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* More on Projections
e Gram-Schmidt re-explained



Orthogonal Projections
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Orthogonal Projections
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Orthogonal sets

Let {uy, ..., u,} be an orthogonal basis for a subspace W of R". For eachy in W,
the weights in the linear combination

y=cu +"'+CpuP

are given by
y-u;
u;-u;

Cj=



Orthogonal Projections
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Orthogonality

True or False!?

a. Notevery orthogonal set in R” 1s linearly independent.

b. Ifaset§S ={uy,..., u, ; has the property thatu; - u; =0
whenever i # j,then S is an orthonormal set.



Orthogonality

True or False!?

The orthogonal projection of y onto v is the same as the
orthogonal projection of y onto cv whenever ¢ # 0.



Orthogonality

Givenu # 0inR",let L = Span {u}. Show that the mapping
X > proj, X is a linear transformation.



Orthogonality

Given u # 0 in R", let L = Span{u}. For y in R", the
reflection of y in L is the point refl; y defined by

refl,y = 2. proj, y —y

See the figure, which shows that refl; y is the sum of

y = proj, y and y — y. Show that the mapping y +> refl; y

1s a linear transformation.
1(7

L = Span{u}

The reflection of y in a line through the origin.



Orthogonal Projections

( veallgh 2 ‘OPM'D

B - -~ - ~ —
We G EGUp &+ G U—Zn’f 2
Ny —/} —\
. \/\:—\J N . A _\)}
2, z, 21 % P )gpemini Ny



Orthogonal Projections



The Orthogonal Decomposition Theorem

Let W be a subspace of R”. Then each y in R” can be written uniquely in the form

y=y+z (1)
where y is in W and z is in W= In fact, if {uy, ..., u, | is any orthogonal basis of
W , then

(2)
andz =y —y.
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Orthogonal Projections



Orthogonal Projections
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Orthogonal Projections
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Orthogonal Projections
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Gram Schmidt.

Algorithm 5.1 GRAM-SCHMIDT ALGORITHM

given n-vectors ar, ..., ak
fori=1,....k,
1. Orthogonalization. §; = a; — (¢ ai)q1 — - — (g;_,0i)qi—1

2. Test for linear dependence. if ¢; = 0, quit.
3. Normalization. ¢; = G /|G| 1((“ \\ =
‘v__
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Gram Schmidt



Gram Schmidt



