.0 ecole
normale
Unlver5|te Supérieure
PARIS-SACLAY paris—saclay

Decisiveness for countable MDPs and
insights for NPLCSs and POMDPs

Patricia Bouyer

LMF, Université Paris-Saclay,
CNRS, ENS Paris-Saclay
France

Joint work with Nathalie Bertrand (Inria, France), Thomas Brihaye (UMONS, Belgium),
Paulin Fournier and Pierre Vandenhove (UMONS, Belgium)

Work partly supported by ANR projects MAVeriQ and BisoUS



Backto 2006/2007...

» Time, probabilities and games join force!
« My first steps in probabilistic systems
» Trips to Dresden and Oxford



Backto 2006/2007...

» Time, probabilities and games join force!
« My first steps in probabilistic systems
» Trips to Dresden and Oxford










/

SESY /1
/

l\t:e\‘.

\
\
\ S50 i

A
»,\
oy
L, |
\.







_—— T

’te Paths PrOba b.il ] 'C
Model Checking of

tomata
A\most-su:)ene.cmck Timed Ad
in

Mantj.
med Automat
= Rerl
s Grofer Chrigt
-haye4 Marcus Ste] Bazer’_ .Vatbalie Bertnmdl.» .
3.« Thomas Brl nce Thom,g Bm,ayee_ Mo "’“‘ 12 Boyye,z2 3,
.cia Bouyer™ RIA Rennes, Fra ! e | arcus Grsg
. P “Chnische 17, . .
- rtrand? Patrn 2 JRISA, IN snd@irisa.fr . JL;‘I{:\chﬁ l.mvomtat fesden ¢y,
alie Be . ertr [eium eV . (NRS & "Crman,,
1 N'd‘-h‘lh any halie.b imaut Be g 3 ach F

- ote]l Baier den, Germ nath ns-Hainaut, Oxforg Univeps e Tance

Christe iversitit Dres .de ersité de Mo ac.be “gland
i cche Universt . ¢ tu-dresden 4 Universi rihaye@umb.
! Technisc *}m—_cs'lnf' ce thomas.bD
ier, groessesi” NS Cachan, Fran
{ba ier, RS & E £r
3 LSV» CN s—-cachan
@lsv.en
pouyert //'
?
in'lzab‘e
T
ete
tomat prihaye STOCHASTIC TrvED AUTOMATA
imed AU Thomas
1m eors, an
en A-re Pa“‘lc'\ﬂ Bow Y NATH.‘\LIE BERTRAN D« P.'\TRICIA BOUYER ¢ T HOMAS BRIHAYE - s QUENTIN ME
2 2 3 - - . . L~ . ’
Wh pertrand”™: den, C’Cﬂxmc‘—‘ CHRISTEL BAIER -, MARCUS GROSSER /. An MARCIN JURDZINg 2
- alle ' spat Dre ques ¥ X
Baier’ Nath c.che \jn'\\'c“‘:g“c .-\t‘“'.‘uc_\pra!\ct “ Inria Rennes, France
Cht'lstel 1 chhu\b“_'u““cs Bret ENS Cac%c\g'\“m e-mail addregs. nalhalic.bcrtrand Qinria.fy
2 INRIA "NRSf:Z e Mon®:
3 L‘ A TSt
4 UUnive

LSV, CNRS & EN

S ('.‘-achau, France
€-mail address.

bouycr@lsv.cns—cachau.fr
Universijtg de Moy
€-mail addregs.

e 18, Belgium

{ thomas.briha_vc,qucntin.u

“/ru Dresden, Gerr
e-mail addregs.

tenet }@umong, ge. be
nany

{ bajcr,grousscr} @tes.inf, tu-dresden, de
. Univcmily of \Varwick, UK

e-mail addregs. mjufides, warwick.ac.yk

\



[ J
universite

PARIS-SACLAY

Decisiveness

A successful concept for Markov chains
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Decisiveness

B =(seS|s FIFO)

Decisiveness

ADTMC € is decisive fromswrt. @ if P(FO) VF @) = 1

» Examples of decisive Markov chains: finite Markov chains, probabilistic lossy
channel systems, probabilistic VASS, noisy Turing machines, ...

» Example/counterexample:

« Recurrent random walk (p < 1/2): decisive

L=p L-p - Transient random walk (p > 1/2): not decisive



Approximation scheme

»  Aim: compute probability of F ©)

» @ =(seS|s FIFO)

[IN97] P. Ilyer, M. Narasimha. Probabilistic lossy channel systems (TAPSOFT'97)
[ABMO7] PA. Abdulla, N. Ben Henda, R. Mayr. Decisive Markov chains (LMCS, 2007) 9
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Approximation scheme
»  Aim: compute probability of F ©)
Given € > 0, for every n, compute:

, @ =(seS|s FIFO)

H:D(FSn Q)
So | 0> 1-¢
5 p/®° < PEQ) < 1-p°

& (- B} )
yes

@ p;” <PEFQ) <1-p)°

IA : V]

Atthelimit.  P(F Q) 1 - P(F Q)



Approximation scheme

Approximation scheme

Given € > 0, for every n, compute:

Jee P(F., ©)
H:D(FSn Q)

The approximation scheme converges A VI
i p;° <PEFQ) < 1-p)°

@ is decisive from sy wrt. ©)

IA : V]

Atthelimit.  P(F Q) 1 - P(F Q)
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Statistical model-checking

Sample N paths
nl —_

N )
N, = ny

'02 n3=n2+1

P3

N | |
Return — + some confidence interval

N

(in the best case)
10
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Statistical model-checking

Termination (To our knowledge, never expressed like this)

A sampled path starting at s almost-surely hits @ or Q
i
€ is decisive from sy w.rt. ©

10
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» Decisiveness = crucial concept for Markov chains
- ensures termination of approximation algorithms
- ensures feasibility of sampling in algorithms based on SMC

Natural question

» Does this concept extend to MDPs and games”?

= \\Ve will focus on MDPs

11
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Markov decision processes

What can we do for them?

12
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Markov decision processes

Markov decision processes (MDPs)

M = (S, sy, Act, P) with S at most denumerable, s, € S and
P:SXAct XS — [0,1]st foreachs € Sanda € Act,
P(s,a, ) € Dist(S)

Compute Pgﬂpi (F @)
20

OPL; scheduler Pﬂa,s()(F @)

» Requires a scheduler: ¢ : Hist — Dist(Act) Focus on

. , , o reachability
» M under o is a Markov chain (written °) properties
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Where do we g0?

Our goal

We want to design (approximation) algorithms to compute
Inf/sup-values of MDPs

Some remarks

» The values can be characterized via fixpoints, but no general stopping criterion.
The values are not known to be computable in general.

» Remarks: inf and sup are very different (in terms of (existence and nature of)
optimal schedulers for example).

« Optimal positional schedulers exist for inf

« Optimal schedulers may not exist for sup

opt

~unfold |
the approximation scheme for Markov chains

= \We call Approx the approximation scheme which extends in a natural way

14
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Several « natural » decisiveness

concepts for MDPs

@OPL = (s e 5| PP EFO) =0)

opt-Decisiveness

- o < popt opty —
AnMDP / is opt-decisive from s wirt. (©) f IP/%,S(F@ v F@orh) =1

A’={sesS|P,(FO) =0}

o-Decisiveness

AnMDP  is o-decisive from s wirt. ©) if P 4, (F QO V F@ o) = 1

pure
positional

univ-Decisiveness

An MDP J is univ-decisive from s w.r.t. @ f it is o-decisive for every scheduler pp o

15
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A small example

» |tis inf-decisive
3

It IS univ-decisive
» Itis not sup-decisive .

The two sequences (p>"P7), and (p>“P*) are not adjacent

n

Sup

ol IS not converging, even for finite MDPs!

APProx

16
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The sliced MDPs

Distance n-.,

M

n

opt

y Scheme Approxsliced

Converges over all finite MDPs...

Some technical details are ignored 17



Results — Summary

M inf-decisive

inf
ARIBION el

converges

inf
sliced

ApPpProx
converges

Finite action-branching

@ Finite branching

A has a finite
attractor

M semantically stopping

M univ-decisive

M sup-decisive

Sup

unfold
coNnverges

Approx

sup
sliced

ApPpProx

converges

A non-fleeing  n
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A has a finite I semantically stopping
attractor

A inf-decisive M sup-decisive

Sup

unfold
coNnverges

inf
ARIBION el

converges

ApPpProx

M univ-decisive

INf sup
ApproxSlice q . > ADPProx

converges

sliced
converges

A non-fleeing  pummems
Speaks about

uncertainty Qf schedulers
@ Finite branching when diverging
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Results — Summary @

components

A has a finite
attractor

A inf-decisive M sup-decisive

Sup

unfold
coNnverges

inf
RIS

converges

Approx

M univ-decisive

iNf é& sup
AIOIC)rOXinced ¢ - Approxsliced

converges

converges

A non-fleeing  pummms
Speaks about

uncertainty of schedulers
@ Finite branching when diverging 18

Finite action-branching
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Applications

Two families of models Christel has worked on

19



NPLCS

» NPLCS = non-deterministic and
probabilistic lossy channel systems
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» NPLCS = non-deterministic and
probabilistic lossy channel systems

b

O

la, .32
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The set of configurations with an empty channel is an attractor for an
NPLCS

Any NPLCS Is univ-decisive:

« The «infschemes » can be applied
sup

. will converge as well
sliced

. Under nonfleeingness, Approx

Checking Pi;i) <F @) = 1 is undecidable
()

21
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» POMDPs = partially observable MDPs

a,l,

» Schedulers only depend on colors

, Checking I]j’s‘/éJp (F @) = | is undecidable
»50)

There is no approximation algorithm for PSUp(reach) iIn POMDPs

»  What can we do for P (reach)?

22
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The beliet MDP [KLC98]

a,2/3

§11s «losing »

a,l/3

ts 1/8-approx
This MDP Is not inf-decisive! 't IS Inf-decisive!

» The «infschemes » can be applied

[KLC98] L.P. Kaelbing, M.L. Littman, A.R. Cassandra. Planning and acting in partially observable stochastic domains (1998) 23



Laboratoire

.® ecole
Méethodes Unlver5|te Qggrgraileeure
Formelles PARIS-SACLAY paris_sac|ay

Conclusion

Notions of decisiveness lifted to the setting of MDPs

Inf-decisiveness very relevant: two classes of systems satisty this
property

Sup-decisiveness less interesting, alternatives need to be worked out

Further work: more expressive properties, more classes, refined
notions for specific classes, ...
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