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© Formalisms that use probabilistic model checking:

@ Probabilistic extension of Promela (Baier et al., 2005a)
o Stochastic process algebra PEPA (Hillston, 1996)

o Stochastic Petri nets (D'Aprile et al., 2004)

@ Statemate (Bode et al., 2006)

© Model checking tools:

o LiQuor (Baier et al., 2005a)
o PRISM (Kwiatkowska et al., 2004)
@ MRMC (Katoen et al., 2005)
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What is our contribution?

An empirical study

We did an empirical study on the effect of bisimulation
minimization on probabilistic model checking.

Our main result
Bisimulation minimization often pays off.
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4

@ Continuous time Markov chains {win} {win}
@ Reward extentions of both
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Preliminaries

Probabilistic time-bounded reachability

{lose} {lose}

Determine states from which win states may
be reached with a probability at least 0.9,
within 10 time steps.

”on,g(Oglowin)

Model Logic
PCTL
DTMC (Hansson and Jonsson, 1994)
CSL
SLLUS (Baier et al., 2003)
Rewards PRCTL/CSRL : ‘
(Andova et al., 2003; Baier et al., 2000) {win} {win}
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Preservation results

Theorem ((Baier et al., 2003))
Let D be a DTMC, A an F-bisimulation and s € S. Then
Vo € PCTLE

S ):D b — [S]A ':D/A (O]

Strong bisimulation vs. F-bisimulation

@ Strong bisimilarity is F-bisimilarity for F = AP

@ F-bisimulation is coarser than strong bisimulation

@ Verify properties on F-bisimulation quotient
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Obtaining bisimulation quotient

Strong bisimulation (Derisavi et al., 2003)
o Partition refinement algorithm

@ The worst-time complexity is O (|P|log|S|)

F-bisimulation

@ A slight modification of the partition refinement algorithm.
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Initial partitioning for P,(® U W) and P, (¢ UL W)

Pap(® U V)
@ Strong bisimulation: @ Define Uy = Sat (P<o(® U W)).
Atomic propositions o Define Uy = Sat (P=1(® U V)).
@ F — bisimulation: @ Choose F = {Up, U1, S\ (Up U U1)}.
Formulas ¢, ¥

@ Apply F-bisimulation.

Pap(® UL W)
A finer initial partitioning o Define Uy = Sat (P<o(® U V).

@ Define 5; = Sat (V).
@ Choose F = {Up, S1, S\ (Up U S1)}.
@ Apply F-bisimulation.
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Crowds protocol (Reiter and Rubin, 1998)
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Experimental results

Crowds protocol (Reiter and Rubin, 1998)
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Simple P2P protocol (kwiatkowska et al., 2006)

symmetry reduction (Kwiatkowska et al., 2006)
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The end

Concluding remarks

@ Significant, up to logarithmic, state-space reduction.
@ The abstraction technique is fully automated.
@ Strong bisimulation:

@ Sometimes, a substantial model-checking time reduction.
@ Sometimes, an increase of peak memory (by 50%).

@ F-bisimulation:

o Sometimes, a substantial model-checking time reduction.
o The peak memory use is typically unchanged.
o For reward case a decrease of peak memory (by 20-40%).

@ Combine symmetry reduction with bisimulation.

@ Extend experiments towards MDPs and simulation preorders.
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