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☆ 실습수업
,

따라가기 어려울
,

시간 多
.

° 난이도조절 : 내용털어내거나 생략 .
나중에 궁금하면 찾아볼수있게 간단하게 실영언급
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동전던지기
paramete.ir 얖 이용해서

☒ H T 확률분포를 표현한

O 1-0 문제 주어진 관측→ 말 추정해보자.造
parame파를

① likelihood.SN LE
-

특정한값으로 GP05t오슢 •→ MAP est.me

결정한다. CNN.nlikelihu.dz
•

parame파를하나로 posteriorpredict.ve .

-

결정짓지 않음 .
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두개의 동전 후보 : a = 0.5 02 = 0.9

관측값 5개 : H ㅜㅜ ㅜㅜ
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= 0.0쁘
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ocoiargmaxt.CO) =

g
= 0.5
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PC싵 ) = PCH ; di = 01 = 0.5
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P (T )
= P ( T j 솞. )

= 1 - a = 0.5
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② position MAP . PCB1A ) PCA113)PCB)
Tree

@ 가정추가.

0E확률변수 ) =
門乃迦
- 돰예3MB)

conduit.nti.in/OD=0.05PCOz)=0.95jr-• ← • a.
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t
PCHTTTTNDPMHPCHTTTTIO.JP 2) ⇐
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= 0.578 .
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H T

PC에 竹竹 )
= 0.422 뿥

_
HTTTTILO.50.li ←

02 0.9 0.1
.
←p ( 021HTTP

- 0.578 soso.satsstst.net.cn 0,50€
= argmo.se P101H대T

) = 026MM 0E왜.02)
= 0.9

P (H ; Em )
= 02 = 0.9

P (T0, 솝mm ) = 1 - 02 = 0.1
.
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0.422 1,250-3

PCQIHTTTDXPCHTTTTIO.JP (9)
0'30

APImi) X H1FT PCB)
.

_
ET

0.70 .

0.578 905

Posterior.li/celihoodxprior

두개 다 그는 고려를해서 계산



0/1

③ posteriorpredictiredisribu-ion.eezf-s.tl/f 가능한모든경우를고려했-을때의확률

C@lHTTTD-ejposterior.NDi관측하에뼹ㅟ회얊뭐一쁅롹륲=얗 영진일확률
. 0.밮

PCFHIODOPCO.lt/TTTT)AspCX=H)=고.tPCP10푤ㅴ8-
02일때 17일확률

.

주어진관측하에

02동전일확률

얘魯5020.578C0- 0.95
= 0.211 t 0.520

P015왜or pFor
0.731
Tsttssettrsersssnresnensessoessnesonsenssesess
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① MLE 탍010.5 PCH ) = 0.5

② MAP Lie 0.7 PCH ) -0.9

•

③ postei.org 미의1관측
) 스0.422

一一PCHFO.MTTET_a.eoeosssespredict.veP1021관측 ) - 0.578

(새관측 邙吹
=

P (H10D PC에 관측)

tp(H102 ) PC에 관측 )

T T

1개관측 주어진
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MLE
,
MAP posteriorpredict.ve .

-

꽤진락
""

i
什醮확률.

t 潑압"穩 化州娑
•
theorem

파라미터결정압E관측의역할
•

4
•

끋

=熢_옗에뿂gV

새관측의확률
.

☆

- .

PCX1습 ) 가능한 모든경우에서
T-T 이확률을계산해라.
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posteriorpredict.ve . O 매개 .

⇐
•

金刈娑
$ 4 yposterior.i.fFCx@paxi.xzi.NdQM

-푵훫m.選
Marshal distribution .

.SI?CA.B)dB=PCA)C@posteriorpredictivetparametricmodel
Ctruei-soeoeoso@parMme.ter를 특정한 값으로 결정 (false)

,
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예제20 Gas: an Model .
주어진 관측 .
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,
X100

sa

평균 말 추정하고싶음
.

100

① likelihood-SMLELE.EE?cnC- 유도 .
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210) : P ( M .az .

"

,
No ; 0 )

고 ㅠ Plan ; o , 그
f)
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Ericsson
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"邏寗like.lihad .

잁沾迲' 6mAP

② Postenor → MAP .

0에대한 Print distribution,

PLOLNCO.5.O.057.ee/J(OlKIi_gm.N)fn.P(제작 " '

,

2 ~) PLO)
a.
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③ posteriorpredictine.PL1개
,
전

,

"

,
자) ← 앞에서구한 빨간그래프 .

"

.int 욮10퐢마이게거지t풨☆

posterior.NO"" 判災聞

is
.

이崔州鳶:癎i戴
sso



Bayesian inference

How to treat p(x′ | x1, x2, ..., xN)?

• Maximum likelihood estimate

θ̂MLE = arg maxp(x1, x2, ..., xN | θ) �1�
p(x′ | x1, x2, ..., xN) ∼ p(x′ | θ̂MLE) �2�

• Maximum a posteriori estimate

θ̂MAP = arg maxp(θ | x1, x2, ..., xN) �3�
where p(θ | x1, x2, ..., xN) ∝ p(x1, x2, ..., xN | θ)p(θ) �4�

p(x′ | x1, x2, ..., xN) ∼ p(x′ | θ̂MAP) �5�
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Bayesian inference

How to treat p(x′ | x1, x2, ..., xN)?

• Posterior predictive distribution

p(x′ | x1, x2, ..., xN) =
∫

θ
p(x′ | θ)p(θ | x1, x2, ..., xN)dθ �6�
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