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problem description

> given: probabilistic model {Py : § € ©} for the random objects X and Y

> example: 0 with X = Aand Y = (B, C)

> given: exchangeable/independent observations

(X17 Yl) = (X17.y1)a e (th Yn) = (Xn,}’n)7 YO =Yo
D

» goal: estimate P(Xp = x|D, Yo = y)
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» Bayesian with prior 7 on 6:
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» Bayesian with prior 7 on 6:

> if m is a conjugate prior for the probabilistic model Py,
then the posterior | D can be easily calculated,
while calculation of the posterior 7 | (D, Yo = yo) can be more difficult

» P(Xo=x|D, Yo =y0) =
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estimation of P(Xy = x| D, Yy = yo)

» Bayesian with prior 7 on 6:

> if m is a conjugate prior for the probabilistic model Py,
then the posterior | D can be easily calculated,
while calculation of the posterior 7 | (D, Yo = yo) can be more difficult

» P(Xo=x|D, Yo =y0) =
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» maximum likelihood:
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estimation of P(Xy = x| D, Yy = yo)

» Bayesian with prior 7 on 6:

> if m is a conjugate prior for the probabilistic model Py,
then the posterior | D can be easily calculated,
while calculation of the posterior 7 | (D, Yo = yo) can be more difficult

» P(Xo=x|D, Yo =y0) =

Erp (Po(Xo = x, Yo = y0))
E. o (Po(Yo = y0)) =1 (D, Yo=yo) (Pa(Xo = x| Yo = y0))

» maximum likelihood:
> IB(XO = X|D, Yo = yo):
P, (Xo = x, Yo = y0)

Py Xo=x|Y =
Py, (Yo = yo) (%o =x]Yo =)

?é (D, Yo=v0)
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» Bayesian with prior 7 on 6:

> if m is a conjugate prior for the probabilistic model Py,
then the posterior | D can be easily calculated,
while calculation of the posterior 7 | (D, Yo = yo) can be more difficult

» P(Xo=x|D, Yo =) =

Erp (Po(Xo = x, Yo = y0))
E. o (Po(Yo = y0)) =1 (D, Yo=yo) (Pa(Xo = x| Yo = y0))

» maximum likelihood:
> IB(XO = X|D, Yo = yo):
P, (Xo = x, Yo = y0)

Py Xo=x|Y =
Py, (Yo = yo) (%o =x]Yo =)
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> likelihood functions likp(8) o< Pe(D) and likp, vy—y,)(0) o< Pa(D, Yo = yo)
on © have maxima at the points Op and OA(D Yo=yo): respectively
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» Bayesian with prior 7 on 6:

> if m is a conjugate prior for the probabilistic model Py,
then the posterior | D can be easily calculated,
while calculation of the posterior 7 | (D, Yo = yo) can be more difficult

» P(Xo=x|D, Yo =y0) =

Erp (Po(Xo = x, Yo = y0))
E. o (Po(Yo = y0)) =1 (D, Yo=yo) (Pa(Xo = x| Yo = y0))

» maximum likelihood:
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» Bayesian with prior 7 on 6:

> if m is a conjugate prior for the probabilistic model Py,
then the posterior | D can be easily calculated,
while calculation of the posterior 7 | (D, Yo = yo) can be more difficult

» P(Xo=x|D, Yo =y0) =

Erp (Po(Xo = x, Yo = y0))
E. o (Po(Yo = y0)) =1 (D, Yo=yo) (Pa(Xo = x| Yo = y0))

» maximum likelihood:

> IB(XO :X|D, Yo :yo):

Py, (Xo = x| Yo = y0) #|Ps (Xo = x| Yo = yo)

(D, Yo=v0)

> likelihood functions likp(8) o< Pe(D) and likp, vy—y,)(0) o< Pa(D, Yo = yo)
on © have maxima at the points Op and OA(D Yo=yo): respectively
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example
A,B,C e {0,1}
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example

A, B, C € {0,

1}

D (n = 100):

estimation of P(Ag=1|D, By =1, G =1):
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A, B, C € {0,

D (n = 100):

1}
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estimation of P(Ag=1|D, By =1, G =1):

» Bayesian with uniform priors:
P(Ay=1|D, By =1, (b =1) =~ 0.038
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D(n=100): A B C| #
A B, Ce{0,1} 0 0 0 0
0 0 0 1| 49
0 1 0 0
0 1 1 1
1 0 O 48
OBENG o)
1 1 0 1
1 1 1 0
100
estimation of P(Ag=1|D, By =1, G =1):
- » Bayesian with uniform priors:
tik
A P(Ac=1|D, By =1, Go=1) ~0.038
S AR
» maximum likelihood /ik(p, g,-1, ¢,-1):
04 \ \ Pé(D, Bo=1, 60:1)(A0 =1B=1, G =1)~0010
0.2 \\\

P(Ag=1|By=1, g =1)
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D(n=100): A B C| #
A B, Ce{0,1} 00 0 0
0 0 0 1| 49
01 0| 0
0 1 1| 1
1 0 0] 48
ONENNG o 1)
1 1 0] 1
1 1 1] 0
100
estimation of P(Ag=1|D, By =1, G =1):
e T » Bayesian with uniform priors:
I\ P(Ay=1|D, By =1, Gy =1) ~ 0.038
\ > maximum likelihood /ik(p s,—1. c,—1):
. \\\ \\\ Pé(D, By=1, 60:1)(A0 =1 | Bo = 1, Co = 1) ~ 0.010
% AN » maximum likelihood /ikp:
. \\;,7777777 _ PéD (Ao =1 | Bo=1, G = 1) =~ 0.020

P(Ag =1|Bp =1, ¢ = 1)
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D(n=100): A B C| #
A B, Ce{0,1} 0 0 o 0
0 0 0 1] 49
0 1 0 0
01 1 1
1 0 0| 48
OBENRG )"
1 1 0 1
1 1 1 0
100
estimation of P(Ag=1|D, By =1, G =1):
e 1 » Bayesian with uniform priors:
I\ P(Ao=1|D, Bo=1, G = 1) ~ 0.038
1N
ool |\ » maximum likelihood /ik(p gy—1, c,—1):
0.4 \ \\ Pé(D, Bp=1, C():l)(AO =1 | BO - 1’ CO - 1) ~0.010
02 \ » maximum likelihood /ikp:
e P (A =1]B=1, G =1) %0020
P(Ag=1]Bg =1, G =1) > imprecise Bayesian with IDM, priors:

P(A)=1|D, Bo =1, G = 1) ~ [0.0066, 0.15]
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estimation of P(Ag=1|D, By =1, G =1):

~___ » Bayesian with uniform priors:
P(Ao = 1|D, Bo = ].7 Co = 1) =~ 0.073
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D(n=100): A B C| #
A B, Ce{0,1} 0 0 0 0
0 0 0 1] 50
01 0| o0
01 1] o0
1 0 0| 48
OBENG R
1 1 0| 1
1 1 1| 0
100
estimation of P(Ag=1|D, By =1, G =1):
R J— ~ » Bayesian with uniform priors:
" ‘q \ P(Ao=1|D, By =1, CGo=1) ~0.073
> maximum likelihood /ik(p 5,—1 c,—1):
04 ‘\“ \ Pé(D,BOZI,C():l)(AO =1B=1,G=1)~0021
02 — » maximum likelihood /ikp:
I PéD(AO =1 | Bo = ].7 C() = ].) =1

P(Ag=1|By=1, Cg=1)
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D(n=100): A B C| #
A B, Ce{0,1} 0 0 0 0
0 0 0 1 50
0 1 0 0
0 1 1 0
1 0 O 48
ONENRG ShE
1 1 0 1
1 1 1 0
100
estimation of P(Ag=1|D, By =1, G =1):
e . > Bayesian with uniform priors:
ol P(A=1|D, By =1, Gy =1) ~0.073
0l > maximum likelihood /ikp g,-1 ;1)
0.4 “‘ \ . Pé(D,BOZI,C():l)(AO =1 | BO - 1’ CO - 1) ~0.021
021 — > maximum likelihood /ikp:
o PéD(AO =1 | By = 1, G = ].) =1
P(OAZo =1 ﬂ;; =1, OCZ =1 " S imprecise Bayesian with IDM> priors:

P(Ao=1|D, By =1, Cy = 1) ~ [0.0099, 1]
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D(n=100): A B C| #
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0 0 0 1| 50
0 1 0 0
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1 0 0| 49
OlRG NN
1 1 0 0
1 1 1 0
100
estimation of P(Ag=1|D, By =1, G =1):
! > Bayesian with uniform priors:
oo} P(Ao=1|D, By =1, Co = 1) ~ 0.038
041 \\

P(Ag=1|By=1, Cg=1)
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D(n=100): A B C| #
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100
estimation of P(Ay=1|D, By =1, G =1):
e » Bayesian with uniform priors:
" P(Ay=1|D, By =1, G =1) ~ 0.038
0‘6,\\ » maximum likelihood /ikip, g -1, cy=1):
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T PéD (Ao =1 | Bo = ].7 Co = 1) = [07 1]

0.2 0.4 0.6
P(Ag=1|By=1, Cg=1)

On the estimation of conditional probabilities

D(n=100): A B C| #
A B, Ce{0,1} 0 0 o 0
0 0 0 1| 50
0 1 0 0
0 1 1 0
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1 1 1 0
100
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» Bayesian with uniform priors:
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» maximum likelihood /ikip, g -1, cy=1):
i\ Pio gyr ¢y Ao =11Bo=1, G =1)=0



example

D(n=100): A B C| #
A B, Ce{0,1} 00 0 0
0 0 0 1 50
0 1 0 0
0 1 1 0
1 0 O 49
ONRG S
1 1 0 0
1 1 1 0
100
estimation of P(Ag=1|D, By =1, G =1):
! > Bayesian with uniform priors:
0s] P(Ao=1|D, Bo=1, Co=1)~0.038
0‘6,\\ » maximum likelihood /ikip, g -1, cy=1):
049 \\ Pé(D, Bo=1, 60:1)(A0 =1[B=1,G=1)=0
0] N » maximum likelihood /ikp:
, J— Py (Ao=1|By =1, Co=1)=0,1]
PAg=118=1C=1) > imprecise Bayesian with IDM, priors:

P(Ao=1|D, By=1, G =1)=[0,1]
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