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Things to know

basic operation of matrix
e spanning space, null space
e projection and geometry

e linear map and matrix
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Visualization of Vectors
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Different views of vectors

e Coding
e Math
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Different views of vectors

a; = [1,0}, A = [2,0}

What is a1 + a2? What is 3a;? Draw your idea!
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Different views of vectors

a; = []., ].}, as = [2, 1]

What is a; + as? Draw your idea!

e On x-axis (another example)

e On y-axis (another example)
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Different views of vectors

a; =[1,1] = [1,0] 4+ [0,1] az =[2,1] = [2,0] + [0, 1]

Let a1 = [170}, a19 = [O, 1], a1 = [2,0], a2 = [0, 1] then a1 = a11 + a12 and as = asy + ass.
Thus,

a1 + az = (a11 + a12) + (a21 + ag2) = (a11 + a21) + (a12 + a22)

Draw the last term.
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Visualize a; + as!
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Vector and Matrix

in the view of computational perspective
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Notation

e Denote a 2-dimensional data array (n x p matrix) by X.
e Denote the element in the ith row and the jth column of X by z;; or (X);;.
e Denote by X the jth column vector of X.

e Denote the ith data(observation or record) by x; (column vector). Thus,

X:(X1 Xy oo- X,,):
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import numpy as np

A= [[1,2,3].[4,5.,6],[7.8,9],[10,11,12]]
print (" list:\n", A)

# matrix

A =np.array([[1,2,3],[4,5,6],[7.,8,9],[10,11,12]])
print( 'matrix:\n', A)

A1 ,1]

All,:]

Al:,0]

# example

n = 100

p =10

A = np.random.normal(size=(n, p))
A[0 ]

Al:,3]
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Multiplication
Let A be n x p matrix, and C be p x m matrix. The AC is n x m matrix, and (AC);; =
> k=1 (A)ir(C)ij-

e ABC+ AB>C = A(By + B2)C

e B1AC + AB>C # A(By + B2)C
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Multiplication of block matrix

Suppose that A;;Bjs are well defined. Then,

A A Bii B
Ay Ago By B

A1 B+ A12Boy A11Bia + A12Boo
A2 By + AsaBoy Ag1Bia + Az Boo
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Transpose Transpose is an operation defined on matrix. We denote the transpose of A by AT.
Image of transpose of n x p matrix is p x n matrix with (AT);; = Aj;

o (AB)T =BTAT
o (A1Ay- Ap)T = Al - AT AT
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Transpose of block matrix

.
An A\ _ [ Al A5
Ag1 Ag Al Aj
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Example

Let X be

X X
Xo1 Xoo )

then X T X is given by

T
X11 X12 Xll X12
X21 X22 X21 X22
_ X1 X1 + Xy X
X;QX11+X2—|—2X21
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_ [ X4 X%
XL X5
X1 X12 + X Xoo
X1T2X12+X2T2X22
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Trace Trace is an operation defined on squared matrix.

tT’:AERpo}—)Z(A)MER
J

tr(A+ B) =tr(A) + tr(B)
tr(kA) = ktr(A) (k is a constant)
Let A € R™"*?P and C € RP*™. Then,

tr(AC) = tr(CA)

tr(ATA) =Y, (A)?

,J ij
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Let x € R? and A € RP*P,

exp(z | Az) = exp(tr(Azx"))?
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(example) x € RP, and let 3 € RP*P,

e exp(—x' Xx) = exp(—tr(x ' Xx))
o exp(—tr(x"(Zx)) = exp(—tr(Zxx ")) = exp(—tr(xx' %))
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Inverse matrix

Let A, B € RP*P_|f
AB=BA=1

then B is inverse of A and we denote B = A~ 1.
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If the inverse matrices exist,

o (AB)"' =p-1A-!
° (AT)fl — (Afl)T
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Schur's lemma*

A B]™' [A'4A7'B(D-CA'B)"lcA™! —AT'B(D-cCcA'B)7!
C D - —(D-cA 'B)"tca! (D-CcA'B)~!

provided that A~ and (D — CA 'B)~" are exist.
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Orthogonal matrix
U € RP*? is orthogonal if UTU =UU T = 1I.
Denote the jth column and ith row of U by U; and u;, respectively. Check that

o U =UL
° UjTUj:Oforjyék:.
° u;ruk:()forj;ék.
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Positive definite matrix A € RP*P. If a" Aa > 0 for all a € R? (a # 0 € RP), then A is

positive definite.

Nonnegative definite matrix If ¢ Aa > 0 for all a € R? (a # 0 € RP), then A is nonnegative
definite.
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lan) Can we measure a certain amount of positive definiteness?
Louise) How about this? max, a" Aa and min, a " Aa.

Louise) Right. For a fixed A, a” Aa can be arbitrary large as (ka) " A(ka) > a' Aa for all k > 1.

(
(
(lan) Hm, reasonable. But, we have to worry about the scaling problem.
(
(lan) It'd be better fix it as max,;|=1 @' Aa and ming, =1 a' Aa
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Note that every covariance matrix is nonnegative definite.

(proof) Let X be a random vector and p = E(X), then ¥ = E(X — 1) T (X — 1) is a covariance
matrix. For all a € RP

a'3a = Ea'(X—p)"(X—pa
= E((X - wa) (X — )
E[|(X — wal* > 0
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Linear equations

Let © = (21, - ,xp) be a variable and a;;s and b;s are constants.
apnnzy+---tapr, = b
21T + -+ -+ F Q2pxp = by

ap1%1 + -+ UnpTp = bn

These n equations are simply written by matrix and vector.

Az =10

where A € R"*P, x € RP and b € R".
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