
 

Statistics Mar d

Bayesia Hypothes.is iy
Consider Ho Q Oo

vs H O I O_O

Technique Put a prior on 0 and Ho then

compute P Ho 18
this is our observed

data

EI Put the prior P Ho PLH Ya

Then compute lP Holy
RfHolI flE

fly

HEIHo Pto in our case

fledHo 11 tflx IH.JPH lPlHo lPlH

ffxloolffxlO
o tflxIHi

flx4
flitted tfflxlo
lfloldo.LI
Lloo t Llo lflo I do



Notes priors f can have a large influence on

Holt
Improper priors are not allowed

IMHO15 is the probability that Ho is

true givin I this does not tell us when

to reject the null hypothesis When do we

reject When do we retain

We need more detailed analysis

Read 11.9 in All of stats for more strengthslurahnesses

Regression standard their regression

Goal Fit noisy data using a curve

E

t t itytxij GPfm.ie
parametric parametric non parametric

Denote Y random variable response variable

X covariate predictor feature

Regression rix E Y14 4 fyflyte dy
Goal Guin data IX Y xnYu Fy estimate rCx

model



Basic Linear Regression

Model rtx Pot pix simple linear regression
model

Observe some data XiYu

Assumption Var Yl x x o

Yi potB Xi t Ci
n

EIEilXi 0

Var GilXi it

Gain this data for the statistical model findestimat
for the unknown coefficients fo B fo B
Fitted line Flx Fo tf X
Predicted valves vii FIX

Residuals Eo Yi Yi Yi ftp.xi
Residual sum only one such
of squares

RSS E E
metric to determine
how ult f fits the
data

i I i estimate.ae
minimize RSS EEi

Bo can be found using calculus
linear algebra statistics etc



The f Hi 5 Yi T

Xxix
co4
varix

GxTy Pxy
and fo I B I I

Jv1 Pxy
Unbiased estimate of it ox

f Iz EEE

To find Bo f using calculus
sow Rss O

F Rss o

To solve using linear algebra

I't i
LeastsquaresanditaximumthudEstimatos

Add assumption that eil Xi N lo r

Til Xi N1mi T

Mi Bo tf Xi

write down the likelihood function

L in IT f x Yi IT f lxi f Yi l Xi
L X 121Pa B 02



L does not depend on any parameters

Lz is known as the conditional likelihood and contains

all the parameters

Idf Pi T on Ign e
2 Yi Bo B xi

logL Iz n tog r Lj E Ti BoPix
2

Them If c il Xi nNIO T then the MLE

for BoB is there as the least guar estimate

and Que f EEE
biasedestimator

Inpertie ueastsguarsestm.at

Thin Define D Ep

then EIBLY Pf

varina Eef Y
where 52 4 2 Xi 5

2



sort ofThe estimated standard errors are 1diagonals of covariain

Self I in
matrix

rn Sx

self I
in Sx

Thin Then estimators are

consistent

asymptotically normal

and therefore we can apply the Wald test

Ecg Ho B 20 us H B 1 0

Prediction

Setup Have the data X Y XnYn and
estimate fix Bot f x using least squares
Observe or pick 1 a new covariate X X and

we want to predict Y
Estimate if Bo X

Var YI Var Bo B xx

var fo t x var B 2 Cov Gopi
and Seth FAITH using it

How aboutat A confidence interval for Y

Mainly If I 2 Te YI is a l a confidine interval

but this is incorrect seeThm13.11 doexerintoa



The idea behind the mistake

the above confidence interval is only correct if

we never observed the independent noise Ci i e

in the realworld we observe Y Pot AX E

i ii com

pi
E

diorama

MILI I XB I see thin 13,13 for
the leastsquares solution

same as from liner algebra

class

Logistigression

Change the model Imagine that Yi e 0,13

i e Pl Til Xi pi

We want to model pi not Yi



Choose a particular parametric form

pi pi B pu PITI L Xi

mails

The logistic function
e o

logit p log Ep

Siew Yi I Xi Bernoulli pi

i m ii n

L must be maximized numerically

MultivaricileModeis

Rain 1 mn H ai
u



Covariance C Coulx X coulx X coulx xwl
matrix coulx X

covhg.x.it

cov XuXi coulke Xu

kik matrix

C is known as the precision matrix

Furthermore C is symmetric positive definite

eigenvalues of C are all positive

Thin Let in c 112k be a constant vector

then El atx city
Var tix utca

nxk
Let A c IR constant matrix then

E AI Af
Var AI ACAT another covannine

matrix

Next consider we have samples

Xie Xie Xin

Xu Xun



The sample menu is then

I I f Xi

xn

The sample variance matrix

Si Sir
s f s

gunwindwhere Sij Xie E Xie XI estimated
CovlXi Xj

EFI Els C

And since the correlation of two variables is

p Xi X
Cov Xi X the plugin
Varlxi Varlx

estimator for the correlation is

Pij
Sio Sjj



Example Multivariate Normal

I cRh n N Ju C if its density is

zayin
e twitchyf X Xu f c

1

it C112
C e 1124

4

EK F
Valk C

The Let I NIO I and C be a

Spd matrix

Let CK be such that Ch d C then

I p c I n N A c

i Fyi NIO I

atx n N atf orca

V EMtc Eu then V Xi
ITI

th For multivariate dat the log

likelihoodg c a 7 I n'Ticket Etrlo's Elogato



Recall that tr A Aii

S as before the sample covariance

matrix

The MLE's arc f I E TIS

GaussicinProcesses

Sinipiest interpretation the extension of randomvectors

to randomfunctic

Best single source reference

Rasmussen Williams Gaussian Processes furMachine

Learning

We say that f GP m k is a

Gaussian process with mean m and covarianie function k

E Hx mix

Cov Hx f x k x x

en H L
Covft K with entries klx.is

Ktx x E Hx mk flat mix's



Example covariance functions

KIX x A e

h X x BE one function from the

Matern family of covarani
kernels

Graphically

klx.io e
Tooo

k x e
Noooo

I
r Ix x't

term learn
x x SIXx I if x x

O otherwise Yffffhai Blt WNIT DT

t ten
lemon


