above the diagonal, and zero elsewhere.. 362

Jordan chain: If A € M,,«,,(C) has eigenvalue A with eigenvector ¥y, then a Jordan chain for A is a
set of vectors S = {¥1, ... 0} for some k < n such that

o A=) A—NI A=XNI o, A-XI , A=)\ =
P — Up_1 — -+ —> U1 — g — 0

. 362

kernel: Let V and W be vector spaces and f: V' — W be a linear transformation. The kernel of f is
the set of vectors 7 € V such that f(#) = 0. We shall use the notation

Ker f = {7 € V: f(¥) = 0}.
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L 171

least squares solution: A least squares solution for the matrix equation AZ = bis a vector & € R"
such that for all 7 € R™,
A% — Bl| < [|AZ — B].
The least squares error of a least squares solution is || A% — b||.. 312

left shift: The left shift on C™ is the linear transformation L: C™* — C™ given by

x2
T
L =
Tn
In 0

. 364
left-singular: If there are unit vectors & and v such that
Ai=ci and ATdi=ov

for some nonnegative scalar o, then « and v are called left-singular and right-singular vectors,
respectively. . 388

Length: is the function || - ||: R" — R defined by relating vectors to their length. That is, given
¥ € R™, we denote the length of ¥ as ||¥]|, given by

9] = VT -5 = \Joi + -+ 07

Let V be a vector space with basis 5 and let [-]; : V' — R” be the function that relates vectors in
V to their coordinate vector relative to B8 in R™. Length relative to B is the function || - ||5: V — R
defined by relating vectors to their length by composing the function [-]; X [-],; on V with || - || on
R™. That is, for any vector v € V, we define

[19ll8 = [I[7]sll-
. 33,105
linear combination: The vectorin V'
a1 + -+ - + apUy
is called a linear combination of the vectors ¥, . . ., Up with weights a1, ..., ap.. 40

linear transformation: A function f: V' — W, where V and W are vector spaces, is called a linear
transformation if for any vectors ¥, ¥ € V and any scalar o € R,

> (5 +) = £(5) + £(i) and
» f(a¥) = af(D).
For ¥ € V, the vector f(¥) € W is often called the image of U.. 163

linearly dependent: The set {#4,...,9,} C V is said to be linearly dependent if there are scalars
ai,...,a, € R, notall 0, such that

a1V + -+ a, U, = 0.

.45
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linearly independent: A set of vectors {1, ...,7,} C V is said to be linearly independent if
a1171+~--+an17n:6

only whena; = --- =a, =0..45

main diagonal: The main diagonal of a square matrix A € M,,,, are the entries a11, a2z, .. .any
starting at the upper left corner of the matrix and going diagonally to the lower right entry. A matrix
is called upper (lower) triangular if all the entries below (above) the main diagonal are zero.. 332

Markov chain: Given a finite set of szates, {1,2,...,n}, in which the probability of transition from
the current state to another depends only on the current state, a Markov chain is a sequence describ-
ing how a distribution amongst the states evolves as a result of these probabilities. . 395

matrix: An m X n matrix A is a rectangular array of numbers with m rows and n columns:

a11 ai2 - Q1n

a21 G2 -+ Q2n
A =

Am1 Am?2 o Gmn

The number a;; in the ith row and jth column is called the ¢jth entry. Matrices are sometimes also
written as

A = [aijli<i<m, -
1<j<n

An n X n matrix is often called a square matrix.. 190

matrix representation: For any linear transformation 7: V' — W, we call the matrix A obtained
from Theorem 3.5.2 a matrix representation of T'. . 206

norm: is the function || - || : R™ — R defined by relating vectors to their length. That is, given 7 € R",
we denote the length of ¢ as ||¥/]|, given by

[0 = V- 0= /vi +-- + 0k

Let V be a vector space with basis B and let [-]; : V' — R™ be the function that relates vectors in
V to their coordinate vector relative to B in R™. Norm relative to B is the function || - ||5: V — R
defined by relating vectors to their length by composing the function [-]; X [-],; on V with || - || on
R™. That is, for any vector v € V, we define

s = l[e1]
. 33,105
normal equation: The normal equation for a matrix A € M., «,, and a vector beR™is
AT A% = AT,
. 314

one-to-one: For sets A and B and a function f: A — B, the function f is one-to-one if for any
b € ran(f), we have a; = ag if f(a1) = band f(ag) = b.. 150

onto: For sets A and B and a function f: A — B, the function f is onto if for every element b € B,
there is an element a € A such that f relates a to b, that is, f(a) = b.. 148
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orthogonal: Vectors ¢ and « in vector space V with chosen basis 5 are said to be orthogonal if
v-u = 0. Let V be an inner product space and W be a subspace of V. If a vector v € V is

—

orthogonal to every vector in W, then we say v is orthogonal to W .. 106, 114
orthogonal basis: An orthogonal basis for a subspace W is a basis for W that is also an orthogonal

set.. 117
orthogonal complement: The set of all vectors ¥ € V that are orthogonal to W is called the orthog-

onal complement of W . The orthogonal complement of W is denoted W .. 114
orthogonal projection: For any two vectors ¢ and « in an inner product space, the orthogonal projec-

U

<y

.

tion of ¥ onto 1 is
roj g (V) = —=
proj (V) = ——
Let B = {#1,...,7,} be an orthogonal basis for a subspace W of vector space V. For any vector
v € V, the orthogonal projection of ¥ onto W' is
v-U U-Up
T+ 4= f Tp.
Up - Up

S
S

projw () =

. 123,132
orthogonal set: If S is a set of vectors in a vector space with inner product relative to basis B such

that all pairs of vectors in S are orthogonal, then S is said to be an orthogonal set.. 117
orthonormal basis: If S is an orthogonal basis of vectors in a vector space such that any vector in .S

is a unit vector, then S is said to be an orthonormal basis.. 119
orthonormal set: If .S is an orthogonal set of vectors in a vector space such that any vector in S is a

unit vector, then S is said to be an orthonormal set.. 119

parametric solution: A parametric solution for a system of m equations in n variables that has an
infinite number of solutions is a representation of the solutions in which the free variables serve as

parameters.. 248
pivot column: A pivot column is a column in a matrix that would contain a pivot were the matrix put

in row-echelon form. . 260
pivot variable: A pivot variable is a variable in a system of equations whose column in the associated

augmented matrix in reduced echelon form contains a pivot. . 248

probability vector: A vector whose entries are all nonnegative and sum to 1 is called a probability
.,dy, and let ¥ € R™. The

vector. . 395

product of a matrix and a vector: Let A € M,, ., with columns a;,
product of a matrix and a vector, that is, the product of A and T, is the linear combination of the

€

columns of A with the entries of Z as weights. That is,
T2
=101 + T2l2 + - + Tpp.

L

. 191
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product of matrices: Let A € M,,«, and B = [51 e l_fp] € M,,xp. Then we define the product of
matrices A and B to be the matrix AB € M,, x, given by
AB = A[by ---by] = [Ab; - - - Aby).
. 276

pseudoinverse: Let A € M., ,, have singular value decomposition UDVT r be minm,n, k be
the number of nonzero singular values, and o4, ...,0%,0f,, ..., 0, be the diagonal entries of D.
The pseudoinverse of A, denoted A™, is the matrix VDU, where DT € M,,«,, is rectangular
diagonal with diagonal entries 1/07,...,1/0%,0,...,0..390

range: Let f: A — B be a function. The range of f is the set
ran (f) = {be& B: thereexists a € A such that (a,b) € f}
= {b € B: there exists a € A such that f(a) = b}
. 8

rational numbers: The set of rational numbers, Q, is the set of well-defined ratios of integers. That
is,
_ )P,
Q= {.anZandq;&O}.
q
L2

regular: A transition matrix, A, is called regular if A* has no zero entries for some positive integer k.
. 397

relation: A relation from A to B, r, is a subset of A x B;thatis,r C A x B.. 4

restriction of 7: Let 7: V' — V be a linear transformation from a vector space V' to itself, and
suppose W is a invariant subspace of V for T'. The linear transformation T'|y : W — W given by
T|w (W) = T(wW) for all & € W is called the restriction of T to W. . 351

right-singular: If there are unit vectors ¢ and ¢ such that
AV =ou and AT = o0

for some nonnegative scalar o, then & and v are called left-singular and right-singular vectors,
respectively. . 388

row operations: Let A € M, ,,. The following manipulations of A are called row operations:
(a) interchanging any two rows in A;
(b) multiplying any row by a nonzero scalar; and

(c) replacing the ith row with the sum of the ith row and any nonzero scalar multiple of any of
the other rows.

Any matrix resulting from any row operation on A is called row equivalent to A.. 238

row space: For a matrix A € M,,«n, let 7; be the vector formed from the ith row of A for each
1 < i < m. The row space of A, denoted Row A, is the span of these row vectors. That is,

Row A = Span{ryi,...,7m}.
. 223,300



Glossary 425

row-echelon form: Let A € M, ,,. We say the matrix A is in row-echelon form if

» the first nonzero number from the left, also called the pivot, of any nonzero row is always
strictly to the right of the pivot of the row above, and

» any row with nonzero entries is above any row of all zeros.
We say A is in reduced row-echelon form if

» it is in row-echelon form,

» every pivotisa 1, and

» every pivot is the only nonzero entry in its column.

. 240

set: A set is an unordered collection of objects we call elements.. |

set difference: Let A and B be sets and B C A. The set difference of A and B, denoted A\ B, is the
set of elements in A and not in B. Specifically,

A\B={a:a€ Aandb ¢ B}.
.3

similar: Matrices A, B € M, «,, are similar if there is an invertible matrix P € M, «, such that
A = PBP~!, orequivalently, B = P~'AP.. 353

similar linear transformations: Two linear transformations are similar linear transformations if they
have similar matrix representations. . 365

singular value: A nonnegative o € R is a singular value for A € M,,,x,,(C) if there are unit vectors
4 € R™ and ¥ € R such that

AT=0i  and AT = o7
. 388
Sobel operator: Let
-1 0 1 1 2 1
Gz=| -2 0 2 and G, = 0 0 0
-1 0 1 -1 -2 -1

The Sobel operator is the function S: M3, 3 — R defined by
S(A) = (AxGy) + (A% Gy).
. 321

solution: A solution for a linear equation a1 + - -+ + a,x, = b is an n-tuple (x1,...,x,) that
makes the linear equation true. The graph of a linear equation a1z + - - - + a,x, = b is a visual
representation of the set of all n-tuples (x1, ..., x,) in R™ that make the linear equation true.. 251
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solution for a system: A solution for a system of linear equations

ai1r1 + appr2 + - 4+ arT, = b
a2171 + axrs  + 0+ AT, = b
am1%1  +  GmeTz + 0+ Apmp®n = bm
is an n-tuple (z1,...,x,) that makes all the linear equations in the system true. . 234
span: LetV be avector space and {01, ...,7,} C V. The span of U, . .., Uy, denoted Span {1, ..., Ty},
is the set of all linear combinations of ¥y, . . ., Uj. That is,

Span{vh,..., U} ={a10i + -+ aptp: a; € Rfor1 <i < p}.
.42

steady-state vector: For a transition matrix, A, a steady-state vector is a probability vector, Z, such
that A¥ = . . 397

subset: A subset of a set A is a subcollection of the elements of A; that is, B is a subset of A, written
as B C A, if and only if every element of B is an element of A.. 2

subspace: A subspace of a vector space V is a subset H of V' with the following three properties:
» The zero vector is in H.
» (Closure under vector addition) For any ¢’ and @ in H, the vector ¥ 4 « is also in H.

» (Closure under scalar multiplication) For any ¢’ in H and any a in R, the vector a4 is also in
H.

.56

sum: Let U and W be subspaces of a vector space V. The sum of these subspaces U + W is defined
as
{i+w: weU,e W}
Additionally, if U and W have the property that U N W = {6} then we call this a direct sum and
denote it U & W.. 66

symmetric: A symmetric matrix is a matrix A such that AT = A.. 378

transition matrix: A square matrix whose columns are all probability vectors is called a transition
matrix. . 395

transpose: Let A € M., . The transpose of A, denoted AT, is the matrix in M, derived from
A by making the jth column of A into the jth row for each 1 < j < n.. 222,278

unit vector: A vector ¥ € R™ is said to be a unit vector (or to have unit length) if ||0|| = 1.. 33

unitary: A matrix U € M,,,,(C) is called unitary if UU? = UHU = 1,,. . 382

vector space: A vector space is a set V' together with two operations that satisfies all the ten vector
space axioms.. 16



