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L

— Introduction

L Possibilistic Markov decision processes

Markov Decision Processes

= S={RU,RF,PU}:
= RU: Rich and Unknown
® RF: Rich and Famous
= PU: Poor and Unknown
m A= {Sav,Adv}:
m Sav: Saving money
= Adv: Advertising

= S: finite set of states
= A: finite set of actions, —Ag: the set of actions available from state s

= utility function, —u(s): utility obtained in state s € S
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- Possibilistic Markov decision processes

Markov Decision Processes

m S={RU,RF,PU}:
= RU: Rich and Unknown
= RF: Rich and Famous
m PU: Poor and Unknown
m A= {Sav,Adv}:
m Sav: Saving money
= Adv: Advertising

m S finite set of states
m A: finite set of actions, —Ag: the set of actions available from state s

m : utility function, —u(s): utility obtained in state s € S

Uncertainty:

m p: finite set of probability distributions p(s'|s, a): Probabilistic Markov decision process
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Markov Decision Processes

m S={RU,RF,PU}:
= RU: Rich and Unknown
= RF: Rich and Famous
m PU: Poor and Unknown
m A= {Sav,Adv}:
m Sav: Saving money
= Adv: Advertising

m S finite set of states
m A: finite set of actions, —Ag: the set of actions available from state s

m : utility function, —u(s): utility obtained in state s € S

Uncertainty:

m T finite set of possibility distributions 7t(s'|s, a): Possibilistic Markov decision process
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L

— Introduction

L Possibilistic Markov decision processes

Markov Decision Processes

= S={RU,RF,PU}:
® RU: Rich and Unknown
m RF: Rich and Famous
® PU: Poor and Unknown
m A= {Sav,Adv}:
m Sav: Saving money
= Adv: Advertising

mdcA:S— A

A | RU PU RF
o1 | Sav Stay Sav
O> | Adv  Stay Sav
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Markov Decision Processes
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® RU: Rich and Unknown
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L

— Introduction

L Possibilistic Markov decision processes

Finite possibilistic Markov decision processes

RU

PU RF

5,

Sav

Stay Sav m J: set of trajectories T € &

3,

Adv

Stay Sav m With E = 2, §; has 3 trajectories
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— Introduction

L Possibilistic Markov decision processes

Finite possibilistic Markov decision processes

Ty | o5 02 03 1 03

RU

5,

Sav

3,

Adv

PU RF
Stay  Sav m With E = 2, 8 has 3 trajectories:
Stay Sav m T1=(RU,Sav,PU,Stay,PU)

ECSQARU2017

Efficient Policies for Stationary Possibilistic Markov Decision Processes



Efficient Policies for Stationary Possibilistic Markov Decision Processes

L

— Introduction

L Possibilistic Markov decision processes

Finite possibilistic Markov decision processes

T los 1 05 02 03

A| RU PU RF m With E = 2, 84 has 3 trajectories:
% | Sav_ Stay Sav = 11=(RU,Sav,PU,Stay,PU)
O | Adv. Stay Sav m T»=(RU,Sav,RU,Sav,PU)
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L

— Introduction

L Possibilistic Markov decision processes

Finite possibilistic Markov decision processes

Al RU PU AF m With E =2, §; has 3 trajectories:
oy | Sav Stay Sav ® T1=(RU,Sav,PU,Stay,PU)
82 Adv  Stay Sav = T>=(RU,Sav,RU,Sav,PU)

m 13=(RU,Sav,RU,Sav,RU).
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— Introduction

L Possibilistic Markov decision processes

Possibilistic decision criteria

qu[(S‘] 5 RU) :?

T 05 02 03 1 03

T, 05 1 05 02 03

Possibilistic qualitative utilities [Dubois et Prade, 1995; R. Sabbadin, 2001]

= Optimistic qualitative utility:
S1 Zugy 02 & Uopt(81,50) > Uopt(82,50)

Uopt (8, 50) = max min{n(7|so,d),u(t)}
m Pessimistic qualitative utility:
&4 Eupes & < Upes(ahso) > Upes(82730)

Upes(9,80) = mtin max{1—m(t|sp,d),u(t)}
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L Possibilistic Markov decision processes

Possibilistic decision criteria

qu[(S‘] 5 RU) :?

poomop T
T, [ 05 02 03 1 03 0.2

T, 05 1 05 02 03

Possibilistic qualitative utilities [Dubois et Prade, 1995; R. Sabbadin, 2001]

= Optimistic qualitative utility:
S1 Zugy 02 & Uopt(81,50) > Uopt(82,50)

bope(8, 50) = max. min{(t/s0,8), (%)}

m Pessimistic qualitative utility:
&4 Eupes & < Upes(shso) > Upes(62730)

Upes(9,80) = mtin max{1—m(t|sp,d),u(t)}
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— Introduction

L Possibilistic Markov decision processes

Possibilistic decision criteria

qu[(S‘] 5 RU) :?

Moo
T, | 05 02 03 1 o3 | 0.2

T, 05 1 05 02 03 | 0.2

Possibilistic qualitative utilities [Dubois et Prade, 1995; R. Sabbadin, 2001]

= Optimistic qualitative utility:
S1 Zugy 02 & Uopt(81,50) > Uopt(82,50)

bope(8, 50) = max. min{(t/s0,8), (%)}

m Pessimistic qualitative utility:
&4 Eupes & < Upes(shso) > Upes(62730)

Upes(9,80) = mtin max{1—m(t|sp,d),u(t)}
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— Introduction

L Possibilistic Markov decision processes

Possibilistic decision criteria

Ugpt(81, RU) = 0.5

oo
Tl 05 02 03

3|05 1 05

e
1

1

0.3 0.2

T,|05 1 05 02 03 |02

o5 | 05

!

0.5

Possibilistic qualitative utilities [Dubois et Prade, 1995; R. Sabbadin, 2001]

= Optimistic qualitative utility:

8 =

Uopt

82 & Uogpt(81,50) > Uopt(B2,50)

Uopt (8, 50) = max min{n(7|so,0),u(t)} = 0.5

m Pessimistic qualitative utility:
&4 Eupes & < Upes(shso) > Upes(62730)

Upes(9,80) = mtin max{1—n(7|sp,d),u(t)} = 0.5
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L

— Introduction

- Possibilistic Markov decision processes

Possibilistic value iteration algorithm

= Repeat modifications possibilistic value functions iteratively:
R / /
B Uppt(S) = max max min(m(s'|s,a), Uopt(S
Opt( ) acA; seS ( ( | ) )7 Opt( ))}

B Upes(s) = [N g‘e'g max(1 —n(s'|s, a), upes(s')) }
'S

= Choosing, for each state, an action that maximizes the utility uop(S) or tgp(s) until:

=1

w=1
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L

— Problematic

Limitations of Possibilistic qualitative utilities

T, |05 02 03 1 03| 02 T, [os 1 07 1 07 |05
T, (o5 1 05 02 03| 02 Ts | o5 1 07 1 os [05

T3105 1 05 1 05 05

Uopt(81) = Upes(d1) = 0.5 Ugpt (82) = Upes(82) = 0.5

B T4,T5 >>T . o o
“ ! Two policies are undistinguished although they give different J

B Ty, T5 >> T2 consequences in some possible trajectories
BTy >>T3
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L

— Problematic

Limitations of Possibilistic qualitative utilities

T, |05 02 03 1 03| 02 T, [os 1 07 1 07 |05
T, (05 1 05 02 03| 02 Ts | o5 1 07 1 os [05

T3105 1 05 1 05 05

Uopt(81) = Upes(d1) = 0.5 Uopt (82) = Upes(82) = 0.5
W
BTy, T5 >> Ty P . . -
Possibilistic utilities may fail to satisfy the Pareto efficiency J
B T4,T5 >> T2

T4 >>1T3
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L

— Contribution

Objectives

Build efficient criteria

m Find a refinement = of =, s.t.:

V81,00 € A, &4 > Ugpt S = &1 >x0

m The > have to satisfy the principle of Pareto efficiency

m Compute optimal policies in possibilistic MDPs using these refinements
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L

— Lexicographic comparisons in sequential decision models

Lexicographic comparisons in non-sequential decision
problems [Fargier and Sabbadin, 2005]

Refinement of max and min on vectors
® Lmax and Imin comparisons of vectors:
U= (3,2,4),v=(1,2,4)

1. Order the two vectors:
m Imax: U= (3,2,4)

<t
Il

(1,2,4)
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— Lexicographic comparisons in sequential decision models

Lexicographic comparisons in non-sequential decision
problems [Fargier and Sabbadin, 2005]

Refinement of max and min on vectors
® Lmax and Imin comparisons of vectors:
U= (3,2,4),v=(1,2,4)

1. Order the two vectors:
m Imax: U= (4,3,2) v=(4,2,1)
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L

— Lexicographic comparisons in sequential decision models

Lexicographic comparisons in non-sequential decision
problems [Fargier and Sabbadin, 2005]

Refinement of max and min on vectors
® Lmax and Imin comparisons of vectors:

1. Order the two vectors

2. Compare the two vectors element by element:
m Imax: U= (4,3,2) v=(4,2,1)
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L

— Lexicographic comparisons in sequential decision models

Lexicographic comparisons in non-sequential decision
problems [Fargier and Sabbadin, 2005]

Refinement of m min on vectors
® Lmax and Imin comparisons of vectors:
U= (3,2,4),v=(1,2,4)
1. Order the two vectors

2. Compare the two vectors element by element:
m Imax: U= (4,3,2) =jmax V= (4,2,1)
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L

— Lexicographic comparisons in sequential decision models

Lexicographic comparisons in non-sequential decision
problems [Fargier and Sabbadin, 2005]

Refinement of max and min on vectors

® Lmax and Imin comparisons of vectors:
U= (37274)7V = (1 7274)
1. Order the two vectors

2. Compare the two vectors element by element:
m Imax: U= (4,3,2) =jmax V= (4,2,1)

B Imin: U =(2,3,4) >min v = (1,2,4)
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L

— Lexicographic comparisons in sequential decision models

Lexicographic comparisons in non-sequential decision
problems [Fargier and Sabbadin, 2005]

T 05 02 03 1 03

. . . . T, 05 1 05 02 03
m Policy: a matrix of trajectories

ECSQARU2017 Efficient Policies for Stationary Possibilistic Markov Decision Processes



Efficient Policies for Stationary Possibilistic Markov Decision Processes

L

— Lexicographic comparisons in sequential decision models

Main results

Lexicographic refinements of possibilistic utilities in MDPs

Lexicographic criteria on matrices of trajectories:
m [Imax(Imin): refines ugpt
m Imin(Imax): refines Upes

Proposition

m Lexicographic comparisons:

m satisfy the principle of Pareto efficiency
m satisfy the strict monotonicity property
m satisfy transitivity
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xicographic comparisons in sequential decision models

Lexicographic comparisons of matrices of t

BGlos 105 0203 [[©2] 05 1 07 1 o0s
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xicographic comparisons in sequential decision models

Lexicographic comparisons of matrices of t

Ti[o02 03 03 05 1 Tilos 07 07 1 1
Order the elements of trajectories in T2] 02 03 05 05 1 Tfos 05 07 1 1
increasing order
BGlos o5 05 1 1 B e e e e e
8, 5,
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xicographic comparisons in sequential decision models

Lexicographic comparisons of matrices of t

T3(o05 05 05 1 1 (o5 07 07 1 1
El Order the elements of trajectories in
increasing order Ty 02 03 05 05 1 ©fos 05 07 1 1
. L . Tyl 02 03 03 05 1 L%}
Order the trajectories in decreasing order e e e e ¢
6, 5,
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xicographic comparisons in sequential decision models

Lexicographic comparisons of matrices of t

uopt uopt
T3 o5 05 05 1 1 Tifos 07 07 1 1
El Order the elements of trajectories in
increasing order Ty 02 03 05 05 1 Qo5 05 07 1 1
. L . Tyl 02 03 03 05 1 L%}
Order the trajectories in decreasing order e e e e ¢
5, 5,
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xicographic comparisons in sequential decision models

Lexicographic comparisons of matrices of t

Order the elements of trajectories in T3(o05 05 05 1 1 T(os 07 07 1 1
increasing order
Tyl 02 03 05 05 1 Blos o5 07 1 1
Order the trajectories in decreasing order T,| 02 03 03 05 1 T
e e e e e
Compare the sets item by item
6, 5,
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L

— Lexicographic comparisons in sequential decision models

Lexicographic comparisons of matrices of trajectories

El Order the elements of trajectories in

i i uopt uopt

increasing order (o5 o5 o5 1 1 U s s 1 1

Order the trajectories in decreasing order T2 02 03 05 05 1 Tl os 05 07 1 1
. . Ty 02 03 03 05 1 T3

Compare the sets item by item e e e e e

8 - Imax (Imin) 3
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c-value iteration algorithm

Algorithm 1: Lmax(lmin)-value iteration
Data: A possibilistic MDP and an horizon £
#*, the policy built by the algorithm, is a global variable

1 // 6 a global variable atarts as an empty set
Result: Computes and returns 8" for MDP

2 begin

k] 0

4 foreach s £ Sdo 17" (2) +— ((u(e))):

5 foreach s € 5.a € Avdo TU.» + Tow % ((pls")). 8" € suce(s.a)):

6 repeat

7 tet+1:

] foreach s £ S do

9 Q" < ((0)):

10 foreach o € Ado

1 Future — (I''"Y(s"). & € succ(s,n)): // Gather the
matrices provided by the successors of s;

12 Qs a) + (TU, 4 % Future et

13 i Q" <iastmin Q(s,a) then Q7 +— Q(s a);84(s) +—a:

1" U'(s) Q" (s,0' ()

15 until { ==

16 3*(s) u'rgmar“Q{s. a)
17 return 4°;
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L

— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithm

The best act (Sav or Adv) w.r.t uopt ? The best act (Sav or Adv) w.r.t Imax(Imin) ?
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L Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithm

uopt(RU)=0.5

uopt(RF)=0.7

The best act (Sav or Adv) w.r.t uopt ? The best act (Sav or Adv) w.r.t Imax(Imin) ?
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-aphic-value iteration algorithm

Lexicographic-value iteration algorithm

L—]

uopt(RU,Adv)=0.7 0.7

v =)

The best act (Sav or Adv) w.r.t uopt ? ! The best act (Sav or Adv) w.r.t Imax(Imin) ?
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithm

L—]

uopt(RU,Adv)=0.7 0.7

The best act is Adv i The best act is Adv
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Finite-horizon case

m Updates utilities of each state represented with a finite matrix of trajectories

m Number of iteration is fixed in advance

Concatenation
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Finite-horizon case

m Updates utilities of each state represented with a finite matrix of trajectories

m Number of iteration is fixed in advance

Ordering
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Finite-horizon case

m Updates utilities of each state represented with a finite matrix of trajectories

m Number of iteration is fixed in advance

Comparisons
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Finite-horizon case

m Updates utilities of each state represented with a finite matrix of trajectories

m Number of iteration is fixed in advance

Utilities updates
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Finite-horizon case

m Updates utilities of each state represented with a finite matrix of trajectories

m Number of iteration is fixed in advance

Iteration 2:
Concatenation

osl fefry)  lorl fefm

107 (07 1)
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L Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Finite-horizon case
m Updates utilities of each state represented with a finite matrix of trajectories

m Number of iteration is fixed in advance

Iteration 2:

Ordering 11

e e

e e

e e

______ =1
m=1
07 07 1 1 o

105 05051 1 107 07071 1
""" e e e e R 0507 1 1
e e e e 05 051 1
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L

— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Finite-horizon case

m Updates utilities of each state represented with a finite matrix of trajectories

m Number of iteration is fixed in advance

Iteration 2:
Comparisons

LN N NN
© 00 =

ECSQARU2017 for Stationary Pos: Markov Decision Processes



Efficient Policies for Stationary Possibilistic Markov Decision Processes

L Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Finite-horizon case
m Updates utilities of each state represented with a finite matrix of trajectories

m Number of iteration is fixed in advance

Iteration 2:

Updates utilities 11
e e
e e
e e
07 07 1 '
05 05 1 1 Y.
,,,,,,, =

L05 07071 1
0507 1 1
05 051 1
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Unbounded lexicographic value iteration
m Complexity: O(|S|-|A| - |E| - bF)

Example with Lmax(Imin)

Utilities updates
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Unbounded lexicographic value iteration
m Complexity: O(|S|- |A|- |E| - bF)

Iteration 2:
Updates utilities

11
e e
e e
e e
07 07 1
05 05 1
e e efle, /O =
e =

105 ] 07071 107}
0507 1 1|
05 051 1
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L Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Unbounded lexicographic value iteration
m Complexity: O(|S|-|A| - |E| - bF)

Iteration 3: 030303111
Updates utilities mM=1|e e e eece
e e e eee
e e e eee
0707 07 11 e e e eee
0507 07 11 e e e eee
0505 07 11 e e e eee
e e e eeef{ /S L_____ e e e eee
e e e ee =1
e e e e e TT=1
e e e e e

0.7 0.7
0.7 0.7
05 0.7
0.7 0.7
05 0.5

R
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Bounded lexicographic value iteration

m Restriction size of matrices to (l,c) lines and columns:
m/>1andc>1
B >imaximin,1,1 COrresponds to = opt
B > maximin, 40,400 COIMESPONAS 10 > jmaximin

m Complexity: O(|E|-|S|-|A|-(I-¢c)-blog((/-c)-b))
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L

'— Lexicographic-value iteration algorithm

Lexicographic-value iteration algorithms

Bounded lexicographic value iteration

m Restriction size of matrices to (l,c) lines and columns:

m/>1andc>1
B >maximin,1,1 COITESpONdSs to = gpt
B > maximin, +co,+c0 COITespoNnds to > imaximin

m Complexity: O(|E|-|S|-|A|-(I-¢c)-blog((/-c)-b))

v
=2
uopt c=3 uopt
Ty| o5 05 os T os 07 07
T,| 02 03 os Tl o5 o5 o7
5, 5,
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xicographic-value iteration algorithm

lexicographic-value iteration algorithms

Algorithm 2: Bounded-Lmax(lmin)-value iteration
Data: A possibilistic MDP and an horizon K
&*, the policy built by the algorithm, 1s a global vanable
1 // 6§ a global variable starts as an empty set
Result: Computes and returns 6 for MDP
2 begin
3 t+0:
4 foreach s € S do U*(s) « ((p(s))):
H foreachs € S, 0= Acdo TU, , « T % ((u(s')). &' € suec(s,a)) ;
6 repeat
i
%
»

te—t—+1;
foreach s € S do
Q" —((0));
10 foreach o £ A do
1 Future + ([,i"i[s'), s' € suce(s,a}); // Gather the
matrices provided by the successors of s;

12 Q(s.a) « [(TUsn x Future) ™ ™", 2
13 i Q" imaztmin Q(5,2) then Q* + Q(s5.a):8'(s) « a:
i1 Uts) <« Q7 (5,6 (5))

15 until i == £
16 §*(s8) « argmaz,Q(s.a)
1 | returng”:

ECSQARU2017 Efficient Policies for Stationary Possibilistic Markov Decision Processes



Efficient Policies for Stationary Possibilistic Markov Decision Processes

c-value iteration algorithm

lexicographic-value iteration algorithms

Algorithm 3: Infinite-horizon-Lmax(Imin)-value iteration
Data: A possibilistic MDP and an horizon £
&*, the policy built by the algorithm. is a global variable

1// 8§ a global variable starts as an empty set
Result: Computes and returns 4 for MDP

2 begin

3 t+0;

Fl foreach s £ Sdo7%(s) + ((p(s))):

] foreach s € S, a € Audo TU, o + Toa % ((u(s')), 8" € suce(s,a)) ;

o repeat

- te—t+4+1;

A foreach s £ S do

. Q"+ ((0))

10 foreach o € A do

1 Future « (U''(s'), s’ € suce(s,a)); // Gather the
matrices provided by the successors of s;

12 Q(s,a) « [[TUsa % Future)'™=™"), .;

13 i Q" <tmastmin Qs,a) then Q* « Q(s,a); 8'(s) — a;

14 Ut (s) +— Q*(s.8%(s))

15 until (1) == (U s Aot

i3 A" (8) argmnrnQ 8,a)

17 return §°;
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L Lexicographic-value iteration algorithm

Pessimistic lexicographic criterion (Imin(lmax))

m Same results and algorithms
m Trajectories : T(ug, 1—piy, p1,1—To, ..., 1—Te_1,uE) J

T;{o5 1-02 03 1-1 03| iTfos5 1-1 07 1-1 07
Glos 1-1 o5 1-02 03| 2|05 1-1 07 1-1 05

T3los 11 05 1-1 05

6, 5,

ECSQARU2017 Efficient Policies for Stationary Possibilistic Markov Decision Processes



Efficient Policies for Stationary Possibilistic Markov Decision Processes

L

— Experiments

Experimental protocol

m Evaluation of possibilistic Markov decision processes:

m Unbounded value iteration algorithm (UL — VI)

® Bounded value iteration algorithm (BL — VI) with different values of (1,c)

m Comparative study of evaluation algorithms (Solutions, CPU time)

= 100 Possibilisic MDPs randomly generated

B |S|=25and |As| =4

m Values of utilities and conditional possibilities of decisions are chosen
randomly

N
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— Experiments

Experimental results

Execution CPU time
m BL— Vlis obviously faster than UL — VI

Average CU time in second

1000 //

100

—a=ULVI

g —=—BL-VI (40,40)
° 10 —e—BL-VI (20,20) |
- —e—BL-VI (10,10)
£ —e—BL-VI (2,2)
£
> 1
a
Q

01 e —

0,01

5 10 15 20 25
Horizon of MDPs
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— Experiments

Experimental results

wise success rate

BL-VI

Success rate

—

Success g—;: Percentage of solutions provided
w.r.t BL— VI that are optimal w.r.t. UL — VI

m the higher Success 5&:‘\2 : the more important

effectiveness of cutting matrices

= the lower SuccessEL w the more important

drowning effect

Success rate
SERRRERERYE.

/

—

(1) f20,201 [ana0) [100,200 [z00,200

m BL— VI provides good approximation (when (g}
(1, ¢) increase)
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— Experiments

Experimental results

wise success rate

BL-VI

Success g—;: Percentage of solutions provided
w.r.t BL— VI that are optimal w.r.t. UL — VI

m the lower SuccessﬁL a the more important

drowning effect

m the higher Success fﬁjw : the more important

effectiveness of cutting matrices

m BL— VI provides good approximation (when
(1, ¢) increase)
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=10
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— Conclusion & Future work

Conclusion & Future work

Conclusion

m Extend lexicographic refinements to possibilistic Markov decision
processes

m Escape the drowning effect of possibilistic utilities in policies

m Propose lexicographic value iteration algorithm

v

m Simulation based algorithms (Reinforcement learning)

m Solve lexico-possibilistic Influence diagrams

ECSQARU2017 Efficient Policies for Stationary Possibilistic Markov Decision Processes



Efficient Policies for Stationary Possibilistic Markov Decision Processes

L

— Conclusion & Future work

Thank you for your attention
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— Conclusion & Future work

Lexicographic comparisons and Expected utility: Example

Drowning effect

Two policies are undistinguished although they give different consequences in some
possible trajectories

Possibilistic utilities may fail to satisfy the Pareto efficiency

V8,8 € A, if:
VD € Common(8',8%), 8, =0 & 1 .
EIDGCommon(81D752D), 51D 0 520 then 8" =0 &

m Common(8,d'): set of decision nodes for both  and &

m Jp: is the restriction of d to the subtree rooted in D.
v

Possibilistic utilities do not satisfy the property of strict monotonicity

V01,02,03 € A, a criterion O: 01 =00 < 01 +03 =0 d2+03

Efficient Policies for Stationary Possibilistic Markov Decision Processes
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— Conclusion & Future work

Lexicographic comparisons

lexicographic comparisons on trajectories

BT imin T iff (o, 1, .. e, HE) = imin (G, T, - .., g, ME)

B T = imax v iff (,”071 =T goooy 1 _TCE,,UE) Z Imax (,”671 _7:l1a~~~1 —TEIE,,Ll,E)

4

lexicographic comparisons on policies

md tlmax(lmin) &' iff Vi, Tu(i) ~Imin T;’(f) or 3i*, Vi< I'*,T‘u(,') ~Imin ’E'L(I.) and Tu(i*) > Imin T;ll(i*)

=3 2 Imin(Imax) 8" iff i, To(i) ~Imax T;(,-) or 3i*, Vi< I’*,‘Ec(,-) ~Imax Tg(,-
/
To(i*)

) and To(i*) > Imax
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— Conclusion & Future work

Lexicographic comparisons and Expected utility

Transformation function

m Transformation of a possibilistic DT into a probabilistic one using:
¢0: L—[0,1] st. 0(0,) =0and ¢(1,) =1
m EUopt refines uoppt
B EUpes refines Upes

.

B Chp: Voo € Lo > o : o)™ > blo(a)

m YV DT, Cpp is Sufficient condition to get:

81 >Uopt 62 = 51 >EUopt 52,V(81 ,82) [SAN

&1 Zimax(imin) 02 => 01 ZEU,y O2,¥(81,82) € A
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