Physics 361 - Machine Learning
In Physics

Lecture 3 - Background
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Unit 1: Background

1.2 Classical Statistics and
Data Analysis Background

Sources:
- Cowan - Statistical data analysis
- also mostly covered in deeplearningbook.org



http://deeplearningbook.org

(o=

C s timadors

¢ % (fdr-éml) 657[/-41/!4{0'/ quff a Iprea/r({/d'q ][or som ¢
7“““7[7/7[/ &-/ /h/(’/‘z‘s/ 7\' E? Z§//M4/¢r J’/ 7L4l"

a—

2w cay l;r/jh‘/ h

7 _ L .
h‘//,z'h’

o Giivew a A ata szf gx”h// Arawa /“‘"/Z’” 71'“”/'11
a ()D F F(X) / P €;7£('/44£i7///" i‘ Some 7[4»:(7[///7

7? — g[gkﬂﬁfjj
& sSoM ¢ {aa(//ilf

. d
(/yf Wrmlt leéf’rf//lmf”
means esfim 01714/,

/ 1/74“5"’/” o devivrd

Ay 0/7[/;#@[ estimatlsr

¢ , (6rre (’/

. A v

e W h b/ﬂ{(’ﬁ/ ; <Z> = 7( ol al/f"ﬂjf

e WnImim  yarigucy © |far [-i'] IS a5 5mall
a4 a{{/'bélf

(suallcs+ ertac)



a—

Some common estimatars nofatioe : X

7/
,,ba/ M ecaas wmMCean

M
N I
(7 Qo
a//ﬂ;)('( “ AL
’ v, LS x-x)
T om-l oy
] A m P )
(Ovarigact . Loy = .,‘_ (x _)-: Ay
Ny Z- ! )(y, y)

[bes e ‘-’57[/“7”‘/”5 hare a  varidnce ¢ F 7

LS

a ks .
l/[ X_]: i WL,Y/Y & 5 Aax vV aqridsily 0'[ X
Y



Lilelihood , {osfleviow / Prios

,T{/(e, é//( ([/'Aaﬂﬂ/ (s T4r f)/déﬂé/'//}// y,/ qum,,h-;,
/{mla ,,/ ‘7(}64 A W&O/(L /‘7 w/M /7“’4/%8'/?/'5 )—i

D (A1 M3

g./{cq q;t"ﬂl AaAq T4 [dS'j {44(/{54
,',, Mﬂ[hl'h( Lt’drq//"r; .

' T&e faf‘)[f’flg/ is f[lf A;«JkﬂélZ/;[y a7L PﬂVQM C7[(’//§ Z)

7”/\1’4 Uégf’/‘ y;ﬂ/ ”'{””Z” J 4.3 @ 57[464&//,«”{{
R > A Higgs wags
7(/-\///] / ”) E col( s 164 o/m/q




e The prior Vgt s tae prebability of 3
‘7?—/9/* Ww {7("’][&’/%4 1ar ’W/z’a;é/rmz‘h{

6,7.0](Ca7[ 1y sgane I'M{(/yaé F (

W
/ w,

¢ Gausstan arouwnd seme /D"/?V measasra cqtl

fr/}/ /5 (’64/0’/"7/61;47/ ,'/ fé, 0/47[4 e zm/y(7 fm;//m/};/‘

» Tually we hare the cyidrac e

F(Z) (s fhe f/déaér.//éy a/ T4, a/a/q
ah/‘(/ .4,,,,&0/([ /7 ,Fa/ AW/ /74/‘01114{/8//“5 /’_Z(>

d) < [ £(di7) Tezy 4

(
07[/”' “‘M/ ('é Wldd/ﬂl Cﬂm/n//édﬂ,



Mﬁy/'mhh/( L{'k f[/'hﬂdc/ a”/ Mak/‘;,q‘" /4/’5/,,/-”//.

o Combearns thr Concepls of esfimators ond
Likel, oo ds w 4((/(1/?1 ta ,

/M“k 7 u [;/4 ([/‘LI/JO/ 6{///;/147[01/

- argm /? >
| ML J 2“‘ ﬁ ( {,1>
{JM{[(MU wit caa s (T qué/y/,(ﬂ'léy.,

N

b

Fx = U
A= 3

(] wdt ama[///(\ﬂzly frackable use qu nim evcal az)of/'wze/.

s« W e y,g’?//;, ¢ the Ma ximam df”f{f’/ﬂ.//' Pf%/%d’///
(MAP)

Y
71 = argwmay V(ald



Gaasstan L 1 kelrhood

ﬁ674« 5% (éq Lf./<c // '45 f/f anre @/ 7["”' /5@’7{ d///'o,r/haﬁ?ﬁj

o] of ata

—I;/ydleﬁ’ J

/74/{/25,

W( meaqasnr < 74 /?:’/‘faﬂ /ﬁ 01/{/;4/ w
7'0 ?(/ q A O{h(z’///ﬁl/ﬁﬁ}[y w' ¢t Wfafé(/f
[ 00 1L/‘M€§,

W assqgmMy 7‘44/ fby ofata (5

cscoihed b D
oA escr by A W+
7 T
toath Crants(an na/s s
W/'fzfl Var/aacy
544/

We  wanl fo measnrs ta » Paramebes

w and s



T}// a 5//"}1( ohs co v a f/&”n fér L/%“’Zﬂ'””@/ /"5‘,

N2
E(d'U),O’w)EP(de,O'w): 1 exp{_(d ;U) }
k/_V;J 27‘[0’1% 2O—w A
A

T(:-cv,r ] w.m/g/ea/m/ ’Wl"“é‘t/'f'mrvz%f 2~P s £hr /"d/ﬂ(/"
: p{_Z?’Ll(di - w)z}

ex
Qro2)m/? 2072

£ (e, |w, ow) =
Wy 75/ th - (af?/erm‘y —,L"‘JW/ 4872'5 Fheorem -

v, v (§43) > K143 [ws) P2

F( ;
( 4
(( 1142’ (Jf/ﬁ/ (4 7[[&7' witt (Can 01/&/74’ wnLé {'4(’

magx! mhm L//<rl/°hao’o/ fé}é/ﬂ*'m///.




The Wa g, Ckr(/éwa/ e;//wm/ﬁr f‘;,_” w 5 -
95 ’

Coq8t
35 m 2i=1(di —
o2(2mo2)ym/? 202
oL ! =
= & ;(d,—w)=o
. \ Thff /-5 4o
Q/L,/{ o/ W : _A_l . 1y
1[ Kw/_w_miz;d, A 4 e&FCC‘/PJI /
—
W e caa (/ dlfﬂ //J __)f {~a \[/mof g
/s, v

While bhers {4 Fesalf s /,dﬁk//){;/// fh s ¢

g e h coal /9/\&('(0{%/‘/& .[d Y[,;,/ gg}L/:{/mﬂ/ﬂ//j f/}(@

g wodel .(,: [(‘kr[/'éddﬂ/).




'9‘”"' 'PL""l f’tzr !)45{01&/ ; /h(MZ

W e ha 7+ Lt"d vned  bow Hto y(’?[ t4 ¢ f"ﬁ/f";fr

A

][ar [)q/amz’%u’s 2 7/)(;7 /a /a/ 0/,

« [ g ?(,”h b
J f(’;l {p/) :f(ﬁ/[;) F(;l)
Ve o]
Ottcn we oaly weed fhr wppormalis posteor

%
(A1) < Pedia) Pey

The cvderce does wol depend o4 5 and can
thas be /f'/wmrp/ when %/é//é}; A

4 T&LC‘rt (¢ 57[/1[ q /’/"dé[('%] "/ﬂ O/PQL W/%é .
/i mqf/”/al//'&kﬂé ﬂll’f)//'célllyo



Exq*m/[?.‘ /457/1W12’ F(;\ /07) D/f/fh//ﬁ o #7

L {?a ra m r’/rwS,

(—/aa/ A o W e (,,/a;-/( W/;Zé gﬂ(é a 4/’;4 //th(/mq/
Vaa’?lf’f/bf 2

{{_’ w e (Vﬁ[ﬂﬁ?z(’ /'71' 0N o j//./ W/}Zé [0 lya/’h/;
I)PV Armcnsigy M/(/ﬂ/ neeof

(/ﬁd) H evalaalisag
7“2‘ ‘“"""07[ be Adorne.

(“97[('0'0{ T Y e WUI//4§ M//’Zé 5ﬂ(4 P”;?/r//;/j
by samplity foom Fhem wustig o wclhpd

calted Marko (hain Moalt Carlo (4ng)
F?rlxaps éOvar% La{ﬁ/ I +4 i couvse, )




Unit 1: Background

1.3 An example of data
analysis In physics that uses

these concepts



A physics application of these concepts: The CMB power
spectrum

| want to show you an application of these ideas to real physics. The CMB
power spectrum analysis is one of the jewels of physics, telling us much of
what we know about the history of the universe.

 Of course this is a complicated topic and | can only give you a brief idea.

 The Cosmic Microwave Background is a radiation that permeates the
universe. It has a temperature of about 3K and has been measure extremely
precisely.




The CMB map
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The dataset

 Our measurements will be the power spectrum as a function of scale. It can
be extracted from the previous map by taking its Fourier transform and
squaring the mode amplitudes.

e Our data points are:
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The likelihood

« We will make a Gaussian likelihood.

 Our theory model is that the mean curve (green) is a known function of
cosmological parameters, which we want to measure.
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Sampling the posterior

Since we have a likelihood, we can now use Bayes theorem and get the

posterior.

Then, one can sample from the posterior, to get the likely values of the
desired cosmological parameters.

The result looks are Monte Carlo plots like this:
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Unit 1: Background

1.4 Information theory
background
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Shannon entropy of a binary random variable
I I

0.7
;g 0.6 /7\ —
5 05) MA k(M 4 (414/// -/M./m// a/ l%f POF
g oar 6= Log (N =1) & 1 a4t of p.
§ 0.3} | .
§ 0.2} NLA~ (n:n[“("’l f'f’fhl][ N
£ 0.1 / M |
’)MM/W”[ m deeplearningbook.org
0.0 l | | | I
0.0 0.2 0.4 05‘ 0.6 0.8 1.0
P - —
E&dmflf .‘ braar ~anden Vd"(&é[{r X - o ’0
/ 0

(a(rala/z -/ér eu#"f//
§ = - 2 pi Ly (pi)

= = (1=p] Lescl-p) - F/aj(lﬂ)


http://deeplearningbook.org

Course logistics

e Reading for this lecture:
e For example: Deeplearningbook.org chapter 3
and 5.

e Problem set: First problem set this week.



