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i10 anos, gracias!

Ny
Meastering Uncertalnty
Prediccion de trayectorias aéreas y Innovacion en el dominio de analisis de
optimizacion en la direccion de datos temporales con aplicaciones en
2007 misiles. Trabajos premiados por la reconocimiento de gestos. Prediccion de
DGA en Francia y su equivalente flujo de contenedores maritimos.

Componentes de Software que combinan britanico MOD.
2003 geometria 5D y probabilidades en el
dominio de la Defensa.

Creacion de Probayes primera empresa
que ingresa en el mercado herramientas
probabilisticas operacionales.

2008 Apertura a los problemas de 201 3

desercion en marketing con Optimizacion de la produccion para
Deteccion de fraudes en tarjetas técnicas de mineria de datos y de la industria de micro-electronica. Sinergia de experiencia en captores,
2006 bancarias: andlisis de 15 millones analisis predictivo. aprendizaje maquina, optimizacion,
Programa avanzado de ayuda al de transacciones de pago al dia. § N Diversifit_:acién c_ie los métodos analisis predictivo. Tecnologia prpte_gida
manejo que permita el registro de Creacion de Probayes Américas matematicos aplicados en sus proyectos. por‘patentes y ofena para I_a optimi-
una patente. zacion de energia en edificios.

Probayes cambia a ProbaYes.
ProbaYes festeja sus 10 aiios.




Logical Paradigm

Avoid

Obstacle

O

AvoidObs(01)

/ begin

end
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Avoid Obstacle
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X+Y=Y+X
= Addition(Y ,X)

P(X)P(Y 1X)=PY)P(XY)
- P(XY)



X = he/she lives in Grenoble
Y = he/she knows who Is Bayard

P X=f Y=7)=092
P(X=f Y=v)=001
P(X=v Y=7)=004
P(X=v Y=v)=0.03




P(XY)
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P(XY)

0.92 0.01

0.04 0.03

EX EyP(XY) -1.0




Two variables X and Y

P(XY)
P(X)
P(Y)

P(X 1Y)
P(Y | X)

Possi‘l@S‘"'q'U"estiUns

0.93

0.07

0.96

0.04
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9,

P(XY)  P(XY)

P(X1Y)= —
(X1Y) P(Y) EXP(XY)

PX)PY1X)  PX)PYIX)

P(X1Y)=

PY) > P(X)P(YIX)




Bayesian Programming Hierarchy

More General ‘

More specific
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___Bayesian program = ®escription + Question
/ Specification

Variables
Decomposition

Parametrical Forms

Description

Program
/\
A

|dentification
\ Experimental data
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( ( ( Relevant Variables:
Die, Points
Decomposition:
P(Die Points | ) =
P(Die | =) P(Points | Die )

=
- :§ Parametric Forms:
2J€\ Pwie|m=-2 1
248 1 0.36 | 0.64
BiasedDice()=<§ &
A Die Points

. . 1 2 3 4 5 6
P(Points I Die w) = 0 03 | 0.2 | 0.1 | 0.1 | 0.2 | 0.1
1

0.16 | 0.16 | 0.16 | 0.16 | 0.16 | 0.16

\
Identification:
. All tables provided by the user

Question:
| P(Die|Points)
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ProBT is a C++ library for developing efficient Bayesian software. It is
available for Linux, Unix, PC Windows (Visual C++), and MacOSX

—
A friendly Application Program Interface (API) for building

Bayesian models

PI‘ OB T < A high-performance Bayesian Inference Engine (BIE)
allowing to execute all the probability calculus in exact or

approximate way.

N



Dr. Juan Manuel Ahuactzin Larios



ProBT® code

2 2 /********************************* khkkkkhkhkhkhkhkhkhkhkhhkkhkkhkhkhhhkhkhkikikiikk

23 VARIABLES SPECIFICATION

24 **********************************************************************/
25 plintegerType Die_type(0,1); // Two dice O and 1

26 plintegerType Points_type(1,6); // Type for Points [1,2,...,6]

27 plSymbol Die("Die",Die_type);

28 plSymbol Points("Points",Points_type);

29

30 /**********************************************************************

31 PARAMETRIC FORM SPECIFICATION

32 **********************************************************************/

33 // P(Die)

34 plProbValue Die_table[] ={0.36, 0.64};

35 plProbTable P_Die(Die, Die_table);

36

37 // Distributions of dice 1

38 plProbVvalue distDieO[] ={0.3,0.2,0.1, 0.1, 0.2, 0.1};
39

40 // The conditional distribution P(Points | Die)

41 pldistributionTable P_PointsKDie(Points,Die);
42

43 P_PointsKDie.push(O,plProbTable(Points,distDie0));
44 P_PointsKDie.push(1,plUniform(Points)); // Die 1 is a symmetric die
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ProBT®-code (continues)

46 /**********************************************************************

47 DECOMPOSITION

48 **********************************************************************/
49 // P(Die Points) = P(Die) P(Point | Die)

50 plJointDistribution jd(Die”*Points, P_Die*P_PointsKDie);

51

52 /**********************************************************************

53 PROGRAM QUESTION

54 **********************************************************************/
55 plCnddistribution question, compiled_question;

56

57 jd.ask(question, Die, Points); // Compute P(Die | Points)

58 question.compile(compiled_question);

59 cout<<"Result\n";

60 cout<<compiled question<<endl;
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Application Program Interface (API)

ProBT Architecture
"| || \ ‘ 1/ | |

Voo |

|

\ L |

Sample Space Probability Distributions Bayesian Programs '

Serialization

Bayesian Engine (BE)

Learning Inference

Structure learning Exact

]
v .
Parameter learning

Adaptive Expectation-Maximization .
(complete data)$™ (incomplete data) Approximate

LA LAA ANV ATS
DR
XV EAN

Sampling Methods Integration & Optimization Basic symbolic simplification
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Example 4: Distributions

O




Statement of the problem

O

°
o

Points € [1,2,...,0] P(Points) = Uniform

:Points = 1]

:Points = 3]

:Points = 4]
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What can we do@th a distribution

0,18 -
0,16
0,14
0,12
0,1
0,08 -
0,06
0,04
0,02
04

.Compute P([Points = 5]) =

eBest
Draw
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P(Points) = Uniform

6
Best( P(Points)) = 4
Draw(P(PointS) =5




10
11 #include <pl.h> Pr © code

12
13 main()
14 {

15 /**********************************************************************

16  Defining the variable type, a symbol and values.

17 **********************************************************************/

18

19 plintegerType Points_type(1,6); // Type for Points [1,2,...,6]
20 plSymbol Points("Points",Points_type); // Variable set for Points
21 plValues values(Points); // Values for Points

22

23 /**********************************************************************

24  Defining P(Points) = uniform

25 **********************************************************************/

26

27 plUniform P_Points(Points);  // Distribution of the variable space
28
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ProBT® code (continues)

O

2 9 /**********************************************************************

30 Displaying the defined data

31 **********************************************************************/

32

33 cerr<<"Points_type = "<<Points_type<<"\n"; // Print the type

34 cerr<<"Points = "<<Points<<"\n"; // Print the symbol

35 cerr<<"values = "<<values<<"\n"; // Print the variable values

36 cerr<<"P_Points: "<<P_Points<<"\n\n"; // Print the distribution
37
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ProBT® code (continues)

O

3 8 /**********************************************************************

39 Throwing the die

40 **********************************************************************/
41

42 inti,n_times;

43 cout<<"How many times shall | throw the die? : ";

44 cin>>n_times; // Read the number of times to throw the die
45 cout<<"\n";

46

47 for (i=0;i<n_times;i++) {// Throw the die

48 cout<<i+l<<"th throw";

49  P_Points.draw(values);

50 cout<<values<<end]l;

51 }

52 }
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Points type = [1,2,...,6]

Points = {Points}
values = { Points=1 }
P Points : P(Points) = 1/6
How many times shall I throw the die? : 6
1th throw { Points=1 }
2th throw { Points=5 }
3th throw { Points=1 }
4th throw { Points=2 }
5th throw { Points=3 }
{ }

6th throw Points=1



Getting a different output

O

struct timeval t;
gettimeofday(&t, NULL);
pISRandom(t.tv_usec);
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Example 5:
Conditional distributions.

O




Conditional distributions

O

14 main()
154

16/***************************************************

17 Defining the variable type, symbols and values.
18***************************************************/
19

20 plintegerType Points_type(1,6); // Type for Points [1,2,...,6]

21 plintegerType Die_type(1.4); // Type for the Die

22 plSymbol Points("Points" ,Points_type);// Variable set for Points
23 pISymbol Die("Die" ,Die_type); // Variable set for the Die

24 plValues values(Points*Die); // Values for Points and Die
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26/************************************************

2’7 Definig P(Points | Die)
28************************************************/
29

30 // Distributions of dice 1,3 and 4

31 plProbValue distDiel[6] = {0.3,0.2,0.1,0.1,0.2,0.1};

32 plProbValue distDie3[6] = {0.4,0.15,0.1,0.15,0.1,0.1};

33 plProbValue distDie4[6] = {0.2,0.2,0.1,0.1,0.35,0.05};

34

35 // The conditional distribution P(Points | Die)

36 pldistributionTable P_PointsKDie(Points,Die);
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35 // The conditional distribution P(Points | Die)

36 pldistributionTable P_PointsKDie(Points,Die);

37

38 P_PointsKDie.push(1,pIProbTable(Points,distDiel));
39 P_PointsKDie.push(2,plUniform(Points));

40 P_PointsKDie.push(3,plProbTable(Points distDie3));
41 P_PointsKDie.push(4,plProbTable(Points distDie4));
42

43 // Printing the created objects

44 cerr<<"Points_type = "<<Points_type<<"\n";

45 cerr<<"Die_type = "<<Die_type<<"\n";

46 cerr<<"points = "<<Points<<"\n";

47 cerr<<'"die = "<<Die<<"\n";

48 cerr<<"values = "<<values<<"\n";

49 cerr<<"P_PointsKDie : "<<P_PointsKDie<<"\n\n";



55 int 1,n_times;

56

57 cout<<"Select a die (1,2,3 or 4): "; // Select the die to trow
58 cin>>values[Die];

59

60 pldistribution P_Points;

61 P_PointsKDie.instantiate(P_Points,values);

62 cout<<"Selected die distribution : "<<P_Points<<"\n\n";
63

64 cout<<"How many times shall I throw the die? : ";

65 cin>>n_times; // Read the number of times to throw the die
66 cout<<"\n";

67

68 for (i=0;i<n_times;i++) { // Throw the die

69 cout<<i+1<<"th throw ";

70 P_Points.draw(values);

71 cout<<values[Points]<<endl;



Bayesian Networks

O




P(Points) =

plProbTable(points, distDiel);

if die A —
P(Points) =+

if die B—
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0,3
0,25
0,2
0,15
0,1
0,05

0

plProbValue distDiel[6] = {0.3, 0.2, 0.1, 0.1, 0.2, 0.1};

- Example 6: di@{bution tables

Given a non-biased die (A) and a biased one (B),
how to represent the distribution of “Points” for a single die shoot?

— P(Points | Die)




----------------------- The Bayesian program- specification——
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Two dice

( ( ( Relevant Variables:
Die, Points
Decomposition:
P(Die Points | x) =
g P(Die | w)P(Points | Die )
= | | Parametric Forms:
2JE pwie|m=-2 |1
248 1 0.36 | 0.64
BiasedDz'ce()=<§ A
A Die Points
. . 1 2 3 4 5 6
P(Points | Die m) =545 1T53 0.0 01 [ 02 | 0.
\ 1 0.16 | 0.16 | 0.16 | 0.16 | 0.16 | 0.16
Identification:
. All tables provided by the user
Question:
| P(Die|Points)
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ProBT® code

2 2 /***************************************@c*************************

23 VARTABLES - SPECHICATION
24 *hkhkkkhkkkkkhkhkkkhkhkkkkhhkkkhkhkkkhkikhkkkhkhkhkkkhhkkhkhhhkhkkhkkikX **************************/
25 plintegerType Die_type(0,1); // Two dice O and 1

26 plintegerType Points_type(1,6); // Type for Points [1,2,...,6]

27 plSymbol Die("Die",Die_type);

28 plSymbol Points("Points",Points_type);

29

30 /**********************************************************************

31 PARAMETRIC FORM SPECIFICATION

32 **********************************************************************/

33 // P(Die)

34 plProbValue Die_table[] ={0.36, 0.64};

35 plProbTable P_Die(Die, Die_table);

36

37 // Distributions of dice 1

38 plProbValue distDieO[] ={0.3,0.2,0.1,0.1, 0.2, 0.1};
39

40 // The conditional distribution P(Points | Die)

41 pldistributionTable P_PointsKDie(Points,Die);
42

43 P_PointsKDie.push(O,plProbTable(Points,distDie0));
44 P_PointskDie.push(1,plUniform(Points)); // Die 1 is a symmetric die
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ProBT® code (continues)

46 /**********************************************************************

47 DECOMPOSITION

48 **********************************************************************/
49 // P(Die Points) = P(Die) P(Point | Die)

50 plJointDistribution jd(Die”Points, P_Die*P_PointsKDie);

51

52 /**********************************************************************

53 PROGRAM QUESTION

54 **********************************************************************/
55 plCnddistribution question, compiled__question;

56

57 jd.ask(question, Die, Points); // Compute P(Die | Points)

58 question.compile(compiled_question);

59 cout<<"Result\n";

60 cout<<compiled_question<<endl;
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1.- Compute P(Die = die | Points = points) for all values of die and points.
Use the method compute and the class plValues to iterate die and points.

63 //Questionl

64 plValues pvalues(Points™Die);

65 pvalues.reset();

66 dof{

67 cout<<"P(Die="<<pvalues[Die]<<" | Points="<<pvalues[Points]<<")="
68 cout<<question.compute(pvalues)<<endl;

69 }while(pvalues.next());



Exercise 2: question 1 output

O

P(Die=0 | Points=1)=0.503106
P(Die=1 | Points=1)= 0.496894
P(Die=0 | Points=2)= 0.402985
P(Die=1 | Points=2)= 0.597015
P(Die=0 | Points=3)=0.252336
P(Die=1 | Points=3)= 0.747664
P(Die=0 | Points=4)= 0.252336
P(Die=1 | Points=4)= 0.747664
P(Die=0 | Points=5)= 0.402985
P(Die=1 | Points=5)= 0.597015
P(Die=0 | Points=6)= 0.252336
P(Die=1 | Points=6)= 0.747664
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Analyze the following code and explain the output.

74 //EXcercise 2

75 pldistribution instantiated _question;

76 PntsDieValues.reset();

77 do{

78 question.instantiate(instantiated question, PntsDieValues);
79  PntsDieValues.reset(Die);

80 do{

81  cout<<"P(Die="<<PntsDieValues[Die];

82  cout<<" | Points="<<PntsDieValues[Points]<<")=";

83  cout<<instantiated question.compute(PntsDieValues)<<end];
84  }while(PntsDieValues.next(Die));

85 }while(PntsDieValues.next(Points));



Exercise 3: gudstion.. analsis,

P(Die = die | Points = points) =

P(Points = points)

P(Die = die | Points = points) = %)L(die)P(die)

N——

‘ A(die) = P(Points = poins | Die = die)

Z = P(Points = points)

P(Die =0 | Points=2)= A0)P(0)

= l0.2*0.36
Z
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2.- Compute P(Points — points) for all values of Points

use the class plValues to iterate points.

//EXxercise 2.2

pldistribution question2;
jd.ask(question2, Points);
cout<<question2<<end];

pvalues.reset();
do{

cout<<"P("<<pvalues[Points]<<")="<<qguestion2.compute(pvalues)<<e
}while(pvalues.next(Points));



Exercise 2: question 2 output

O

P(1)= 0.214667
P(2)=0.178667
P(3)= 0.142667

0,3

0,25

0,2

0,15
0,1
0,05

Dr. Juan Manuel Ahuactzin Larios

P(4)=0.142667
P(5)= 0.178667
P(6)=0.142667

0,25 -

0,2

0,15

0,1

0,05




Exercise 2: question 2 analysis

O

Ed, . P(Die = die) P(Points = points | Die = die)
P(Die | Points = points)

P(Points = points) =

= Ed' . P(Die = die) P(Points = points | Die = die)

P(Points=1)=(0.36*0.3) + (0.64 *0.16)

~0.2104
P(1)= 0.214667 P(4)= 0.142667
P(2)=0.178667 P(5)= 0.178667
P(3)= 0.142667 P(6)= 0.142667
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Excercise 4

O

Compute P(Points = points) for all values of Points use the
Class plValues to iterate points.
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Example 7: A Bayesian network

O
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P(A|x) P(B|m)
0 1 0 1
0406 0.18 | 0.82

P(C|m) P(D[AB )

0 | 1 A|B D

0.75 | 0.25 0T 1

0|0 |06|04

010307

P(E|C D w) 100100

¢|D WG 110505
0 1
010|050 041
0102507
1] 00802
11035065
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)

( ( Relevant Variables:
A,B,C,D,Ec B
Decomposition:
P(ABCDE|n)=

P(A|x)P(B|m)P(C|=)P(D|A B=)P(E|C D x)
Parametric Forms:

P(A| ) ={0.4,0.6}

P(B | ) = {0.18,0.82}

P(C | ) = {0.75,0.25}
(0.6, 0.4
0.3, 0.7
0.1, 0.9
L 0.5, 0.5
(059, 0.41

0.25, 0.75

PE[CDm =1 o350 020
\ | 035, 0.65

Identification:
( All tables provided by the user
Question:

P(C A B|[E = true] A [D = false])

Specification

BN() = «

Description

P(D|AB )=

\
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Exercise 5. The water-sprinkler model

Write a Bayesian Program for the wa@prinkler model
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Exercise 6

O



ldentify the variables

- Ales

. Acceptation

13. VP Victor is present
14. BP Bill is present

> Presence

J
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Write the decomposition

O
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Draw the Bayesian network

O
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The Bayesian program specification

O

( ( Relevant Variables:
RI,RP, We,LI, E, JA, MA, AA, BA, JP, MP, AP, VP, BP
Decomposition:
g | P(RI RP We LI E JA MA AA BA JP MP AP VP BP| )=
= |5 P(RI| ©)P(RP | m)P(We | ®)P(LI | ©)P(E | ©)
)% \  PUA|RI ©)P(BA| LI ©)P(AA| We m)P(AP | AA 7)
PartyBN() = < g z P(MA| JA AA ©)P(MP | MA ©)P(VP fAA BA )

A P(JP | JA RP ©)P(BP | BA E =)

Parametric Forms:

\ See Figure3
Identification:
All tables provided by the user
Question:

| P(RI| MP We )
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The Bayesian network




Write the parametric forms specification

P(RI | ) P(RP | ) P(We | m) P(LI | )
0 1 0 1 0 1 0 1
0.78 | 0.22 0.78 | 0.22 0.72 ] 0.28 0.7 0.3

P(JA[RIn) | [ P(BALI x) | [ P(AA] We )
P(E[m | [RIT J4 LI BA We | AA
0 | 1 01 0 | 1 01
0.35|065|| 0 |01]09|[ 0 |005]095|[ 0 |06]04
1 |06]04|[ 1] 0703 1 |02]08

P(MA[JA AA )
P(AP[AA ) | [JA] A4 MA P(MP | MA 7)
AL AP 0 | 1 |[MA[ MP
0] 1|[0]| 0]05]05 0 | 1
0 |05]/05|| 0| 1 |015|08 || 0 |097 003
1 [02]08|[ 1] 0 [005]095]|| 1 [0.03]097
1 | 1 |095]005
P(VP|AA BA ) P(JP|JA RP ) P(BP|BA E )
AA[BA| VP JA[RP| JP BA|E BP
0] 1 0 | 1 0 | 1
0|0 03[07|[0] 0 06|04 0 [0 08|02
0 | 1 |06[04|[ 0] 1 [10]00 0 |1] 10| 00
1 |0 |01]09|[ 1| 0 0L]09 1 | 000509
1 |1 |o0|10|[ 1| 1 [03]07 1 1] 10] 00
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1.- What is the probability that it was raining when John received the invitation
knowing that Mary didn’ t attend the party and that the party is on Monday?

2.- What is the probability that all Peter’s friends attend the party
knowing that it will take place on a sunny Saturday, knowing that Bill
received the invitation in time and no emergency was present at the
hospital?

3.- What is the probability that Alice, Victor and Bill attend the party?

4.- Alice answer the phone at Peter's house, “Hi John”. What is the probability
that Mary and Victor attended the party?



o.'n. ® ... (d ¥ : 2 o9 4
@08 2078:0000 05 8a00t?
ORET g D X Py

000050050000 0g0 2 g
® .o. o..o. .“O. ...o...
RO et Y
‘CRel@0

5: Filters
dness model

b

False Pos1t1ch

False Negative

Exam
Color

I ne
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A Color blindness -test filter

O

Time

by
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Re@ace

Inferred_Distribution.replace(<plVariablesConjunction>,<plComputableO

P(CB | Test, = test, Test, =test, ... Test =test)
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The dice and@ints example

Dr. Juan Manuel Ahuactzin Larios
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0.6000.

0,5000.

Probability

Probability

0,9000-
0,8000-

0,7000-

0,6000-
0,5000-

0,4000-

0,3000-

Probability Probability Probability
0,5000- 0:5000-
0.4500-
0,4000-
0,3500-
0,3000-
0,2500-
0,2000-
0,1500-
0,1000-
0,0500-
©.0000 2 3 " s o 1 2 3 a B 5
Probability Probability Probability
0.5000. 0,5000- 0.6000-
04500, 0,4500-
0.4000. 0.4000-
0.3500. 0,3500-
0.3000, 0.3000-
0.2500 0,2500-
0.2000. 0,2000-
0.1500. 0,1500-
0.1000. 0,1000-
0,0500. 0,0500-
0.0000. 0,0000-
1 2 3 4 s 6 1 2 s a s 5 1 2 3 . s 6
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1 2 3 4 s 6

Probability

1,0000.

0,900
0,800
0,700
0.6000
05000
0.4000
0.3000
0.2000
0,100
0.0000
1 2 3 4 s 6
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O
P(N I Points, = 10, Points, = 14, Points, = 12, Points, = 19, Points, = 11)
O duan Manwel At Laros



Consider that your fellow has a box with m dice; secretly she takes n<=m
dice and throw them on the table. She lets you know that the sum of all
points is s. What is the most probable number n of dice.

It is well know that when n is particularly large, we have that the
distribution of n is Gaussian with 7
n

2
and 3571
O =32
12

M:




Expected Value

O

The expected value of an integer variable is computed as follows:

E(]) = Ei* P(i)

Sy
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#include <plLearnldNormal.h>

// Create the learning object. Switch between plLearnHistogram
// plLearnldNormal to see the difference on learning

//plLearnHistogram distribution(vars);
plLearnldNormal distribution(vars);

// Read data from file
plvalues values(vars);
fin>>values[0];

while (! fin.eof()) {
// Add the read data into the learning distribution

distribution.add point(values);
fin>>values[0];

}
plDistribution probas = distribution.get distribution();



Exercise 7

O

Compute the expected value for the number
of persons attending the party.

Dr. Juan Manuel Ahuactzin Larios



More specific
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Example 6: HMM

O

P(S, S, O) =P(S, ) P(S5,1S,,) P(OtIS,)
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Transition graph
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Observations

O

P(Ot1S,)
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Example 7: HMM and action

O
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The Bayesian program specification
M

( ( ( Relevant Variables:
State,, State, Action, Obs
Decomposition:
P(State, Action State Obs | ) =
P(State, | ) P(Action | )
P(State | State, Action 7)P(Obs | State )
g | Parametric Forms:
g |5 Initial PF
2 |
2lg Po(Statey | 7) =
. )3 | & Prior PF
Filter(t,0) = s A . P(Stat | _ [ rename(State,, Filter(t —1,0)) ift#1
(Statep | m) = { Po(State, | 7) otherwise
Transitive PF
P(Action | T) =yA
P(State | Statep Action ) = «s
\ P(Obs | State T)Yous
Identification:
\
Question:
(  P(State | Obs = o[t] m)
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The ProBT® code

55 plDistribution DBP::filter(unsigned int t, int *0){
56

57 plICndDistribution CndQuestion;

58 plDistribution Question;

59 plDistribution Compiled Question;

60
61 // Set P(State p)
62 if (t!1=1){

63 P_Prior =filter(t-1, 0); // P(State p) = filter(t-1)
64 P_Prior.rename(State_p);

65 }

66 else

67 P_Prior=P_lInitial;, //P(State p) =P Initial

68

69 /* P(State p State Action Obs) =

70 P(State_p)

71 P(Action) P(State | State_p Action) P(Obs|State) */

72 plJointDistribution jd(State _p”~State”Action”™Obs, P_Prior*P_ Transitive);



The ProBT® code (continues)

O

73

74 // Get P(State | Obs)

75 jd.ask(CndQuestion,State,Obs);

76

77 // Get P(State | Obs=0[t])

78 CndQuestion.instantiate(Question,o[t-1]);
79 Question.compile(Compiled_Question);
80 return(Compiled Question);

81
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Bayesian Programming Hierarchy

More General ‘

More specific

Y
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