Cat! Yay!

Dog! This is easy!
'; -~
e

Um... dog? What is... I don’t... okay, dog

i § -5

g0y Cat or dog?

e
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Frequentist and Bayesian Approaches Imp

The Importance of Sample Slze (Exercise 1)

heudiasyc

Coin Small Large
Flips 2 2.108

Heads 50%  50% Do Ba esiaﬁ:e:gs Th?ilgri;/tiin ?
Tails 50% 50%  ° y ¢ v

e For both coins, a frequentist says
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Imprecise Dirichlet Model (IDM) Applications in classification tasks Evaluate Classifiers

heudiasyc

Frequentist and Bayesian Approaches Imprecise Dirichlet Model

The Importance of Sample Size (Exercise 1)

Coin Small Large  , Forpoth coins, a frequentist says
Flips 2 2.108

Heads 50% 50% Do B il;Heads ThpTaiIs:Vti. )
Tails 50% 50% e Do Bayesians say the same thing*

Coin Small Large

Flips 4  4-108
Heads 259, 259, PHeads = 0.25 » PTails = 0.75

Tails  75% 759 e Do Bayesians say the same thing?

e For both coins, a frequentist says

Uncertainty Reasoning and Machine Learning @
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heudiasyc

Frequentist and Bayesian Approaches Imprecise Dirichlet Model

The Importance of Sample Size (Exercise 1)

Coin Small Large  , Forpoth coins, a frequentist says
Flips 2 2.108
PHeads = Prails = 1/2

Heads 50% 50% .
ing?
Tails 50%  50% e Do Bayesians say the same thing~

Coin Small Large | korpoth coins, a frequentist says

Flips 4  4-10°
Heads  25%  25% e Do Ba tfsl?g;d: s:ao.f:’mails :tg:75'?
Tails  75%  75% Y y the same thing
Advocators | ax | s || pS | ¢
Haldane (1948) 0 0 2?7 | 7?77
Perks (1947) Vv | A 22?2 | 222
Jeffreys (1946, 1961) || 1/2 | Wl/2 || 227 | 22?7
Bayes-Laplace 1 V| || 22?2 | 2?2

Uncertainty Reasoning and Machine Learning
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.
Frequentist and Bayesian Approaches Imprecise Dirichlet Model heudiasyc

The Importance of Sample Size (Solution 1)

Coin Small Large e For both coins, a frequentist says

Flips 2 2-10° PHeads = Prails = 1/2
Heads 50% 50% e Do Bayesians say the same thing? —
Tails 50%  50% Yes!

Coin Small Large o For both coins, a frequentist says

Flips 4 4.108
Heads 25% 25% PHeads Prails

Tails 75%  75% e Do Bayesians say the same thing?

Uncertainty Reasoning and Machine Learning @
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model

heudiasyc

The Importance of Sample Size (Solution 1)

Coin Small Large e For both coins, a frequentist says

Flips 2 2-10° PHeads = Prails = 1/2
Heads 50% 50% e Do Bayesians say the same thing? —
Tails 50%  50% Yes!

Coin Small Large o For both coins, a frequentist says

) phv
Hzgzz 2540/ 425109 PHeads = 0.25, Prajls = 0.75
Tails 75% 75%  © Do Bayesians say the same thing?

Advocators || ay | s | p§ | pf | B | o
Haldane (1948) 0 0 0.25 | 0.75 || 0.25 | 0.75
Perks (1947) Vv | 1 03 | 0.7 || 025 | 0.75
Jeffreys (1946, 1961) || 1/2 | "l/2 || 0.3 | 0.7 || 0.25 | 0.75
Bayes-Laplace 1 7] || 0.33 | 0.67 || 0.25 | 0.75

Uncertainty Reasoning and Machine Learning %
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Frequentist and Bayesian Approaches Imp

The Importance of Sample Slze (Exercise 2)

heudiasyc

Coin Small Larg% e For both coins, a frequentist says
Flips 2 2-10
= 07 ils = 1
Heads Oo/o 0% . pHeadS pTalIS .
Tails 100% 100% ©® Do Bayesians say the same thing?
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model

The Importance of Sample Size (Exercise 2)

Coin  Small Larg% e For both coins, a frequentist says
Flips 2 2-10 PHeads = 0, Prails = 1

Heads 0% 0% _
Tails 100% 100% e Do Bayesians say the same thing?

Advocators | ax | s || oS | P2 || PL | PE
Haldane (1948) 0 0 2?7 | 277 ?79 2729
Perks (1947) | 1 || 222 | 222 || 222 | 272
Jeffreys (1946, 1961) || 1/2 | w12 || 222 | 222 || 222 | 222
299 | 292

Bayes-Laplace 1 V| || 2?22 | 72?7
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model

heudiasyc

The Importance of Sample Size (Solution 2)

Coin Small Large o For both coins, a frequentist says

. 106
HZ:E: 03/ 20170 PHeads = 0, Prails = 1
Tails 100% 100% e Do Bayesians say the same thing?

Advocators || a | s | pS | pf | ph | Pt
Haldane (1948) 0 0 0 1 0 1
Perks (1947) || 1/w1| 1 | 017 | 0.83 || 3-10°7 | 1-3-107/
Jeffreys 1| 1 || 017 | 0.83 | 3-1077 | 1-3-1077
Bayes-Laplace 1 |7 025|075 5107 | 1-5-107"

Uncertainty Reasoning and Machine Learning @
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hes Imprecise Dirichlet Model

heudiasyc
The Importance of Sample Size (Exercise 3)

Coin Small Large e For both coins, a frequentist says

Flips 2  2.10° OHeads = Oails = 1/2
Heads 50% 50% e Bayesians would say the same thing

Tails 50% 50% e Would IDM say the same thing?

Uncertainty Reasoning and Machine Learning @ ' utc
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model heudiasyc

The Importance of Sample Size (Exercise 3)

Coin Small Large © Forbothcoins, afrequentist says

Flips 2  2.10° OHeads = Oails = 1/2
Heads 50% 50% e Bayesians would say the same thing

Tails 50% 50% e Would IDM say the same thing?

s | BS L | Bt
| PS | Pall Py | P
s=1] 2?7 | 222 || 222 | 272
S=2 || ?2?? | ??? || ??? | ?2?7

Uncertainty Reasoning and Machine Learning @ ’ utc
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model

The Importance of Sample Size (Solution 3)

Coin Small Large e For both coins, a frequentist says

Flips 2  2.10° OHeads = Oails = 1/2
Heads 50% 50% e Bayesians would say the same thing

Tails 50% 50% e Would IDM say the same thing?

=S —L

lpS Pl P | P
s=11033]06705-3-107]05+3-107
s=2|025|0.75| 05-5-10"7 | 0.5+5-10~7
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The Importance of Sample Size (Exercise 4)

Coin Small Large e For both coins, a frequentist says
Flips 2 2.10° OHeads = 0, Oails = 1

Heads 0% 0% e Bayesians would say different things
Tails 100% 100% ¢ What would IDM say?

Uncertainty Reasoning and Machine Learning @ ' utc




Imprecise Dirichlet Model (IDM) Applications in classification tasks Evaluate Classifiers

Frequentist and Bayesian Approaches Imprecise Dirichlet Model

The Importance of Sample Size (Exercise 4)

heudiasyc

Coin Small Large e For both coins, a frequentist says

Flips 2 2-10° Oteads = 0, Oails = 1
Heads 0% 0% Bayesians would say different things

Tails 100% 100%

e What would IDM say?
Advocators || ay | s | pS | P | Py | ot
Haldane (1948) 0 0 0 1 0 1
Perks (1947) || 1/%1 | 1 | 017 | 0.83 || 3-107 | 1-3-107/
Jeffreys 1| 1 | 017 | 0.83 | 3-1077 | 1-3-1077
Bayes-Laplace 1 | 7] ||025|075]| 51077 | 1-5-10~/
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model

The Importance of Sample Size (Exercise 4)

heudiasyc

Coin Small Large e For both coins, a frequentist says
Flips 2 2-10° OHeads = 0, O1ajls = 1

Heads 0% 0% e Bayesians would say different things
Tails 100% 100% ¢ What would IDM say?

Advocators || ay | s | pS | P | Py | ot
Haldane (1948) 0 0 0 1 0 1
Perks (1947) || 1/%1 | 1 | 017 | 0.83 || 3-107 | 1-3-107/
Jeffreys 1| 1 | 017 | 0.83 | 3-1077 | 1-3-1077
Bayes-Laplace 1 | 7] ||025|075]| 51077 | 1-5-10~/
om || S | PR || P | P
s=11 222222 2?22 [ 222
s=2 1 7?7 | 22?2 || 7277 | 722
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model

The Importance of Sample Size (Solution 4)

heudiasyc

Coin Small Large e For both coins, a frequentist says
Flips 2 2-10° OHeads = 0, O1ajls = 1

Heads 0% 0% Bayesians would say different things
Tails 100% 100% What would IDM say?

Advocators || ax | s || pS | P | ek | ph
Haldane (1948) 0 0 0 1 0 1
Perks (1947) || /%1 | 1 | 017 | 0.83 || 31077 | 1-3-107
Jeffreys 1| 1 || 017 | 0.83 | 3-1077 | 1-3-1077
Bayes-Laplace 1 |71 ||025|075]| 51077 | 1-5-107/
om || PS | Ph | PE| Py
=1/ 0 [033] 0 |[5-1077
s=2| 0 |050 | 0 | 10°®
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hes Imprecise Dirichlet Model

Determlne @ (Exercise 5)

heudiasyc

Coin Small Largtfe3 e Recap: 2 ={DIn,eny,} ey Ny =n}
Flips 2 2-10° o What is @S for the first coin?

Heads |[0,1 5,10 . :
Tails {1 2} [5[2.136] e What is 2 for the second coin?

Uncertainty Reasoning and Machine Learning @ " utc




Imprecise Dirichlet Model (IDM) Applications in classification tasks Evaluate Classifiers

Frequentist and Bayesian Approaches Imprecise Dirichlet Model

Determine 2 (Exercise 5)

heudiasyc

Coin Small Large o Recap: 2 ={D|n,en,,Y ey Ny =n}

. 6

II-:IIIPZ 021 25' 11% e What is 25 for the first coin?
eads ) , . .

Tails {1 2} [5[2. 1(16] e What is 2 for the second coin?

Coin Small Dy D>
Flips 2 2 2
Heads [0,1] O 1
Tails 1,20 2 1

Uncertainty Reasoning and Machine Learning @
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model

Determine 2 (Exercise 5)

heudiasyc

Coin Small Large o Recap: 2 ={D|n,en,,Y ey Ny =N}

. 6

II-:IIIPZ 021 25' 11% e What is 25 for the first coin?
eads ) , . .

Tails {1 2} [5[2. 1(16] e What is 2 for the second coin?

Coin Small Dy D>
Flips 2 2 2
Heads [0,1] O 1
Tails 1,20 2 1

Coin Large D D> D5 Dy Ds Dg
Fips n=2-10® n n n n n n

Heads [5,10] 29?9?77 0?77 M 7?7?77
Tails [5,n] 2?7 7?7 ??7 7?7 7 ?7?

Uncertainty Reasoning and Machine Learning @
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model

Determine 2 (Solution 5)

heudiasyc

Coin Small Large o Recap: 2 ={D|n,en,,Y ey Ny =N}

. 6

II-:IIIPZ 021 25' 11% e What is 25 for the first coin?
eads ) , . .

Tails {1 2} [5[2. 1(16] e What is 2 for the second coin?

Coin Small Dy D>
Flips 2 2 2
Heads [0,1] O 1
Tails 1,20 2 1

Coin Large D D> D5 Dy D5 Dg

Flips n=2-10° n n n n n n
Heads  [5,10] 5 6 7 8 9 10
Tails [5,n] n-5 n-6 n-7 n-8 n-9 n-10

Uncertainty Reasoning and Machine Learning @
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hes Imprecise Dirichlet Model

Compute Lower and Upper Expectations (Exercise 6)
Interval posterior mean 6;|2 of 0,|2:
E(6,12) = min E(6,1D) = min/(n+5), (™)
E(6,12) = max E(6,ID) = max(nv+S)/(n+s). (2)

Uncertainty Reasoning and Machine Learning @ " utc




Imprecise Dirichlet Model (IDM) Applications in classification tasks Evaluate Classifiers

Frequentist and Bayesian Approaches Imprecise Dirichlet Model
Compute Lower and Upper Expectations (Exercise 6)

Interval posterior mean 6;|2 of 0,|2:

E(6/12)= m|nE(0v|D) m|nnv/(n+s (1)
E(6,12) = maxE( vID) = max(nv+S)/(n+s) (2)

Coin Small D; D, E(6,/2) E(6,ID)

Flips 2 2 2

Heads [0,1] O 1 2?7 277
Tails [1,2] 2 1 277 227

Uncertainty Reasoning and Machine Learning @
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model
Compute Lower and Upper Expectations (Exercise 6)

Interval posterior mean 6;|2 of 0,|2:

E(6/12)= m|nE(0v|D) m|5nv/(n+s) (1)

E(6,12) = maxE( vID) = max(nv+S)/(n+s) (2)

Coin Small D; D, E(6,/2) E(6,ID)
Flips 2 2 2

Heads [0,1] 0 1 222 227
Tails [1,2] 2 1 227 272
Coin Large Dy .. Dg E6,2) E®6,D)
Flips n=2-108 n .. n
Heads [5,10] 5 ... 10 227 227
Tails [5,n] n-5 ... n-10 ?2?7? ?2?7?

Uncertainty Reasoning and Machine Learning @
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model
Compute Lower and Upper Expectations (Solution 6)

Interval posterior mean 6;|2 of 0,|2:

E(6,12)= mlnE(H D) = mlggnv/(ms), )
E(6,12) = maxE(GVID) max (n+5)/(n+s). (4)
Coin Small D; D, E(6,/2) E(6,ID)

Flips 2 2 2

Heads [0,1] O 1 0/(2+s)  (1+5)/(2+s)
Tails 1,21 2 1 1/(2+4s)  (2+9)/(2+s)

Uncertainty Reasoning and Machine Learning @
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Frequentist and Bayesian Approaches Imprecise Dirichlet Model

Compute Lower and Upper Expectations (Solution 6)

Interval posterior mean 6;|2 of 0,|2:

E(6,12)= m|n E(0 D) = mmnv/(n+s), )
E(6,12) = max E(6,ID) = max (n+5)/(n+s). (4)
Coin Small D; D, E(6,/2) E(6,ID)
Flips 2 2 2
Heads [0,1] O 1 0/(2+s)  (1+5)/(2+s)
Tails 1,21 2 1 1/(2+4s)  (2+9)/(2+s)
Coin Large Dy .. D E(0,12) E(6,1D)
Flips n=2-10° n .. n
Heads [5,10] 5 .. 10 5/(n+s) (10+8)/(n+s)
Tails [5,n] n-5 ... n-10 ((-10)/(n+s) (n-5+5)/(n+s)

Uncertainty Reasoning and Machine Learning @
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Pazen Window Classifiers

Determine Possible Precise Data Set (Exercise 7)

heudiasyc

x" € D.(x) | Y% ={Apple,Banana, Tomato}
X} Apple or Banana, but not Tomato
X, Banana or Tomato, but not Apple
> Apple or Tomato, but not Banana
X, Tomato
X Tomato
Xg Banana
x5 Banana
7
n=7,na=777,ng=177,n7 =777 (5)

Uncertainty Reasoning and Machine Learning @ ’ utc
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Pazen Window Classifiers

Determine Possible Precise Data Set (Exercise 7)

heudiasyc

x" € D.(x) | Y% ={Apple,Banana, Tomato}

X} Apple or Banana, but not Tomato

X, Banana or Tomato, but not Apple

> Apple or Tomato, but not Banana

X, Tomato

X Tomato

Xg Banana

x5 Banana

7
n=7,ny=777,ng =777, ny =777 (5)

| Dy D; D3 Dy Ds D7 Dg
na | ??2? 72?7 277 7?7 7?72 7?77 7?77 7?77
ng | ??? 7?7 2?7 7?7 77?7?77 7?77 ?7?

779 797 977 777 ?79 777 777
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Pazen Window Classifiers

Determine Possible Precise Data Set (Solution 7)

heudiasyc

x" € D.(x) | Y <% ={Apple, Banana, Tomato}

X Apple or Banana, but not Tomato

X, Banana or Tomato, but not Apple

X5 Apple or Tomato, but not Banana

X, Tomato

X Tomato

Xg Banana

x5 Banana
n=7,n3=1{0,1,2},ng=1{2,3,4},n1 =1{2,3,4} (6)

Uncertainty Reasoning and Machine Learning @
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heudiasyc

Pazen Window Classifiers

Determine Possible Precise Data Set (Solution 7)

x' € D.(x) | Y <% ={Apple,Banana, Tomato}

X Apple or Banana, but not Tomato

X, Banana or Tomato, but not Apple

X5 Apple or Tomato, but not Banana

X, Tomato

X Tomato

Xg Banana

x5 Banana
n=7,n3=1{0,1,2},ng=1{2,3,4},n1 =1{2,3,4} (6)

/D, D, D; D, Ds D; D; Dy
m|0 0 1 1 1 2 2 2
ng| 3 4 2 3 4 2 3 4
nf|l 4 3 4 3 2 4 3 3

Uncertainty Reasoning and Machine Learning %
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Pazen Window Classifiers " heudiasyc

Compute Lower and Upper Expectations (Exercise 8)

/D, D, D D, Ds D; D; Dy
|0 0 1 1 1 2 2 2
ng| 3 4 2 3 4 2 3 4
nf|l 4 3 4 3 2 4 3 3

Using IDM to estimate interval posterior mean 6|2 of 6,|2:

§(9y|x)=min§(0y|x)=?i_ogny/(n+s), (7)
(9y|X) maxE(HyID) maX(”y+S)/(n+s (8)

Uncertainty Reasoning and Machine Learning @
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Pazen Window Classifiers " heudiasyc

Compute Lower and Upper Expectations (Exercise 8)

/D, D, D D, Ds D; D; Dy
|0 0 1 1 1 2 2 2
ng| 3 4 2 3 4 2 3 4
nf|l 4 3 4 3 2 4 3 3

Using IDM to estimate interval posterior mean 6|2 of 6,|2:

§(9y|x):ming(eylx):?iggny/(ms), (7)
(9y|X) maxE(HyID) maX(”y+S)/(n+s (8)

| E(0y1x)  E(8y1x)

Al 777 777
B| 277 292
227 272
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Pazen Window Classifiers N heudiasyc

Compute Lower and Upper Expectations (Solution 8)

/D, D, D D, Ds D; D; Dy
|0 0 1 1 1 2 2 2
ng| 3 4 2 3 4 2 3 4
nf|l 4 3 4 3 2 4 3 3

Using IDM to estimate interval posterior mean 6|2 of 6,|2:

§(9y|x):ming(eylx):?iggny/(ms), €C)]
(9y|X) maxE(HyID) maX(”y+S)/(n+s (10)

| E(y1x)  E(6yIx)
A | O/7+s) (2+5)/(7+s)
B | 2/(7+s) (4+8)/(7+s)
T | 2/(7+s) (4+5)/(7+s)

Uncertainty Reasoning and Machine Learning @
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Set-Based Utility Functions (Exercise 9)

Recap: Few commonly used utility functions:

a a-1
v)=— 22

Exercise: The maximum value of a such that g,(1Y) <1, VY <%\ @?.

Uncertainty Reasoning and Machine Learning @



Evaluate Classifiers SO
heudiasyc

References |

Uncertainty Reasoning and Machine Lea @



	Imprecise Dirichlet Model (IDM)
	Frequentist and Bayesian Approaches
	Imprecise Dirichlet Model

	Applications in classification tasks
	Pazen Window Classifiers

	Evaluate Classifiers

