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Eicaywyn |

Y€ QpKETEG EPAPUOYEC MPEMEI VA UNOAOYICOUUE OANOKANPWUATA O
XWPOUG peydAng didotacng ) MOAUNMAOKA OAOKANPWHATA Mou icwg dev
€XoUv €XOoUV QVAAUTIK) €ékppacn o€ Jia didctaon. Kdnoia
napadeiyuara, Jetatu dANwv nepIAaupavouv

> Itanotnkn Kard Bayes: Na napduerpo (Bidvuoua) § € © kai
dedopéva y € Y n posterior uniohoyiletar anéd

p(y|0)p(0)

PO = T e )e@)ar

» EUpeon nepiB@piag Kartavoung-Missing data representation:
‘ONa 1a goviéAa duvaral va BewpnBoUvV we HOVIEAD EANINWV
dedopévwy, dNAAdK n NukvATNTA TwV NAPATNPENCEWV UNOPET va
508ei and oAOKANPWUA TNG HOPPNG:

p(y10) = /Z ply, 2|6)v(dz).
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» Ynoloyiopdg avapevépevng nuig: E[f(y)] = fy f(y)v(dy).
> ‘AN\a npoBAruaTta and Tn IramnoTikry Mnxavikr), model selection,
computer vision.

Eival pavepd o1 av n tuxaia petapAnm eival diakpitr Ta napandave
oNoKANpwuara napioctouv aBpoicuara. Téte n Monte Carlo uédodog
anaAAdacel and 1o UNoAoYICTIKO KOOTOG ToU aBpOICUATOC TIMWY
*OUCKOAWV’ CUVAPTACEWV.



YNoAoyIGHOG OAOKANPWUATWY Je TN uéEBodo MC |

‘EoTw &1 BENOUE VA UMOAOYICOUE OAOKANPWHA TNG HOPPNG

| = /0 ] a(x)dx

AvU~U(0,1) pe fy(u) =1, u e (0,1) 161€

1= [ et = [ o) 1au=Elou)

AvU,..., ud ~ U(0,1) 1¢te kai g(Ur), . . ., g(Un), iid pe kovr péon
Ty | kai 6|0Kupovor1 éotw Var[g(U;)] = o2. Tére and tov INMA énetal
om

,Z (U) 3 E[g(U)] = 1.



YNoAoyIGuOG OAOKANPWUATWY Je TN uéEBodo MC |

‘Apa Aoindv yia Tov UNOAOYIOUS TOU OAOKANPWATOG UE TN JEBODO
Monte Carlo napdyoupe éva ‘ueydho’ MANBog N Tuxaiwv apiBuwyV
Ui ~ U(0, 1) kai éxoupe

= / o(u)du =1 3" g(u)



YPANua TNG NEBOSou MC |

O1 1uxaieg perapinteg g(Uy),i = 1,. .., n anoteolv Tuxaio deiypa pe
uéon i | kai dlakupavon Var[g(U;)] = o2. Tére ané 1o Kevrpikd
Oplakd ©ewpnua yia ‘peydho’ nNnTu S, = Y- ; g(U;) akorouBei
KQVOVIKI KATAVOWUN

Sy ~ N(nl, no?).

Ao T 1810TNTEG €netal Ot
P(nl — 30+y/n < S, < nl + 30+/n) =~ 0.997,

r iIcoduvaua

|

» H péBodog Monte Carlo ektdg and Tov 1pdMno UnoAoyIcuoU
OAOKANPWUATWY JAG NAPEXE! KAl Jia eKTiuNcn Tou CPAAUATOG,.

g(U)+...+9(Un)

Vvn

30
< ) ~ 0.997.



YPANUa TNG NeBOSou MC I

» To opdAua TG ueBddou eival NG TAENG (’)(n_]/z).

» Na napddelyua av n = 100 éxoupe oPAANua NG TAENG
O(1007/2) = 0.1.

> [paktikd, av BéNoule va autfcoupe TV akpiBela kard 10 popéqg
(lcodUvapa va eNATTOOOUNE TNV TUMIKA ardkNIon), 8a npénel va
xpnoiponocoupe eninéov 100 Tuxaioug apiBuous g(U;).

» Ev yével, n cUykNIon TG JeBodou eival Mo ypriyopn € OXEon Je
AN\eG NEBODOUG apIBUNTIKAG avAaAuonG.
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A OAOKANPWUATA TG HOPPNS

I = /a ) g(x)dx,

Béroue y = g%z pedy = % Kal éxoupe o

1= [ otax= [ alo+ - amio- oy



MNapadeiyuara li

A OAOKANPWUATA TG HOPPNS

I = /OOO g(x)dx,

Bétoupe y = pedy = 5 Kal €xoupe O

1
x+1 (x+1)

- o [ o5

Tov id10 pyeraoxnuaTopd ePpapudloulEe Kal YIa OAOKANPWHATA TNG

HOPPNAG .
I = / g(x)dx
—0o0



Epappoyn |
‘Eotw X ~ &(1). Na uriohoyiotouv
1. HniBavdmnra n 1.4 X va ndpel TIHEG MIKPATEPEG I IOEC TOU 2.
2. H avapevdpevn Tiur e Tuxaiac petapAntc X2.
Auon.

1. Tia Tov avaAuTikd unoAoyicud NG NBavotnTag €xoule
2
P(X <2) = / e ¥dx = —e |3 =1—e 2~ 0.8647.
0
MNa tov unoAoyioud NG MBavétnTag he xprion Monte Carlo

epappdloupe To petaoxnuancopsd y = (x — 0)/2 ye x = 2y kai
dy = dx/2. 'Apa éxoupe o

2 1
/ e ¥dx = / 2¢ ¥dy.
0 0
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» Mapaywyn Uy, ..., U, ~U(0,1)
> Ynooyiopdg n~ ' YT 26724,

2. Na v avapevopevn TR éxoupde
S 00
E[Xz] — / x2fx(X)dX = / X26_de — r(3) — (3 _ '|)| — 92
0 0

MNa tov unoAoyioud NG avauevopevng TIWAG Je xprion Monte
Carlo epappudoupe 1o petaoxnuanopd y = 1/(x + 1) pe
x=(1—y)/ykardy = —1/(x + 1)?dx. ‘Enerai ém

o0 1 2
1 — y=1
l—/ xze_xdx—/ (y) e y2dy.
0 0 y

» Mapaywyn U, ..., U, ~U(0,1)
2y
> Ynoroyiopdg ' DT, (]’“") e u 2.

Ui
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