
CPSC 536F

PSD (positive semidefinite) matrices

and some foundations of ML

(machine learning)

Topics :

(1) Symmetric and positive semidefinite

metrices : theory and basic examples

(2) more examples and applications

(3) Kernel functions (usually symmetric
and positive definite) .



Applications Include :

- SVD (singular-value decomposition)
① Gives "best low work approximation of

any matrix

② Also writes any metrix
in a "convenient

form"

-

PCA (principal component analysis (

is arguably the same thing
- Regression and ridge regression
- Pseudo inverse of a matrix

(via SVD)



- Graph Laplacians
,
Expanders ,

etc.

D What do Laplacian eigenvalues mean
?

- Graph Edge Laplacians and Reversible

Markov chains

- Graphs : dur
,
curl

, grad
-

Continuous haplacians and kernels

- Kernel Methods

① the"Kernel trick"

② classical kernels

& RKHS (Reproducing Kernels
of a Hilbot space)

① Applications of kernels



in Stoff :

- There's na single textbook :

we're trying to give the minimum

amount of linear algebra needed

to understand the applications of

-> I'll provide :

-

My notes for classes
- References

, mostly textbooks

or
survey articles

(free to all UBC community



-> &S I'll take you
- Grades ! as a student

,

I'll write< nice

letter of recom.

90 :.. very strong

85 you're prob not

specializing in

&

CampSi Theory who

more background courses

-> 80 satisfied the

exceptations of a

grad student



Grading based on

- Homework Problems

- Perhaps a project ,

if
you
like



Intro to kernel functions !

Origins !

117"Harmonics" of ancient Greeks

(2) Heat
,
Wave

, Laplace equation ;

Green's function
, potential theory

1700's
,

1800's

(3) Hilbert "Kernels" ~1902

(4) A lot more work in early 1900's

(5) Bronszajn ,
1943

,
1950

organized the theory



Heat Equation on an infinite rodi
u= temp

temps 1 =

t = 0
- X

t = 0 . 01m
k(x

,yit)= +
(xyi4



Intuition via heat

equation properties :

- maximum principle

- analyticity for to

- Am = Ushere D: (

- u(x
,
+ = etB(u(x , a)]

[D is negative definite]

-> Cu(x)dx : the
is constant



The "Kernel frick"

Say you have training data

in IRP (1 large

f : IR" -IR2
Cow

-

ideal :

- rabbit

&



Bad data comes in circles
,

annuli
,

that sometime intersect .

① Idea : E : IR-> IRO via

# (x
,y) = (1,x , y ,

x2
, Xy
,
42)

② Trick :

& (x
. ,Y 1
) (x2

,Yz)

= (X , Xz
+ y , Yz + 1)2

- ((x . :1) · (x2142) + 1)2



-
(x

,y)1
+ (4

,
X

, Y , , Xy ,42)

Argo
X
on a circle

of radius r



Details :

circle centre (XoY)
,
radius v !

X = rcos2 + Xo

y = r Sing + Yo 3 8 CIR

Example : Say Xo : Yo = @

What is

Average I(x(0)
,
y(0)) ?

0 + G + 2π



g
: Inco,h
ronce)

(x
,
m)(x, y)

(1
,
x

, y ,
x2

, Xy , 42)
Average over circle do&
(1 ,9 ,

0 ,)

Xxy = r2


