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Knowledge representation

Two main issues to be solved simultaneously:
@ multidimensionality,
@ uncertainty.

1970’s, early 1980's: “probability is useless”

to describe uncertainty of e. g. 250 variables you need at least

(229 — 1) probabilities
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Background

Knowledge representation

Two main problems to be solved simultaneously:
@ multidimensionality,
@ uncertainty — ambiguity and IMPRECISION.

Imprecise graphical models:
@ credal networks,
evidential networks,

o
@ directed possibilistic graphs,
o
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Basic concepts Conditioning
Independence

Possibility measure

Possibility measure on X (|X| < o0)

n:P(X)— [0,1]
(i) N() = o;
(i) for any family {A;,j € J} of elements of P(X)

M A = |‘|
(U TeaJX (Aj)-
jed
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Basic concepts Conditioning
Independence

Possibility measure

Possibility measure on X (|X| < o0)

n:P(X)— [0,1]
(i) N() = o;
(i) for any family {A;,j € J} of elements of P(X)

M A = |‘|
(U TeaJX (Aj)-
jed

M is normal iff N(X) =
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Basic concepts Conditioning
Independence

Possibility distribution

Possibility distribution of T1
m: X —[0,1],
such that for any A € P(X)

M(A) = max 7(x).
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Basic concepts Conditioning
Independence

Possibility distribution

Possibility distribution of Tl
m: X —[0,1],
such that for any A € P(X)

M(A) = max 7(x).

Let 7(x,y) be a possibility distribution on X x Y. Its marginal
possibility distribution on X is defined by

= a
mx(x) max (X, y)

for any x € X.

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Basic concepts Conditioning
Independence

Conditioning

Conditional possibility distribution x| vy is defined as any solution
T
of the equation

xy(x,y) =T (WY(Y)vWX\TY(X|TY)>

for any (x,y) € X x Y,
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Conditioning

Conditional possibility distribution x| vy is defined as any solution
T
of the equation

mxr(x,y) = T (my () mx, v(x1, )
for any (x,y) € X x Y, nevertheless

(Ny,T)
x| y(xIy) B mxy(x,y) ATy (y),
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Basic concepts Conditioning
Independence

Conditioning

Conditional possibility distribution x| vy is defined as any solution
T
of the equation

mxr(x,y) = T (my () mx, v(x1, )
for any (x,y) € X x Y, nevertheless

(My,T)
7TX|TY(X|TY) 2

mxy (X, y) A1y (y),
which means that

T (my()mx, v(x1,9) = T (my () mxr (5 0) A1y (1))
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Basic concepts Conditioning
Independence

Conditioning

Conditional possibility distribution x| vy is defined as any solution
T
of the equation

mxr(x,y) = T (my () mx, v(x1, )
for any (x,y) € X x Y, nevertheless

(My,T)
x| _y(xIy) B mxy(x,y) ATy (y),
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Basic concepts Conditioning
Independence

Conditioning

Conditional possibility distribution x| vy is defined as any solution
T
of the equation

mxr(x,y) = T (my () mx, v(x1, )
for any (x,y) € X x Y, nevertheless

(My,T)
x| _y(xIy) B mxy(x,y) ATy (y),

and, furthermore,

x| v(X|, ) E mxy (%, y) ATy (y).

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Basic concepts Conditioning
Independence

Independence

Variables X and Y are possibilistically T-independent (with
respect to 7) if for any pair (x,y) € X x Y,

mxy(x,y) = T (7x(x), 7y (y)) -
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Basic concepts Conditioning
Independence

Independence

Variables X and Y are possibilistically T-independent (with
respect to 7) if for any pair (x,y) € X x Y,

mxy(x,y) = T (7x(x), 7y (y)) -

Variables X and Y are possibilistically conditionally T-independent
given Z — It(X,Y|Z) —if, for any z € Z and any pair
(x,y) e XxY,

mxvz(x,y,z) =T (T (WX\TZ(X’TZ)v7TY|TZ(Y‘TZ)) aﬂz(z)> :
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Basic concepts Conditioning
Independence

Independence

Variables X and Y are possibilistically T-independent (with
respect to 7) if for any pair (x,y) € X x Y,

mxy(x,y) = T (7x(x), 7y (y)) -

Variables X and Y are possibilistically conditionally T-independent
given Z — It(X,Y|Z) —if, for any z € Z and any pair
(x,y) e XxY,

mxvz(x,y,z) =T (T (WX\TZ(X’TZ)v7TY|TZ(Y‘TZ)) aﬂz(z)> :

I7(X, Y|Z) satisfies so-called semi-graphoid properties.
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Marginal problem
Operators of composition

Compositional models Perfect sequences

Example

Interpretation

Joint possibility distribution

XY

Y=0 Y=1

X
X

0
1

1 0.7
0.5 0.3
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Marginal problem
Operators of composition
Compositional models Perfect sequences

Interpretation

Example

Joint possibility distribution

T™xy | Y=0 Y=1]nrx
0| 1 07 | 1
1| 05 03 |05
1 0.7

X
X

™

<
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Example

Marginal possibility distributions

XY Y =0 Y=1 X
0 1
1 0.5

X
X
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Example

Marginal possibility distributions

XY Y =0 Y=1 X
0 1 0.7 1
1 0.5

X
X

T 1 0.7

<
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Example

Marginal possibility distributions

mxy | Y=0 Y=1]|mnx
0 1 0.7 1
1 « I} 0.5
1 0.7

X
X

™

<
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Example

Set of extensions

mxy | Y=0 Y=1]|mnx
1 0.7 1
« I} 0.5
1 0.7

X X
Il
= O

s

<

a, < 0.5, max(«, 5) = 0.5
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Example

Set of extensions

mxy | Y=0 Y=1]|mnx
1 0.7 1
« I} 0.5
1 0.7

X X
Il
= O

s

<

a=05,3¢€[0,0.5]
B=0.5,a€[0,0.5]
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Example

T-product extensions

xy | Y=0 Y=1 TX
1 0.7 1
05 T(0.7,05) | 0.5
1 0.7

X X
Il
)

™

<
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Marginal problem

We deal with joint possibility distributions 7(xy) on
Xy =X x Xy X ... XX,
and their marginals m(xx) (K C N) on its subspaces
Xk = XjekXi.
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Compositional models Perfect sequences

Interpretation

Marginal problem

We deal with joint possibility distributions 7(xy) on
Xy =X x Xy X ... XX,
and their marginals m(xx) (K C N) on its subspaces
Xk = XjekXi.

Let K be a system of nonempty subsets of N and

S = {mk(xk)}kex

set of lowdimensional possibility distributions.
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Marginal problem

We deal with joint possibility distributions 7(xy) on
Xy =X x Xy X ... XX,
and their marginals m(xx) (K C N) on its subspaces
Xk = XjekXi.

Let K be a system of nonempty subsets of N and

S = {mr(xk)}kex
set of lowdimensional possibility distributions.

Problem

Does there exist a joint possibility distribution m(xy) on Xy such
that

7T(XK) = WK(XK)?
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Marginal problem
rators of composition
Compositional models Perfect sequences
Interpretation

Operators of composition

Let T be a continuous t-norm and m1(xk, ) and m2(xk,) be two
possibility distributions defined on X1 and Xy, respectively. Then
we define:
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Operators of composition

Let T be a continuous t-norm and m1(xk, ) and m2(xk,) be two
possibility distributions defined on X1 and Xy, respectively. Then
we define:

operator of right composition

o7 M2 (Xkuk,) = T (T (xky) ™2 (X, ) D172 (Xkink,)) 5
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Operators of composition

Let T be a continuous t-norm and m1(xk, ) and m2(xk,) be two
possibility distributions defined on X1 and Xy, respectively. Then
we define:

operator of right composition

o7 M2 (Xkuk,) = T (T (xky) ™2 (X, ) D172 (Xkink,)) 5

operator of left composition

m AT 1 (Xikeuk,) = T (71 (xk,) D171 (Xkink,) > 2 (Xk,)) -
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Operator of right composition
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Basic properties

Lemma

Let T be a continuous t-norm and m1(xxk,) and ma(xk,) be two
distributions on Xk, and Xg,, respectively. Then

Q w7 mo is a possibility distribution on Xk, k,,
Q (mi>T m)(xk,) = m1(xk, ),

Q (m1 <71 m)(xky) = m2(xk,),

Q (m1 b7 m2)(xKuk,) = (1 <97 m2)(XikUk:)

for any continuous t-norm T iff w1 and mwp are projective, i.e.

1 (XKkynky) = T2(XKonky )-

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Operator of right composition

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Operator of right composition

T DT T2

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Operator of right composition

T DT T2

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Operator of left composition

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Operator of left composition

71 AT T2

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Operator of left composition
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Relation to T-independence

Theorem

Let T be a continuous t-norm and 7 be a possibility distribution of
Xkyuk, With marginals w1 and mp of Xk, and Xk, respectively.
Then

T(xkuk,) = (m1>7 m2)(XKyUk,)

= (m1 <97 m2)(XKUK, )

if and only if Xk\k, and Xi,\, are conditionally independent,
given Xk nk,-
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Generating sequences

The operator > (as well as <i1) is neither commutative nor
associative. Therefore, generally

(71'1 >T 7'('2) > 73 75 T >T (71'2 >T 7'&'3).
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Generating sequences

The operator > (as well as <i1) is neither commutative nor
associative. Therefore, generally

(71'1 >T 7'('2) > 73 75 T >T (71'2 >T 7'&'3).

Let T be a continuous t-norm and 7y, my and w3 be defined on
Xk, Xk, and X, respectively, such that K1 and K3 are disjoint.
Then

(71'1 >T ’/T2) Drm3 =m1 DT (7(2 >T ’/T3).
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Generating sequences

Consider a sequence of possibility distributions
m1(XKy); m2(Xk,), - - - T™m(Xk,,) and the expression

T DT .. ..DT Ty
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Generating sequences

Consider a sequence of possibility distributions
m1(XKy); m2(Xk,), - - - T™m(Xk,,) and the expression

T >T b1 ...DT Th.
We always apply the operators from left to right, i.e.

MbT T bT 3T ...DT T, = (...((7T1\>T7T2)1>T7T3)>T...l>T7Tm).

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Generating sequences

Consider a sequence of possibility distributions
m1(XKy); m2(Xk,), - - - T™m(Xk,,) and the expression

T >T b1 ...DT Th.
We always apply the operators from left to right, i.e.
MbT T bT 3T ...DT T, = (...((7T1\>T7T2)1>T7T3)>T...l>T7Tm).

It defines a multidimensional distribution of Xk,u...uk,,-
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Generating sequences

Consider a sequence of possibility distributions
m1(XKy); m2(Xk,), - - - T™m(Xk,,) and the expression

T >T b1 ...DT Th.
We always apply the operators from left to right, i.e.
MbT T bT 3T ...DT T, = (...((7T1\>T7T2)1>T7T3)>T...l>T7Tm).

It defines a multidimensional distribution of Xk, u..uk,,. Therefore,
for any permutation i1, fa, ..., iy, of indices 1,..., m

Ty bT T B DT T

defines also a (generally different) multidimensional distribution of
XKyU..UK -
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Generating sequences

Consider a sequence of possibility distributions
m1(XKy); m2(Xk,), - - - T™m(Xk,,) and the expression

T1>T T DT .. .DT Ty
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Generating sequences

Consider a sequence of possibility distributions
m1(XKy); m2(Xk,), - - - T™m(Xk,,) and the expression

T1>T T DT .. .DT Ty

Similarly
M o1 ...dT TTm

defines a multidimensional distribution of Xk, .uk,,-
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Generating sequences

Consider a sequence of possibility distributions
m1(XKy); m2(Xk,), - - - T™m(Xk,,) and the expression

T1>T T DT .. .DT Ty
Similarly

T <7 T <A1 ...dT7 Ty
defines a multidimensional distribution of Xk, .uk,,-
Nevertheless, they are very different from the computational point
of view. In the first case we need to compute
|Km N (K1 U...UKp—_1)|-dimensional marginal of

7Tm(XKm)a

while in the second case the same marginal of

T <7 T2 47 ... 4T 7rm—1(XK1u...uK,,,,1)-
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

T-perfect sequences

An ordered sequence of possibility distributions w1, 72, ..., 7y is
said to be T-perfect if

m by = m 4T T2,
m b b3 = Wy A7 M2 AT T3,
mbr- Ty = MW A7T LT Ty
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

T-perfect sequences

An ordered sequence of possibility distributions w1, 72, ..., 7y is
said to be T-perfect if

m by = m 4T T2,
m b b3 = Wy A7 M2 AT T3,
mbr- Ty = MW A7T LT Ty

The sequence 71,72, ..., Tm Is T-perfect iff all the distributions
M1, M2, ..., Tm are marginal to distribution w1 > To DT ... D> Tpy,.
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Perfect sequence of lowdimensional distributions

3
75
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Perfect sequence of lowdimensional distributions
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Not perfect sequence of lowdimensional distributions
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Not perfect sequence of lowdimensional distributions

“Perfectized” sequence
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Example

7T1(X1,X3) X3 0 1 2 71'2(X2,X3) X3 0 1 2
X1=0

—
—
—

)

\
o
=
=
=
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Example

X1 Xo Xs m BT 7T2(X17X27X3)

mF R R, RO OOO0OO
R, oo ORrRRroOoOO
N ONEHONRON RO
wWhrOloNO|lwWws OGP EEO
N Yeoe~olws o= +=1
N R OloNOw s o = e
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inal problem
of composition
Compositional models Perfect sequences
Interpretation

Example

X3 m™ DT 7T2(X3|X1 = 1,X2 = 1)
G Mn L
1 25/28 8
1 A4 1 9
3 27/28 1
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\Y inal problem

(0] rs of composition
P sequences
Interpretation

Compositional models

Upper envelopes of sets of probability distributions

With any possibility distribution 7 on X we can associate a class of
probability distributions M(7) on X dominated by it, i.e.,

M(m) ={p: p(x) < m(x) Vx e X}.
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Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Upper envelopes of sets of probability distributions

With any possibility distribution 7 on X we can associate a class of
probability distributions M(7) on X dominated by it, i.e.,

M(m) ={p: p(x) < m(x) Vx e X}.

Theorem

Let 1,72, ..., Tm be a min-perfect sequence of possibility
distributions and M(m1), M(m2), ..., M(mm) corresponding sets
of probability distributions. Then

T P>gmDG PG Tm

is the upper envelope of the set of all extensions of projective
probability distributions from M(m1), M(m2),..., M(mm).

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Marginal problem

Operators of composition
Compositional models Perfect sequences

Interpretation

Upper envelopes of sets of probability distributions

Theorem

Let 71,72, ..., ™m be a product-perfect sequence of possibility
distributionsand M(m1), M(m2), ..., M(7m) corresponding sets of
probability distributions. Then

TP m™bn b Tm
is an upper envelope of the probability distributions
p1>p2bB---Dpm,

where pi1, p2, . .. pm form perfect sequences of probability
distributions from M(m1), M(m2), ..., M(7m).
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Possibilistic trees
Dependence trees

: Directed poss graphs
Graphical models Directed possibilistic graphs

Possibilistic trees

Possibilistic trees (de Campos and Huete, FSS 1999) are based on
the following simple idea. If /7(X, Y|Z), then the joint distribution
m(x,y,z) of X, Y,Z can be obtained from its marginals 7(x, z)
and 7(y, z).
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Possibilistic trees
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Possibilistic trees

Possibilistic trees (de Campos and Huete, FSS 1999) are based on
the following simple idea. If /7(X, Y|Z), then the joint distribution
m(x,y,z) of X, Y,Z can be obtained from its marginals 7(x, z)
and 7(y, z).

Let us assume variables Xi, ..., X, such that IT({X;};<i{X}j>ili),
then the joint possibility distribution of these variables can be
obtained form the marginals 7(xi,...,x;) and 7(x;, ..., Xn).
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Possibilistic trees

Possibilistic trees (de Campos and Huete, FSS 1999) are based on
the following simple idea. If /7(X, Y|Z), then the joint distribution
m(x,y,z) of X, Y,Z can be obtained from its marginals 7(x, z)
and 7(y, z).

Let us assume variables Xi, ..., X, such that IT({X;};<i{X}j>ili),
then the joint possibility distribution of these variables can be
obtained form the marginals 7(xi,...,x;) and 7(x;, ..., Xn).

Resulting possibilistic tree 7 consists of two kinds of nodes — leaf
nodes (which store marginal possibility distributions) and internal
nodes (storing conditional independence statements).
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Possibilistic trees
Dependence trees

! irected poss graphs
Graphical models Directed possibilistic graphs

Example

I7((Xi)i=1,2,3,4, (Xi)i=6,7,8,9,10| X5)

I7(X1, (Xi)i=3,4,5X2) I7((Xi)i=s.6,7, (Xi)i=9,10|Xs)

m(x1, %) IT(X2, (Xi)iza5|X3) I7(Xs, (Xi)i=7,8/X6) (x5, X0, X10)

(X2, x3) (X3, %4,%5) 7(x5,%5) I7(Xe,Xs|X7)

(X6, X7) (X7, Xg)
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Possibilistic trees
Dependence trees

! irected poss graphs
Graphical models Directed possibilistic graphs

Example

I7((Xi)i=1,2,3,4, (Xi)i=6,7,8,9,10| X5)

I7(X1, (Xi)i=3,4,5X2) I7((Xi)i=s.6,7, (Xi)i=9,10|Xs)

m(x1, %) IT(X2, (Xi)iza5|X3) I7(Xs, (Xi)i=7,8/X6) (x5, X0, X10)

(X2, x3) (X3, %4,%5) 7(x5,%5) I7(Xe,Xs|X7)

(X6, X7) (X7, Xg)

7T(X2,X3)>T 7T(X37X47X5)
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Possibilistic trees
Dependence trees

: Directed poss graphs
Graphical models Directed possibilistic graphs

Example

I7((Xi)i=1,2,3,4, (Xi)i=6,7,8,9,10| X5)

I7(X1, (Xi)i=3,4,5X2) I7((Xi)i=s.6,7, (Xi)i=9,10|Xs)

m(x1, %) IT(X2, (Xi)iza5|X3) I7(Xs, (Xi)i=7,8/X6) (x5, X0, X10)

(X2, x3) (X3, %4,%5) 7(x5,%5) I7(Xe,Xs|X7)

(X6, X7) (X7, Xg)

7T(X1,X2) >r (7T(X2, X3) >T 7T(X3,X4,X5))
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Possibilistic trees
Dependence trees

: Directed poss graphs
Graphical models Directed possibilistic graphs

Example

I7((Xi)i=1,2,3,4, (Xi)i=6,7,8,9,10| X5)

I7(X1, (Xi)i=3,4,5X2) I7((Xi)i=s.6,7, (Xi)i=9,10|Xs)

m(x1, %) IT(X2, (Xi)iza5|X3) I7(Xs, (Xi)i=7,8/X6) (x5, X0, X10)

(X2, x3) (X3, %4,%5) 7(x5,%5) I7(Xe,Xs|X7)

(X6, X7) (X7, Xg)

7T(X17X2) >T (7T(X2, X3) >T 7T(X37X47X5))

(X6, x7) >T (X7, X8)
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Possibilistic trees
Dependence trees

: Directed poss graphs
Graphical models Directed possibilistic graphs

Example

I7((Xi)i=1,2,3,4, (Xi)i=6,7,8,9,10| X5)

I7(X1, (Xi)i=3,4,5X2) I7((Xi)i=s.6,7, (Xi)i=9,10|Xs)

m(x1, %) IT(X2, (Xi)iza5|X3) I7(Xs, (Xi)i=7,8/X6) (x5, X0, X10)

(X2, x3) (X3, %4,%5) 7(x5,%5) I7(Xe,Xs|X7)

(X6, X7) (X7, Xg)

7T(X1,X2) >r (7T(X2, X3) >T 7T(X3,X4,X5))

(x5, x6) T (7(x6, X7) DT 7(X7, X8))
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Possibilistic trees
Dependence trees

: Directed poss graphs
Graphical models Directed possibilistic graphs

Example

I7((Xi)i=1,2,3,4, (Xi)i=6,7,8,9,10| X5)

I7(X1, (Xi)i=3,4,5X2) I7((Xi)i=s.6,7, (Xi)i=9,10|Xs)

m(x1, %) IT(X2, (Xi)iza5|X3) I7(Xs, (Xi)i=7,8/X6) (x5, X0, X10)

(X2, x3) (X3, %4,%5) 7(x5,%5) I7(Xe,Xs|X7)

(X6, X7) (X7, Xg)

7T(X17X2) >T (7T(X27X3) >T 7T(X37X4,X5))

(m(x5, X6) DT (7(x6, X7) T ™(X7, X8))) >T (X8, X0, X10)
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Possibilistic trees
Dependence trees

! irected poss graphs
Graphical models Directed possibilistic graphs

Example

I7((Xi)i=1,2,3,4, (Xi)i=6,7,8,9,10| X5)

I7(X1, (Xi)i=3,4,5X2) I7((Xi)i=s.6,7, (Xi)i=9,10|Xs)

m(x1, %) IT(X2, (Xi)iza5|X3) I7(Xs, (Xi)i=7,8/X6) (x5, X0, X10)

(X2, x3) (X3, %4,%5) 7(x5,%5) I7(Xe,Xs|X7)

(X6, X7) (X7, Xg)

(7T(X17 X2) >T (W(Xb X3) > 7T(X3, X4, X5)))

o7 ((7(x5,%6) 7 (7(X6, X7) DT (X7, X8))) >T 7(X8, X0, X10))
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Possibilistic trees
Dependence trees

: directed possibilistic graphs
Graphical models Directed possibilistic graphs

Example — continued

(m(x1, x2) b7 (7(Xx2, X3) BT (X3, X4, X5)))

>1((m(xs, %) BT (7(X6, x7) BT T(X7, %8))) >7 7(X8, X9, X10))
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Possibilistic trees
Dependence trees

: Directed poss graphs
Graphical models Directed possibilistic graphs

Example — continued

(m(x1, x2) b7 (7(Xx2, X3) BT (X3, X4, X5)))

>1((m(xs, %) BT (7(X6, x7) BT T(X7, %8))) >7 7(X8, X9, X10))

7T(X17 X2) >T (ﬂ_(XZ)X?:) >T ﬂ_(X37X47X5))
>1(m(xs5,%6) b1 (m(X6, X7) b1 (X7, X8))) >T 7(X8, X0, X10)
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Possibilistic trees
Dependence trees

: Directed poss graphs
Graphical models Directed possibilistic graphs

Example — continued

(m(x1, x2) b7 (7(Xx2, X3) BT (X3, X4, X5)))

>1((m(xs, %) BT (7(X6, x7) BT T(X7, %8))) >7 7(X8, X9, X10))

7T(X17 X2) >T (ﬂ_(XZ)X?:) >T ﬂ_(X37X47X5))
>1(m(xs5,%6) b1 (m(X6, X7) b1 (X7, X8))) >T 7(X8, X0, X10)

m(x1, x2) >1 (X2, X3) >T (X3, X4, X5)

>17(xs, X6) T (7(X6, X7) T (X7, X8)) >T 7(X8, X0, X10)

Ji¥ina Vejnarova Multidimensional Possibilistic Models



Possibilistic trees
Dependence trees

: Directed poss graphs
Graphical models Directed possibilistic graphs

Example — continued

(m(x1, x2) b7 (7(Xx2, X3) BT (X3, X4, X5)))

>1((m(xs, %) BT (7(X6, x7) BT T(X7, %8))) >7 7(X8, X9, X10))

7T(X17 X2) >T (ﬂ_(XZ)X?:) >T ﬂ_(X37X47X5))
>1(m(xs5,%6) b1 (m(X6, X7) b1 (X7, X8))) >T 7(X8, X0, X10)

m(x1, x2) >1 (X2, X3) >T (X3, X4, X5)

>17(xs, X6) T (7(X6, X7) T (X7, X8)) >T 7(X8, X0, X10)

m(x1, x2) D1 (X2, X3) b1 T(X3, X4, X5)

>17(Xs,X6) >T (X6, X7) >T (X7, X8) >T T(X8, X0, X10)
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Possibilistic trees
Dependence trees

Graphical models Directed possibilistic graphs

Dependence trees

In dependence trees (de Campos and Huete, FSS 1999) nodes
represent variables (or groups of variables) and edges represent
direct dependence relationship among variables (or groups).
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Possibilistic trees
Dependence trees

Graphical models Directed possibilistic graphs

Dependence trees

In dependence trees (de Campos and Huete, FSS 1999) nodes
represent variables (or groups of variables) and edges represent
direct dependence relationship among variables (or groups).

For each dependence tree one can construct a perfect sequence
T1,...,Tm of distributions of variables Xk,, Xk,, ..., Xk,,,
respectively. These distributions are such that each {X;}ick,
equals some c/(X;) = {X;} U pa(X;) and w1 >...> 7, equals the
distribution represented by the dependence tree.
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Possibilistic trees
Dependence trees

Graphical models Directed possibilistic graphs

Directed possibilistic graphs

Directed possibilistic graph (or possibilistic belief network) is a
possibilistic counterpart of Bayesian network:

Ji¥ina Vejnarova Multidimensional Possibilistic Models
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Graphical models Directed possibilistic graphs

Directed possibilistic graphs

Directed possibilistic graph (or possibilistic belief network) is a
possibilistic counterpart of Bayesian network:

@ acyclic directed graph — structural information;
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Possibilistic trees
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Directed possibilistic graphs

Directed possibilistic graph (or possibilistic belief network) is a
possibilistic counterpart of Bayesian network:

@ acyclic directed graph — structural information;

@ system of conditional probability distributions — quantitative
information.
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Possibilistic trees
Dependence trees

Graphical models Directed possibilistic graphs

Directed possibilistic graphs

Directed possibilistic graph (or possibilistic belief network) is a
possibilistic counterpart of Bayesian network:

@ acyclic directed graph — structural information;

@ system of conditional probability distributions — quantitative
information.

For each directed possibilistic graph one can construct a perfect
sequence 1, ..., Ty, of distributions of variables

Xkys XKys - - -, Xk, respectively. These distributions are such that
each {Xi}ick, equals some c/(X;) = {X;} U pa(X;) and

w1 D> ...> 7T, equals the distribution represented by the directed
possibilistic graph.
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Possibilistic trees
Dependence trees

Graphical models Directed possibilistic graphs

Directed possibilistic graphs

Having a perfect sequence 71,72, ..., Tm (7x being the distribution
of Xk, ), we first order (in an arbitrary way) all the variables for
which at least one of the distributions 7 is defined, i.e.

{X1, X2, X3, ..., Xn} = {Xi}ieku..UK,-
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Directed possibilistic graphs

Having a perfect sequence 71,72, ..., Tm (7x being the distribution
of Xk, ), we first order (in an arbitrary way) all the variables for
which at least one of the distributions 7 is defined, i.e.

{X1, X2, X3, ..., Xn} = {Xi}ieku..UK,-

Then we get a graph of the constructed possibilistic belief network
in the following way:
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Directed possibilistic graphs

Having a perfect sequence 71,72, ..., Tm (7x being the distribution
of Xk, ), we first order (in an arbitrary way) all the variables for
which at least one of the distributions 7 is defined, i.e.

{X1, X2, X3, ..., Xn} = {Xi}ieku..UK,-

Then we get a graph of the constructed possibilistic belief network
in the following way:

© the nodes are all the variables X1, X5, X3, ..., Xp;
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Possibilistic trees
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Directed possibilistic graphs

Having a perfect sequence 71,72, ..., Tm (7x being the distribution
of Xk, ), we first order (in an arbitrary way) all the variables for
which at least one of the distributions 7 is defined, i.e.

{X1, X2, X3, ..., Xn} = {Xi}ieku..UK,-

Then we get a graph of the constructed possibilistic belief network
in the following way:

© the nodes are all the variables X1, X5, X3, ..., Xp;

@ there is an edge (X; — X;) if there exists a distribution 7y

such that both i,j € Ky, j € K1 U...U K,_1 and either
e KTU...UKk_1ori<j.
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Possibilistic trees
Dependence trees

Graphical models Directed possibilistic graphs

Example

(G, B),m(T),m3(B), ma(D, T, G),ns(R, B), 76(W, R, D)
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Possibilistic trees
Dependence trees

Graphical models Directed possibilistic graphs

Example

(G, B),m(T),m3(B), ma(D, T, G),ns(R, B), 76(W, R, D)

G,B, T,D,R,W
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Possibilistic trees
Dependence trees

Graphical models Directed possibilistic graphs

Example

(G, B),m(T),m3(B), ma(D, T, G),ns(R, B), 76(W, R, D)

G,B, T,D,R,W

@ ©
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Possibilistic trees
Dependence trees

Graphical models Directed possibilistic graphs

Example

(G, B),m(T),m3(B), ma(D, T, G),ns(R, B), 76(W, R, D)

G,B, T,D,R,W

@
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Possibilistic trees
Dependence trees
Directed possibilistic graphs

Graphical models

Example

(G, B),m(T),m3(B), ma(D, T, G),ns(R, B), 76(W, R, D)

G,B, T,D,R,W
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Possibilistic trees
Dependence trees
Directed possibilistic graphs

Graphical models

Example

(G, B),m(T),m3(B), ma(D, T, G),ns(R, B), 76(W, R, D)

G,B, T,D,R,W
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Possibilistic trees
Dependence trees
Directed possibilistic graphs

Graphical models

Example

(G, B),m(T),m3(B), ma(D, T, G),ns(R, B), 76(W, R, D)

G,B, T,D,R,W
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Possibilistic trees
Dependence trees
Directed possibilistic graphs

Graphical models

Example

(G, B),m(T),m3(B), ma(D, T, G),ns(R, B), 76(W, R, D)

B.G.T,D,R,W
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Conclusions

@ A non-graphical approach (parameterized by a continuous
t-norm) to multidimensional possibilistic models based on
operators of composition — so-called compositional models
was presented.
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Conclusions

@ A non-graphical approach (parameterized by a continuous
t-norm) to multidimensional possibilistic models based on
operators of composition — so-called compositional models
was presented.

@ There exist nice probabilistic interpretation of compositional
models based on Goédel's and product t-norms.
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Conclusions

@ A non-graphical approach (parameterized by a continuous
t-norm) to multidimensional possibilistic models based on
operators of composition — so-called compositional models
was presented.

@ There exist nice probabilistic interpretation of compositional
models based on Goédel's and product t-norms.

@ Three types of graphical possibilistic models can be expressed
by a perfect sequence of low-dimensional distributions.
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Conclusions

@ A non-graphical approach (parameterized by a continuous
t-norm) to multidimensional possibilistic models based on
operators of composition — so-called compositional models
was presented.

@ There exist nice probabilistic interpretation of compositional
models based on Goédel's and product t-norms.

@ Three types of graphical possibilistic models can be expressed
by a perfect sequence of low-dimensional distributions.

@ There exists a procedure by which any perfect sequence of
low-dimensional distributions can be transformed into a
directed possibilistic graph (or a possibilistic belief network).
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Directed possibilistic graphs

Graphical models

THANK YOU FOR YOUR ATTENTION.
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