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1

Introduction

The certral keywords of this thesisare \v eri cation" and \distribution". Veri ¢ ation
refersto the processof nding, by formal means,designerrors in complex hardware
and software systems,or assessingheir absence.The necessiy of formal veri cation
is supported by many examplesof fatal, dramatic, expensiwe, or just annoying design
errors, seefor example [Der]. Distribution, the art of making many di®eren, some-
times geographicallydistant, computers cooperate to achieve a commongoal, plays a
role in this thesis both as means(Part 1) and asobject (Part 11) of veri cation.

Veri cation is usually performed by use of various formal methads that allow the
precisedescription of systemsand their desiredproperties, aswell asreasoningabout
them. The systemsare modeled in a language with clear mathematically de ned
syntax and semairtics, like logics, automata and processalgebra. Using axioms, rules
and proof techniques, one can chedk whether properties are met, showv that di®erert
models have equivalert behaviors, etc.

This thesis consistsof two parts, one about distributed tools to support the veri-
“cation processand the other about verifying a speci ¢ type of distributed software
architectures. The following sectionsdetail the background and cortributions of each
part separately

Distributed veri cation

Analyzing formal speci cations canbe donemanually for simple systems,but for large
real-life systemsautomated support is essetial. The formal veri cation tools fall
roughly in two categories:theorem proversand model checkers[CGPOQ]. In the theo-
rem proving approad, the systemand the desiredproperty are expressedasformulas
in somelogic, then the theorem prover assistsin 'nding a proof of that property for
that system. This requires somedegreeof human expert intervertion, which makesit
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an insightful approad, but also specializedand time-consuming. In the model ched-
ing approac, on which we focusin this thesis,a nite model (state space)of a system
is built and the required properties are chedked againstit. Model cheking does not
require a high degreeof expertise from the usersand can be completely automatized,
which makesit a usually fast operation. Moreover, when violations of the properties
are found, cournterexamplesare produced (represeniing subtle errors in design) that
can be very helpful for debugging.

But there is one seriousproblem that model chedking has: the conbinatorial ex-
plosion of the state spacewhen the system speci ed is made up of many interacting
componerts. For complexindustrial systems,the state spacecan becomehuge, much
larger than the internal memory of one machine. Many techniques have been dewel-
opedto cope with this problem: symbolic represenations, abstractions, compositional
veri cation, partial order reduction, on-the-°y processing,usingthe disk asextra stor-
age, or using clusters of computers. The latter approacd, distributed processing,is
the topic of intensive researd in recert years, due to the availability at low cost of
clusters. Distributed solutions for many veri cation problems are produced, from
state spacegenerationto the actual model cheding.

The “rst part of this thesis cortributes to this direction by proposing distributed
messagepassingalgorithms for computing state spaceequivalences.Thesealgorithms
allow reducing huge state spaceswhile preserving interesting properties. It is often
the casethat a state spaceneedsthe memory of a few machines to be stored, while
its equivalent minimized version does 't in the memory of one machine and can be
model cheded by single-threadedtools. The algorithms and implemenrtations that we
propose achieve the property that the memory usageper machine decreasesalmost
linearly with the number of machinesemployed. Sincememory usageis the bottleneck,
this is an important feature that ensuresthat linearly larger state spacescan now be
veri ed.

The equivalencereduction algorithms can be usedfor equivalencechedking aswell.
Equivalencecheding is a way to comparea speci cation with an implemenrtation. |If
the two modelscanbeidenti ed, then this is a proof that the implementation correctly
implemerts the speci cation, accordingto the notion of correctnesscaptured by the
chosenequivalence.

Veri ed distribution

A distributed software systemis generally seenas a number of single-threadedappli-
cations together with a distributed communication layer that coordinates them. To
solve the task of coordination, various models have beenproposed,amongwhich the
shared datasmce is one of the most popular. A shared dataspacearchitecture is a
(possibly distributed) storage of information and/or resourcesyiewed as an abstract
global store, that applications useto coordinate their actions by reading, writing and
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removing piecesof data. These architecture models are usedin parallel computing
applications (Linda, Gamma), network applications (Bonita), WCL), command and
cortrol systems(Splice), managemen of federations of devices(JavaSpaces).

There is a vast literature devoted to modeling, analysisand veri cation of this type
of architectures. Researt issuesinclude comparisonof the expressive power of di®er-
ent shareddataspaceparadigms, formal semartics for them, excient implementations,
etc. The attention is justi ed by the vital role that the choice and implementation of
the architecture plays in the correctnessand the performanceof a software system.

In the secondpart of this thesis, we approadh some of these issueswith process
algebraic modeling and proof techniques and we explore the possibility of applying
existing model cheding tools to the veri cation of shared dataspacearchitectures.

Overview

In order to facilitate reading, we have kept the chapters as self-cortained as possible.
The two parts can be read independertly and ead hasits own introductory chapter.

Part |

Chapter 2 provides an introduction to parallel and distributed model cheding, out-
lines our framework and “xes the most important de nitions, notations and corven-
tions occurring in the “rst part.

In Chapter 3 we presert two distributed algorithms for the reduction of state spaces
modulo strong bisimulation equivalence. Until now this problem hasonly beensolved
by sequettial or parallel (shared memory) algorithms. Our algorithms are a straight-

forward and an optimized distributed version of the \naiv e" reduction method given
by Kanellakis and Smolka in [KS83]. We give a detailed description and analysis
of both, including correctnessand complexity proofs. We also show by performance
data that they scaleup well in both memory and time and commert on how the two
solutions compareto existing (sequertial) tools and to ead other.

Chapter 4 continuesthe developmen of the basicalgorithm from Chapter 3 by adapt-
ing it to dealwith another behavior equivalence,namely branching bisimulation. This
is more complicated due to the fact that the transitiv e closure of the ¢-transitions
must be taken into accourt. We prove the correctnessof the adapted basic algorithm,
discussits complexity and shaw that the implementation scalesup. This is the rst
non-sequetial solution given for branching bisimulation.

Chapter 5 treats the well known problem of detecting strongly connectedcomponerts
of a graph. This problem has a linear sequetial solution, but which unfortunately
is dixcult to implement in a parallel/distributed setting. However, for the speci ¢
type of graphsthat represen state spaceswe give a collection of heuristics that solve
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it (distributedly) in reasonabletime. Finding the strongly connected componerts
has applications both to the reduction modulo branching bisimulation and to model
cheding state spacesagainst LTL/CTL formulas.

Part 11

Chapter 6 provides a short literature survey on coordination models, shared data-
spacesand issuesregarding their distribution.

Chapter 7 is a study on the expressivenessand distributed implementation of the
simplest imaginable shared dataspace coordination architecture, namely a data set
with two primitiv es: one to write an elemen and another to read an elemen. First
we give | and prove correct | a distributed implementation of this architecture,
where the global storage is replaced by local caches. Next, we formalize a notion
of implementation on this architecture and we show that in fact any speci cation of
system requiremerts admits such an implementation. This provesthat this minimal
setting has maximal expressieness.

Chapter 8 introducesa modeling language (spacecalculus) for distributed dataspace
architectures. We give a syntax and an operational semariics to this languageand

provide tool support for the functional and performance analysis of its expressions.
This is also a step towards establishing a formal link between the implementation

model and the actual implementation, for the speci ¢ caseof distributed dataspace
systems. We illustrate the approad with two small examplesof studying transparent

replication in Splice and transparent distribution in JavaSpaces.

Chapter 9 draws someglobal conclusionsand examinespossiblefuture plans.

Chapters 3 and 4 are the result of joint work with Stefan Blom and have been pub-
lished as [BO02, BO0O3b, BO03al. An extended version of [BO02] will appear as
[BOO5]. Chapters 5, 7 and 8 are joint work with Jacovan de Pol. The latter two are
basedon [OP02, OP03]. Chapter 5 hasnot yet been published.



Part |

DistributedAlgaithmsfor
Veri cation






2

Paralleland Distributed Model Cheking

Parallel and distributed data processingis a very active areaof researt, driven by the
ever growing needfor speedand space. Many scierti ¢ and engineeringapplications
use fast multipro cessorsupercomputers or networks of computers to deliver better
performance. Examples include real-time video processing,factoring large numbers,
large-scalesimulations for dixcult problemslik e weather forecasting, numerical appli-
cations, etc. Our main concernand motivation is the veri cation of large industrial
systems, which is a big challenge to the current technological possibilities. From
the many techniques and tools being deweloped for it, we chooseto concerrrate on
exploiting the power of distributed memory machines, or clusters of workstations.

Part | presens four distributed algorithms belonging to the area of erumerative
model cheding of large state spaces.In this chapter, we intro duce the most relevant
concepts, namely enumerative model cheding (Section 2.1), distributed algorithms
(Section 2.2) and state spaces(Section 2.3).

2.1 Model cheding

Symbolic versus enumerative. Veri cation by model cheking has been developing
in two main directions: symtolic model cheking, and enumeiative, or explicit state,

model cheding. In the symbolic approad, compressedepresenations of state spaces
are used. They seemespecially advantageousfor hardware veri cation, wherea system
is described asa set of processeprogressingtogether synchronously. The enumerative
approad, where all the states are generatedand all transitions computed, is usually
consideredmore appropriate for software veri cation. The enumerative generation
tools can be sub-divided into on-the-°y and full-genemtion. An on-the-°y tool will

compute the transitions of a state on demand, while it is cheking a property. (Sym-
bolic tools can also work on-the-°y.) A full-generation tool will “rst compute the
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whole state spaceand only then start cheding the property. The main advantage of
on-the-°y tools is that if the property can be proved or refuted by exploring only a
small part of the state space,the unnecessarygenerationof the rest of the state space
is avoided. However, if proving a property requiresvisiting the whole state spacethen

full-generation tools have an important advantage: after generating a state spaceit

can be reducedmodulo an equivalencethat presenesthe properties to be cheded.

State spaceexplosion. The most seriousproblem that all veri cation methods have
to face, and especially the full-generation ones, is the state space explosion which is
the combinatorial growth of the state spaceof a processwhenit is madeout of se\eral
parallel componerts. State spaceexplosionis the reasonwhy the size of systemsthat
veri cation tools can handle is traditionally very small, and why many interesting
applications still remain out of read.

2.1.1 Parallel and distributed approachesto model chedking

The easiestsolution to solving this memory shortage problem is to use a macdhine
with more memory. However, machineswith a really big amourt of memory are very
expensive. Due to recert advancesin the dewvelopmert of networks, clusters have
becomean appealing low-cost alternativ e platform for parallel computing. Besides
wide availabilit y and scalability, they also have the advantage of open-sourcesoftware
like Linux, Te systems (NFS, PVFS) and communication libraries (MPIl, PVM).
Therefore, a lot of e®ortis currently investedin building distributed tools, in both
the symbolic and the enumerative veri cation communities.

Below we highlight di®erent problemsthat occur in the model cheding processand
we take a look at someparallel and distributed algorithms deweloped for them.

State spacegeneration. Quite a few state spacegeneration methods have been pro-
posedthat usesharedand distributed memory to obtain better performance. A few
examplesare [HBB99, CCMO01, Cia0l]. In [GMSO01], large state spacesare generated
on a cluster of workstations.The run time performanceis drastically improved with

respect to similar sequettial tools, but the sizeof the state spacesthat can be gener-
ated is not bigger, sincein the end the whole state spaceis collected on one machine.
In [BLLO3], the state spaceis generatedin a distributed format [BLLO3] (seealso
paragraph 2.3.4), on which the reduction tools described in the next three chapters
are applied.

Equivalencereduction. Reduction of a state spacemodulo some property preserv-
ing equivalence can considerably decreasethe size of the state spacethat needsto
be veri ed. This operation is particularly important in caseswhere the original state
spaceis too big to 't on a single machine, asit happenedin somerecert casestudies
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with the * CRL toolset [PFHV03, PV03], where only the reducedstate spacecould t

on one machine. The most well known solutions for the reduction problem have been
given by Kanellakis-Smollka [KS83] and Paige-Tarjan [PT87]. These are sequetial

algorithms, and based on them parallel shared memory algorithms have been con-
structed aswell [ZS93 RL98]. The algorithms that we proposein this thesis are the
“rst that make useof distributed memory.

Equivalencechedking. Sincethe reduction algorithms actually compute the equiva-
lenceclassesi,t turns out that they can also be usedfor checking equivalene of two
state spaces.More precisely if we apply the reduction algorithm on the union of the
two state spacestheir roots get collapsedto the samereducedstate if and only if the
state spacesare equivalert. This holds for any equivalence. Unlik e equivalencereduc-
tion, equivalencecheding can easily and naturally be performed on-the-°y. Recerily,
on-the-°y equivalencereduction has beendistributed [JMO04].

State spaceexploration and model chedking. To actually ched desired properties
on the generated(and possibly reduced) state space,or on-the-°y, a logic to specify
these properties is used. Common logics are LTL (Linear Temporal Logic), CTL
(Computation Tree Logic) and * -calculus. The properties expressedare of two basic
types: safety, stating that \something bad never happens”, and liveness, stating
that \something good eventually happens". Parallel and distributed model cheding
started with the parallelization of the MurA veri'er [SD97 and cortinued with the
distribution of the algorithm used by SPIN to verify safety properties [LS99 and
the distribution of the symbolic model chedker UPPAAL [BHVO00]. The algorithm
in [LS99 was later extended [BBS01] in order to cover livenessproperties too. Also
1 -calculus model cheding has beenparallelized [BLWO1].

2.2 Distributed algorithms

We now introduce a number of useful notions and explain the context and the as-
sumptions under which we later dewelop the algorithms in Chapters 3, 4 and 5.

2.2.1 Distributed algorithms and parallel algorithms

A clear distinction should be made betweenthe parallelism on shared memory ma-
chines(SMM) (for instance[RL98, KR90]) and the parallelism on distributed memory
machines (DMM) (for instance [BBS01, FHPOQ], this thesis). The algorithms in the
“rst categoryusually assume besidesa hugeamount of memory, the presenceof many
processorsas well. The number of processorsavailable is in the order of the problem
size,while for distributed memory machinesthe number of processorss much much
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smaller. Also, for sharedmemory, communication betweenprocessorss not an issue,
while for distributed memory the latency of communication plays an important role.

So, in our opinion, programs designedfor shared memory cannot easily run on a
DMM, becausemost of the time the latenciesof a virtual sharedmemory systemare
too high. (Howewer, if the algorithm is really tolerant to high latenciesthen of course
this is possible. In this case,there is also the possibility of using a disk as extra
storagerather than remote memory.) In the other direction however (from DMM to
SMM), program migration doesproduce acceptableresults, aswe will shav on some
examplesin Chapter 3.

2.2.2 Distributed algorithms and distributed algorithms

The term \distributed algorithms" asusedin the emerging eld of distributed veri -
cation { and in this thesis{ doesnot refer to classicaldistributed algorithms like the
Dining Philosophers,LeaderElection, Stabilization etc. From our viewpoint theselat-
ter algorithms are rather distributed protocols, sincecommunication plays the essetial
role and the goal is mostly to achieve somekind of global decision, synchronization
or consistency

Our distributed algorithms act on top of suc distributed protocolsand could some-
times use them as communication primitiv es. They focus on the computation side,
on solving together a large problem. They are actually parallel algorithms working
on distributed memory machines. But we prefer to call them distributed in order to
make the distinction with parallel algorithms working on shared memory machines,
for which the problem is again di®eren. The main dizcult y in designing\our" dis-
tributed algorithms is dividing the computation in such a way that communication is
triggered rather infrequertly, but in the sametime avoiding large idle times.

Another relevant di®erenceis that in a classicaldistributed algorithm the network
topology plays animportant role, while our distributed algorithms live at a higher level
of abstraction and are not aware of topology aspects. We take the simple approach
that every two processorscan send/receive messageso ead other.

2.2.3 Complexity measuresfor distributed algorithms

To evaluate the performanceof our designs,we usethe time/message/bit complexity
measuresfor distributed algorithms, asde ned in [AW98]. We call the parallel pieces
of such an algorithm workers.

De nition 2.1 (time complexity) The worst-casetime complexity is the maximal time,
amongall possibleexecutions for all possibleinputs, elapsel between the momentwhen
the “rst worker starts execution and the moment when last worker stops.

Sendinga messagecournts as one time unit.
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De nition 2.2 (messagecomplexity) The worst-case messagecomplexity is the maxi-
mal numkbker of messagesent by all workers during a run (largestout of all runs).

De nition 2.3 (bit complexity) The worst-case bit complexity is the maximal numker
of bits (message< their size) sent by all workers during a run (again, largestout of
all possibleruns).

2.2.4 Performance measuresfor distributed algorithms

In many casesthe worst-casetheoretical complexity of a distributed algorithm is not
a good indication of its usefulnessin practice. To show the qualities of a distributed
tool, also performance measuremets are made, usually on input typesto which the
tool is targeted (in our case,state spaces).

An important measurefor the practical performance of a (parallel or) distributed
algorithm is the speedup. If D is a distributed algorithm, S its fastest sequetial
version, and T(D, p), T(S) the times they need on p processorsand one processor,
respectively, then the speedupof D on p processorss

TS
T(D, p)

speedup, =

2.2.5 Clusters of workstations

The target architecture of the algorithms that we dewelopis a cluster whosenodesare
connectedby a high bandwidth network (a Distributed Memory Machine). Weassume
that both the nodesand the network arereliable (no node failure, no messagéoss)and
that the order of messagedetweennodesis presened (the communication channels
are FIFO queues). We also assumethat the channels are unbounded. Processes
communicate by executing SEND TO and RECEIVE  operations; SEND TO is non-
blocking, RECEIVE s blocking. A few other communication primitiv esbuilt on top
of thesetwo will be usedaswell. They will be explained when they “rst occur.

We implemerted all communication primitiv esusing the LAM/MPI library (Mes-
sagePassinginterface) [SLO3. The correctnessproofs of our distributed algorithms
assumecorrectnessof these primitiv es. For a thorough discussionregarding imple-
mentation of communication primitiv esin the distributed model cheding literature,
see[Jou03.

We will sometimemertion the latency, bandwidth or throughput of a network. These
notions are explained below.

The messagedelay D (s) of a messageof sizes is its travel time.

The latency of a network is the time it takesa small packet to travel from its source
to its destination. Formally, it is D(sy), meaning the messagedelay of the smallest
messageadmissible by the communication system (sg).
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The (asymptotic) bandwidth of a network is the amount of data that can be trans-
mitted in a xed amount of time. Formally, it is the value of the function D?‘Sﬁfe) as
size > 0 approadiesin nit y. Bandwidth is expressedin bps (bits per second). The
most often encourtered networks nowadays are Fast Ethernet, with a bandwidth of
100 Mbps, and Gigabit Ethernet (bandwidth 1 Gbps).

The (transmission) throughputis the transfer rate measuredat the sender,that is
the data rate at which an in nite stream of messagegan be pushedinto the network

without causingdata loss.

2.2.6 P-completeness

In complexity theory, P is the classof problems for which an excient (i.e. deter-
ministic polynomial time) solution exists. When moving from sequetial to parallel
computation models, the question ariseswhich problemsin P also admit an excient
parallel solution, that is one that runs in polylogarithmic time (O ((log N)© (1))
using a polynomial number of processors(O (N© M)). The classNC contains the
problems with an excient parallel solution. It is known that NC p P u NP and it is
widely believedthat both inclusionsare strict, although the proofs of that are dixcult
open problems. Just like NP-complete problems are collected in order to shed some
light on the di®erencebetweenP and NP, P-complete problems are believed to form
the di®erencebetween NC and P and consideredto be not exciently parallelizable,
or inherently sequential. Formally, a problem is P-completeif it is in P and reducing
any other problem in P to it isin NC.

The relational coarsestpartition problem [KS83], which is the basis of equivalence
chedking problems, has been proved P-complete [ABG91]. Also the standard depth
“rst seard, typically usedby the algorithms for detection of strongly connectedcom-
ponerts, is P-complete [Rei85. Although theseresults do not directly apply to our
setting, which is distributed, rather than parallel (O (1) processordnstead of O (N)),
they are an indication that the equivalencecheding and the detection of strongly con-
nected componerts are challenging problemsto solve in a distributed manner. Note
that for veri cation purposesgood memory performanceis more important than time
and alsothat the P-completenessresults do not exclude the existenceof polynomial
time parallel algorithms that could still give a good speedup.

2.3 State spaces

2.3.1 Labeled transition systems

Let Act be a xed set of labels, represening actions. Act contains a special action
¢ that stands for an internal (silent) step. A labeled transition system (LTS) is a
triple (S;T;sp) consisting of a set of states S, a set of transitions T 4 SE£ ActE£ S
and an initial state sy 2 S. The transition relation will also be denoted by | and
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we will write p i# 1 g for (p;a;q) 2 T or p i g when T is understood. LTSs
are a corveniert represenation format for the behavior of systems, requiremerts
speci cations, implementations etc.

2.3.2 Behavioral equivalences

Veri cation techniques use behavioral equivalencesand preordersto decide, prove,
ched or test that two systemscan be identi ed, or that a system implemernts a
speci cation. Some equivalencesare also congruenceswith respect to parallel com-
position and thus allow application of excient compositional veri cation techniques
(seefor example [TLGO03]). A comprehensie preseration of many equivalencesis
given in [Gla01]. Here we introduce four popular LTS equivalencesthat are used or
mentioned at various points in the thesis. They are all basedon the conceptof bisim-
ulation, which captures the relation betweentwo systemsthat behave in a similar
manner, matching ead other's moves.

Strong bisimulation equivalenceis the most powerful behavioral equivalence. It lets
two systemsbe equal only if they perfectly simulate eat other.

De nition 2.4 (strong bisimulation equivalence[Par81]) Let(S%;} 1;s3) and(S?;} »
;sg) be two LTSs. A binary relation Ry St £ S? is a strong bisimulation if for all
a2 Act and all p2 S, q2 S? suchthat pR q;

2 ifpi!alpothen 9q°2 Szjqi[anO/\ pORqO
2 ifQE!azqothen 9p02 Sl:pi!alpo/\ pORqo

The union of all strong bisimulation relations is itself a strong bisimulation and more-
over an equivalene relation; it is therefore namead strong bisimulation equivalene.
Two statesidenti e d by strong bisimulation equivalene are called strongly bisimilar.
Two LTSs are bisimilar if their initial statesare bisimilar.

Bisimulations that abstract from internal computation are particularly useful, be-
causethey equate more states while preserving interesting properties. Weak bisim-
ulation equivalenceis the equivalenceobtained from strong bisimulation equivalence
by relaxing the transition relation such that an arbitrary number of internal steps
(i ) is allowed before and after a visible step (j? ). Branching bisimulation abstracts
from the execution of internal stepstoo, but only of those that do not participate in
a choice, so that the branching structure of processess presened. ¢"a-equivalence,
wealker than branching and stronger than weak equivalence,is useful becauseit pre-
senessafety properties (\something bad never happens").

De nition 2.5 (weak bisimulation equivalence[Mil89]) Let (S*;} 1;s3) and (S?;} »
;sZ) be two LTSs. A binary relation Ry S £ S? is a weak bisimulation if for all
a2 Act and all p2 S';q2 S? suchthat pR q;
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2if pif 1p°then (@ ¢" PR Q) _ (92 S?:q i i 2 0 " PR )
2ifqif pofthen (@’ ¢ " pR) _ (9p°2 St :p i 1if 1# 1PN PR
Weak bisimulation equivalene, or observational equivalene, is the union of all weak

bisimulations and it is the largestweak bisimulation [Mil89]. Two LTSs are weakly
bisimilar if their initial statesare weakly bisimulation equivalent.

De nition 2.6 (branching bisimulation equivalence[GW96]) Let (S*;} 1;s}) and
(S?;} 2;s3) betwo LTSs. A binary relation Ry St £ S? is a branching bisimulation
if for all a2 Act and all p2 S, g2 S? suchthat pR q

2 if pi® 1 p°then

(a” ¢~ p°R0g) _ (99%s2S?:qie ;qoi!azs" pR P p°R s)
2 if qi® , ”then

(@ ¢"pRA) _ (9%s2St:ipiE  p°if 1sA pPPRgM SR

Like in the strong bisimulation case, it turns out that the union of all branching
bisimulations is an equivalene relation [Bas96], branching bisimulation equivalene,
or branching bisimilarity. Two LTSs are branching bisimilar if their initial statesare
branching bisimilar.

De nition 2.7 (¢"a-equivalence[BFG* 91]) Let (S*;} 1;s}) and (S?;} »2;s3) be two
LTSs. A binary relation Ry S' £ S? is a ¢ a-bisimulation if for all a2 Act and all
p2 S, g2 S? suchthat pR g;

2 ifpif 1p°then (@’ ¢" p°Ra) _ (9”2 S2:qi 5if 2 » PR )

2 if qif 2’then(a” ¢ pR) _ (9p°2 St:p# 1if 1p° " PR
The ¢"a-equivalene is the equivalene relation obtained by considering the union of
all ¢”a-bisimulations. Two LTSs are ¢ a-equivalent if their initial statesare.
2.3.3 State spacesare special!

All the algorithms that we proposeexploit the fact that the LTSs on which they act
represen state spaces.Due to the way they are generated,namely as interleavings of
seweral parallel processesstate spaceshave somespecial characteristics:

2 there is a special initial state (root);

2 there are multiple labels, but in a small constart number compared to the
number of states;

2 the number of transitions originating in ead state is bounded by a constart
(bounded fanout);
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2 the depth (i.e. longestdistancebetweenany state and the root) is relatively small
comparedto the sizeof the state space(given by the number of transitions);

2 the diameter (longest shortest path betweenany two connectedstates) is also
much smaller than the size;

2 strongly connected componerts (SCCs) are usually not very long cycles, but
small denseknots, and many larger SCCsare built out of smaller ones.

An analysisof typical state spacecharacteristics hasrecertly beenmadein [Pel04].
The tool proposedin [GHO3] o®ersinsights in the structure of state spacesby means
of visualization techniques. Someof the characteristics merntioned above are visible
on the 3D imagesof various state spaces.A collection of state spacesis created and
maintained [CI] under the name VLTS bencmark.

The input of our algorithms is always an LTS (S;T; sg) with N statesand M tran-
sitions. Sinceit represeits a state space,this LTS usually conformsto the description
above. Our algorithms, preseried in the following three chapters, are designedwith
these characteristics in mind and will perform best on state spaces. This does not
imply any technical restriction on the input { our algorithms are correct and work for
any LTS.

2.3.4 Input/output formats

Due to the growing number of model cheding tools and the many di®erert directions
in which they ewlve, e®orts are now being made on the developmert of standard
state spacestorage formats and standard interfaces. Some examplesare the FC2
Te format [Mad92], Aldebaran's textual format AUT [FGK* 96], the Binary Coded
Graphs format BCG [FGK* 96], the SVC format [BLLO3].

The main input/output format usedby the tools described in this thesisis SVC2
[BLLO3], which wasespecially designedfor distributed settings. In this format, the set
of statesis divided into n subsets(segmentg and the set of transitions into n? subsets,
accordingly (one transition subsetfor eat pair of segmens). In order to allow easy
accessgad transition subsetis ordered{ i.e., transformed into a list { and split into
3 sublists: source states, labels, destination states. In the current implementation,
every sublist is stored as a di®erent Te. Our sequeltial tools (Sections 3.2, 3.4, 4.3)
acceptinputs in AUT and BCG format.
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StrongBisinulation Reduction

In this chapter two distributed algorithms for strong bisimulation reduction of LTSs
are preseried. They are usefulin the context of erumerative veri cation, when large
state spaces(represened as transition systems)are rst fully generated, and only
then analyzed. To make analysis easy such a state spaceis rst reduced modulo
an equivalence preserving interesting properties. Strong bisimulation presenes all
properties expressibleas HML formulas [HM80].

Related work Very good sequetial algorithms have beendescribed for bisimilarit y
reduction and bisimilarity cheding: [KS83, PT87] and basedon these, [Fer90]. In
[BGS92, the bisimilarit y cheding problem was proved P-complete, which meansthat
it is hard to have it parallelized e+ciently (Section 2.2.6 cortains detailed explana-
tions).

Parallel versions of [KS83] and [PT87] have been proposed [ZS93 RL98], with
time complexity O (N**) using Nl CREW PRAM processors(for any xed 2 <
1), and O (N logN) with O (%) CREW PRAM processors,respectively. These
algorithms are designedfor sharedmemory machinesand they are ditcult to translate
exciently to adistributed memory setting. [JKOK98] proposesa randomized parallel
implementation of the Kanellakis-Smolka algorithm for bisimilarity cheding, that
works in linear time O (N) on O (N?) processors. This solution does not consider
the caseof multiple labels,and it is not precise(has somesmall probability of error).

Like the Kanellakis-Smolka [KS83] and Paige-Tarjan [PT87] solutions, our algo-
rithms are basedon partition re nement. The computed re nements are precisely
the re nements computed by the \naiv e" reduction algorithm mertioned by Kanel-
lakis and Smolka. That is, in the initial partition all states are in the same block
and in every re nement step the next partition distinguishes everything that can
be distinguished with respect to the previous partition. This is di®erert from the
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Kanellakis-Smolka and Paige-Tarjan algorithms, which in ead iteration will select
two blocks and a label and then re ne the rst block with respectto possibletransi-
tions to the secondblock, having the selectedlabel.

In our implementations, a unique ID (an integer) is assignedto ead block and
partitions are represered asarrays of IDs indexed by states. The signature of a state
X with respect to a partition is a set of pairs of labelsand IDs, sud that a pair (a;id)
is in the setif and only if there is a transition with the label a from the state x to
another state belonging to the block with the ID id. Two states are distinguishable
with respect to a partition if they have di®erert signatures with respect to that
partition.

The straightforward implementation, preserted in Sections3.2 and 3.3, computes
the signaturesof all statesin ewery iteration and randomly assignsIDs to ead sigha-
ture. It terminates if the number of signaturesbecomesstable.

The optimized implementation, discussedin Sections3.4 and 3.5, doesnot recom-
pute the signatureson ead iteration. Instead, it modi es the old signatures. While
this recomputation goeson, the stateswith modied signaturesare marked. Next, we
assignnew IDs to the signatures of marked states as follows: if someof the statesin
a block are unmarked then the signaturesof the marked states all get new IDs; if all
statesin a block are marked then the old ID is reusedfor the signature which occurs
most often and new IDs are assignedto the others. The algorithm terminates if there
are no more changes. By assigningthe old ID to the most often occurring signature,
we minimize the number of signatures which must be recomputed in the next iter-
ation. Note that this is similar to the strategy usedin the Paige-Tarjan algorithm,
which always splits with respect to the smallest block.

Why Kanellakis-Smolka and not Paige-Tarjan? As starting point for our distributed
algorithms, we chosea very simple bisimulation reduction, called \the naive method"
by Kanellakis and Smolka [KS83]. From the point of view of theoretical complexity,
it cannot compete with the Paige-Tarjan algorithm (O (M N + N2) vs. O (M logN)),
but in practice it performs quite well. Moreover, the Paige-Tarjan algorithm cannot
easily be extended to branching bisimulation and weak bisimulation. For the naive
algorithm this is feasible (see Chapter 3).

Both the Paige-Tarjan algorithm and the naive algorithm useiterations. The Paige-
Tarjan algorithm in ead iteration carefully selectsa number of statesto work on.
The naive algorithm works on all states independertly. The data structures needed
to make the selection cost a lot of memory in any caseand require modi cation to
allow an excient distributed implemertation. In cortrast, the naive algorithm has
a natural parallel implementation. For both algorithms the worst case number of
iterations is the number of states. However, in practice the Paige-Tarjan algorithm
needsmany more iterations then the naive algorithm.

Another practically relevant di®erenceis that Paige-Tarjan is excient for unlabeled
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transition systems. Adapting it to work on LTSs s at the cost of acceptingextra iter-
ations, while the naive algorithm exploits the di®erert labels, by multi-w ay splitting,
preciselyto reducethe number of iterations.

3.1 The relational coarsestpartition problem

For the de nitions of LTS and strong bisimulation equivalence,we refer to the pre-
liminaries chapter, Section2.3.1.

The problem that we focuson, bisimulation minimization, isto nd the equivalence
classesof the largest strong bisimulation on the states of a given LTS. Or, in other
words, givenan LTS, 'nd the LTS that is strongly bisimilar to it and hasthe minimal
number of states.

A related problem is that of bisimilarity checking: given an LTS S = (S;T; so)
and two statesp;q 2 S, decidewhether p and q are strongly bisimilar. This problem
reducesto the minimization problem, sinceit sutcesto chedk whether p and g are
in the same equivalence class of the largest bisimulation relation de nable on the
states of S. The way of deciding whether two transition systemsrepresen the same
behavior is to apply a bisimulation minimization algorithm to the compound LTS
(St[ S%,TY[ T2;st) and seewhether s and s3 end up in the sameclass.

For an LTS (S;T;sp), a partition of the elemens of S is a set of disjoint blocks
fBi ji 2 lgst [i.Bj = S. An equivalencerelation can be represerted as a
partition with a block for every equivalenceclass. A partition ¥4 is a re nement of ¥4
if every block of 2 is cortained in a block of % 8C 2 ¥: 9B 2 ¥%: C u B.

The bisimilarit y minimization problem is equivalert to the relational coarsest par-
tition problemwhich is to "nd, for a given LTS and a given initial partition %2 of S,
a partition Yas.t.

1. Y4is a re nement of ¥4

2. 8p;q2 B 2 Y: 8a2 Act: 8B%2 Vi
9p2 BY: (p;a;p) 2 T i® 992 BO(gya;q®) 2 T
3. Yahasthe fewest blocks among all partitions satisfying 1 and 2.

The algorithms discussedn this chapter solve the bisimulation minimization prob-
lem by solving the Relational CoarsestPartition Problem with ¥# = f Sg.

3.2 A naive sequerial solution

In Figure 3.1 we have described an implementation of the naive algorithm, for a given
LTS (S;T;so). The idea is that signatures computed with respect to the current
partition determine the next partition. More precisely the blocks of the new partition
are sets of states with identical signatures. Keeping track of the current partition is
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1 forx2 Sdo ID(x) := 0enddo

2 oldcount := 0; newcount := 1

3 while oldcount 6 newcount do

4 /* compute the signatures */

5 for x 2 S do

6 sig(x) = f(a;ID(y)) j x i* yg
7 enddo

8 for x 2 S do

9 insert sig(x) in HashTable

10 and get new value for ID(x)

11 enddo

12 /* count the blocks of the new partition */
13 oldcount := newcount

14 newcount := card(fID(x) j x 2 Sg)
15 enddo

16 return 1D

Figure 3.1: (SSN. Single threaded implementation of the naive algorithm

done by assigningevery block an unique identi er (natural number). The function
ID:S! N indicatesto which block every state belongs. Thus, the current partition
is represened by the ID function. We de ne the signature of a state x with respect
to it as

sigix) = f(a;ID(y)) j x i yg:

Since our signatures of interest are always computed with respect to the current
partition, we will not index them; instead, we will make sure it is always clear what
the current partition is. In steps 8-11, new values are assignedto ID, such that
8x;y2S:

the new value of ID(x)
i®
sig(x) w.r.t. the old ID

the new value of ID(y)

sig(y) w.r.t. the old ID:

A hashtable HashTablg being a set of holdsig; newlIDi pairs, is usedfor this purpose.
The hashvaluesare signatures. Let us denoteby ID" the ID returned by the algorithm;
ID' determinesthe Tal partition.

Note that, unlike the generalpartition re nement scheme, SSN (Sequetiial Strong
bisimulation Naive algorithm) only computesthe new signaturesand doesnot explic-
itly replaceblocks of the old partition with new blocks. The following lemma justi es
that the partitions computed in this manner are indeed successie re nements, under
the hypothesisthat the initial partition is f Sg:
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Lemma3.1 For n , 0, denoteID", sig' the ID and sig functions as they are before
execution of step 8 of the nth iteration of SSN(rst iteration hasindex 0). Then for
everyn > 0 and for everyx;y 2 S:

sig't 1(x) 6 sid't (y) =:sid"(x) & sid'(y):

Proof: Let us rst examine the relation betweenthe ID"(n , 0) and sid"(n , 0)
seriesof functions. Due to step 6, for every x 2 S and every n, 0,

sig'(x) = f(a;1D"(y)) j x ¥ yg 3.1)

Also, steps8-11of the (nj 1)™ iteration (8n , 0) take carethat, for every x;y 2 S,
ID"(x) = ID"(y) i®sid"" 1(x) = sid"i 1(y): (3.2)

We prove the lemma by induction on n. The initial partition is f Sg, which means
that 8x;y 2 S : sid’(x) = sicP(y). Therefore the claim is true forn = 1. Let n > 1
and supposethere exists a pair of statesx;y 2 S for which

sig'! *(x) 6 sig'’ *(y) (3.3)
and sid' (x) = sid"(y) (3.4)

Then (w.l.o.g.) there must exist a transition x i z (a 2 Act, z 2 S) sud that
(a;1ID"i 1(2)) = sig" 1(y), meaningthat

@2S : (yif t~ D" )= ID" Y(z) (3.5)

The pair (a;ID"(z)) occursin sid'(x) (3.1). From 3.4 it then follows that there exist
astatev2 Ssud that y i vandID"(v) = ID"(z). From this last equality we derive
(3.2) that sid"' (v) = sid' }(z) and, from the induction hypothesis, sig'i ?(v) =
sig'i 2(z). But that also means,applying 3.2 once more, that ID"! *(v) = ID"T (2),
which givesa cortradiction with 3.5. A

3.3 ...and its distributed implementation

The obvious way to distribute apartition re nement algorithm is to distribute the data
and keepthe control °ow certralized. More precisely the workersperform iterations in
which they independertly do somere nement and then synchronize the results. This
approad is ne in theory, but in practice it turns out that synchronization cantake a
lot of time. This is another reasonto choosethe naive algorithm: typically it needsfar
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1 read In;i(8j); read Out; (8j)

2 newcount = 1

3 for ever do

4 /* phase 1: compute signatures */

5 for x2 S do

6 sig(x) = f(a;p)jx a;pi 2 Out; ;0 j < Wg
7 enddo

8 [* phase 2: compute new IDs */

9 N _expectedanswers := 0

10 Send_Signatur es Handle_M essages
11 /* decide whether this is the last iteration */

12 oldcount := newcount
13 DBSUM (newcount; ; newcount)
14 if (oldcount = newcount) break —

15 /* phase 3: update ID */
16 Update_IDs

17 enddo

18 return 1D

Figure 3.2: (DSN) Distributed version of SSN(WORKER )

1 for x 2 S; do

2 SEND / hashinsert: i; sig(x) . TO worker(hash(sig(x)))
3 N _expectedanswers := N _expectedanswers+ 1

4 enddo

s forj:0- j <W doSEND / endsig: . TOj enddo

Figure 3.3: The Send_Signatur es routine of WORKER

lessiterations than Kanellakis-Smolka and Paige-Tarjan, thus fewer synchronizations.

3.3.1 Description

Our distributed reduction algorithm (Figure 3.2) is basedon the sequettial one (Fig-
ure 3.1). The statesof the input LTS are evenly divided over the W workers. Worker
i isin chargeof the set of states S;. Every iteration, it hasto compute the signatures
of statesin S; and keeptrack of the ID of thesesignatures. It is also responsible for
the administration of a part of the hashtable usedat step 10 (step 8-11in SSN. We
denotei's part by HashTablg.

Let T; be the indexed list of transitions having the source state in S; and the
destination state in S;. About a transition in T; , worker i needsto know its source
state, its label and the current ID of its destination state, in order to be able to
compute the sourcestate's signature. It is worker j's job to keepi informed about
the current ID of the destination state. Therefore, the T; -concernedknowledgeneeded
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1
2
3

© 00 N o 0 b

N _active_workers := W
while N _active_.workers > 0 _ N _expectedanswers > 0
do
RECEIVE msg
case msg
/ hashinsert: j; s.
insert s in HashTablg and obtain ID(s)
SEND / hashlD : s;ID(s) . TOj
/ endsig:
N _active_.workers := N _active.workersj 1
/ hashlID : s;sid .
ID(s) := sid
N _expectedanswers := N _expectedanswersj 1
endcase
enddo
newcount; := card(HashTablg)

Figure 3.4: The Handle_M essages routine of WORKER;

© 00 N o O wWN PP

forj:0- j < W do
SEND / update: i; [ID(y) jy2 Inji] . TOj
enddo
received ;= 0
while received < W do
RECEIVE / update: w;IDList .
received := received+ 1
update Outy, with IDList
enddo

Figure 3.5: The Update_IDs routine of WORKER;

and maintained by workersi and j is captured in two lists ordered by the sameindex

asTj:

Outj = [x; a;ID(y)i jx i y~ x2S ~y2 S], residing in the memory of i
Iyj = [yjxi® y*x28"y25] in the memory of |

Note that elemens can occur repeatedly in a list { for instance, a state shows up
twice in In; if it is the destination of two transitions coming from states on i. In;
and the rst two elds of the elemerts from Out; represen static information about
the structure of the LTS. The data that changesthroughout the run of the algorithm
are the functions sig and ID. Furthermore, workers need to know the number of
di®erert signaturesof the statesin S in the current and in the previous iteration, in
order to decide whether the nal partition has beenreadced. As in the sequetial

case,denote ID" the hal assignmen for ID, returned at the end of the algorithm.
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The LTS is provided to the workers in the form of the lists In; and Out; , 8i;j,
the latter using a constart initial 1D function: ID(x) = 0 that re°ects the initial par-
tition fSg. Each iteration of DSN (Distributed Strong bisimulation Naive algorithm)
consistsof three phases:

1. signature computation (steps 5-7),
2. computing globally unique IDs for signatures(step 10) and

3. exdhanging ID information. (step 16)

In the rst phase(5-7) of ewery iteration, ead worker computesthe signatures of its
own states.

In the secondphase(10, detailed in Figure 3.3 and 3.4), all signaturesare inserted
in the distributed hash table and are assignedunique IDs. The insertion is basedon
a hash function hash: 2°%£N I N and the distribution of the hashtable is done by
a function worker: N ! fO¢¢¢W | 1g. We assumethat worker is capable of ensuring
a balancedload of signatureson workers. WORKER; runs two threads. One is busy
with sending ead signature to the worker responsible for the part of the hash table
whereit should be inserted (determined using worker). When all signaturesare sen,
an endsigmessages ser to all workers, to mark the end of the stream. The other
thread handlesthe incoming messagesA requestfor inserting a signature in the local
hash table (hashinser) is handled by looking up the signature and fetching its ID,
or, if not found, adding it to the table and assigningit a new ID. The ID is then
returned to the owner of the signature. When receiving an answer (hashiD) to a
requestsert earlier by Send_Signatur es, H andle_M essages lIs in the new ID value
and decreaseshe courter of expectedanswers. Finally, on receiving an end-of-stream
messagg endsig, it decreaseghe counter of workersthat might still sendhashinsert
requests. The Handle_M essages thread terminates when all workers announcedthat
they have no more signaturesto sendto i and all i's requestshave beenanswered.

After the secondphase,we compute how many di®erert signaturesthere are now
(steps12-13). If the number of signaturesdid not increasew.r.t. the previousiteration,
the stable partition hasbeenreaced and the computation must stop (14).

In the third phase(16, shown in detail in Figure 3.5), the lists Out; are updated.
For ewery transition of the LTS, the new ID of the destination state's signature is
sert to the owner of the sourcestate. More precisely every worker j sendsID(In; )
to worker i, who will substitute this information on the last elds of its Out; . This
happenscorrectly due to the fact that the lists In; and Out; have the sameindex.

At the end of the loop , the IDs are the states of the reducedLTS and its set of
transitions is [ ij fhID(x); a;pi j hx; a;pi 2 Out; g. They canbe dumpedindependertly
by the workers, possibly after renumbering the IDs to consecutive numbers.
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3.3.2 Correctnessand complexity

We now justify that the algorithm described above is correct, i.e. it terminates and
it producesthe minimal LTS bisimilar to the input LTS. We also give an analysis of
its performancein terms of time, memory and number of messagesieededduring the
computation.

Theorem 3.2 (correctness) Let S~ (S;T;sp) be an LTS. Then DSN applied to any
distribution of S terminates and the resulting ID' satis es:

(fID" (x) j x 2 Sg; thID" (x);a;ID" (y)i j hx; a;yi 2 Tg; ID' (so))
is the minimal LTS bisimilar to S.

Proof: We “rst argue that every iteration (steps 5-16) of DSN terminates. For this,
we take a closerlook at the stepsinvolving communication (10,12-13and 16). The
“rst thread of step 10 obviously terminates, sinceit only executesa nite number of
SEND TO calls (that are always successful).

Handle_M essagess exit condition

N _active.workers = 0" N _expectedanswers = 0

will eventually be satis'ed. N _active_workers becomesO when W hashID messages
sert to i will have beenreceived. Note that N _active_workers being 0 is a sign that
all hashinsert messageslirected to i have beenreceived, and alsothat all hashinsert
messagespriginating from all workers, including i itself, have been sert. In par-
ticular, this meansthat when N _active workers of i is 0, N _expectedanswers of i
will not increaseanymore. This property rules out the undesired situation that the
exit condition is ful'Tled while messagedor i are still pending. The termination of
Update_IDs s justi ed mainly by the "xed number of messageexdanged. Every
worker successfullysendsexactly W messagegthese messagegan be very large, but
this is not a problem, sincewe assumedunbounded channels, seeSection 2.2.5), then
picks up from the network the W messagesddressedto it.

It can be easily proved by induction that DSN mimics faithfully the sequetial
version SSN depicted in Figure 3.1. That is, formally: for any r, if we consideriDseq
= SSNs ID, after step 11 of the rth iteration and IDdb' = WORKER;'s ID, after
step 10 of the rth iteration (8i), then

8i;j8x2S;y2S IDdb(x) = IDdV (y) i® IDsedx) = IDseqy):

From this and from the fact that the exit condition from DSN and SSNare identical,
it follows that the loop 3-17 of DSN eventually terminates. Moreover, the LTS de-
termined by the ID' valuesis exactly the one found by SSN thus the solution of our
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problem. A

To ewvaluate the performanceof DSN, we usethe classicaltime/messagecomplexity
measuredor distributed algorithms, asde ned in [AW98] and recalledin Section2.2.3.

Theorem 3.3 (complexity) Worst-case time complexity of DSN is O (%"Nz) and
messagecomplexity is O (N ?2).

Proof: For computing the signatures,every state hasto be consideredand we assumed
that the cost per state is linear in the number of outgoing transitions of that state.
As workers do this computation independertly and we assumedeven distribution of
states, the time neededis O (M)

The number of signaturesead worker hasto insert into the global hashtable is at
most the number of statesit proceqsesnd%e. Assuming that worker is a perfect hash

N .
function, eah worker has to send e signatures to every other worker. Every
m

¥
N . . L
worker therefore receivesat most W ¢ d\V,VVe signatures. (The insertion in the local

hash table takes constart time, as well asthe computation of a new ID.) The same
amourt of replies must be sest bagk. Thys, the cost of computing globally unique

identi ers for signaturesis O W ¢ d\%e : Under the assumptionthat W ¢ N,

we can forget about rounding upwards and we evaluate the costto O ! \?‘T

To decidetermination, we needto compute the total nhumber of di®erert signatures.
The cost of this operation is W.

To exdhangethe new IDs, every worker hasto prepareW bu®ersof total sizeO(%),
represering the total number of incoming transitions (seeSection2.2.5). It also has
to receive and processW sudch bu®ers,from workers that are in charge of successor
states.

Summing up, the cost of an iteration is O(va,’\' ). Sinceas many as N iterations
might be needed,the worst casetime complexity is O(%*Nz).

The messageomplexity is given by the total number of messagesen by all workers
in the whole run of the algorithm. In the worst case,exchanging signaturestakesN
messagegif every signature hasto be sert to another worker), and the update phase
W? messages.Syndronizing at steps 12-13takes always W messages.This results
in at most N(N + W + W?) messagesver the whole run, that is O (N? + NW?),
Since W is insigni cant comparedto N, we may conclude a messagecomplexity of
O (N?). A

The number of iterations is the most important factor in the performance of the
algorithm. The worst caseis that the number of iterations is the number of states.
An examplethat hasthis worst casebehavior is an LTS whosestate are the numbers



3.3 ...and its distributed implementation 27

S:=; S:=S[flgS:=S[ flgS:=S[ f3gS:=S[ f2g
S:; ; ; ; ;
S:flg S:flg flg fig
S:f1;3g f1,3g f1;2g
spanning tree edge ——» \¢
other edge —= S:f1,2,3g

Figure 3.6: Evolution of a set data structure

0..N and the transitions arei ! i+ 1(i = 0:(N j 1)). Howewer, such a long seriesof
everts is not typical in state spaces.The typical phenomenonin state spacesis state
spaceexplosion: the systemwould consist of P processesad having N states that
run in parallel. The sizeof the state spacewould then be N ?, which is a huge number
for relatively small N and P. However, if the processesare completely independert
then the reduction algorithm needsat most N + 1 iterations. Of courseneither the
long thread nor the complete independenceof processesccursin practice, but they
give someintuition about the worst caseand why it is unlikely.

The memory neededby one worker can be estimated as follows: O (""\Nﬂ) for the
signature information, O (\’)"7) for the (destination ID, destination state) of incoming
transitions, O (\’)"7) for the (sourcestate, label, destination ID) of outgoing transitions.
In total, O (M), which is the best that can be achieved, W times lessthan the

W
spaceusedby the single-threadedimplementation.

3.3.3 Implementation details

The distributed prototype implements the algorithm in Figure 3.2. In the actual
MPI implementation, messagesare not sert one by one, but bu®eredinto larger
messages.For the update phase(step 16), we issueall the SEND TO messagesand
post RECEIVE requests,then wait for all RECEIVE requeststo be completed. The
two threads from step 10 are implemented with explicit interleaving.

For computing signatureswe have useda set datatype on which it is easyto add a
single elemen and decide equality. The idea is to maintain a directed graph, whose
vertexesare setsand whoselabelededgesare an 'obtained by insertion' relation. That
is, an edgeS ¢ SCis only allowed if S°= S| feg. In order to etciently decideif
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a certain setis present or not, we maintain the graph in such a way that the edges
Snfmax(S)g i35 (¥ S form a spanningtree. By doing this the set corresponding
to an ordered list can be found by starting in the empty set and then following the
edgescorresponding to the elemerns in the list. There may be other paths from the
empty setto the sameset, but if a set exists then this path exists. In Figure 3.6, we
have drawn the data structure asit would look when starting with an empty set and
adding the elemens 1, 1, 3 and 2 in that order. Notice that adding 1 twice createsa
cyclein the graph.

On this data structure, we can decide equality of setsin constart time. The com-
plexity of inserting a single element into a setis linear in the size of the set the “rst
time and constart afterwards. (The rst time we have to create one or more edges
and 0 or more vertexes,afterwards we can nd the edgein constart time using a hash
table.)

Using this structure it is very easyto write code that computes signatures. How-
ever, the order in which the signatures are built matters for the performance of the
algorithm. If a setis built in the sameorder every time then quadratic time is needed
for the “rst build and linear time for every rebuild. The danger comesfrom the fact
that quadratic time and memory may be usedfor every di®erert order in which the
signature is built. This meansthat to obtain decen performance,we have to sort the
transitions ensuringthat the amount of di®erert orders is minimal.

3.4 An optimized sequertial solution

In the previous two sections, an algorithm was presenied that usesthe set of all
outgoing transitions (signatures) as criteria to distinguish states, as opposedto the-
oretically more excient algorithms that ched the states of the same block against
certain other blocks. The main advantage of the new signatures approad is that it
admits a natural distributed implementation.

Seethe sequettial version of this algorithm in Figure 3.1. In that scheme, all
signaturesare recomputedin every iteration, which can be an unnecessaryand costly
e®ortin the caseof large input LTSs with a structure that needsa lot of iterations
to stabilize and where very few partition blocks can be split per iteration (very few
signaturesactually change).

The main idea of our secondapproad, which we will refer to as\optimized", isto
mark, in every iteration, those statesthat might have su®ereda signature change,i.e.
the statesthat have an outgoing transition to a state whoselD changedin the current
iteration. (As before, we indicate the current partition by a function ID : S j! N
that assignsblock identi ers to states.) In the next iteration, only the signatures
of the marked states needto be recomputed. We will refer to the marked states as
unstable Note that, unlike other algorithms, that mark whole blocks as unstable, we
insist on reasoningabout unstable statesand not assumingthat the states belonging
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1E:=1;, ¢0) = card(S); U = S

2 forx2 Sdo ID(x) := 0; sig(x) := ; enddo

3 while U6 ; do

4 for x 2 U do sig(x) := f(a;ID(y)) jx i yg enddo
5 Reusable:= fijO- i< E ™ c(i) = card(U \ fxjID(x) = ig)g
6 ST == ;; °U = ;

7 for x 2 U do

8 oid = ID(x)

9 if (sig(x);i)2 ST

10 then ID(x) := i

11 else if ID(x) 2 Reusable

12 then

13 c(E) =0

14 ID(x) == E

15 E:=E+1

16 else Reusable:= Reusablg fID(x)g
17

18 ST = ST[ f(sig(x);ID(x))g

19 if oid 6 ID(x)

20 then

21 °U := oU[ fy2Sjyif xg

22 c(oid) := c(oid)j 1

23 c(ID(x)) = c(ID(x)) + 1

24 -

25 B

26 enddo

27 Uu:= °U

28 enddo

29 for x 2 SID' (x) := ID(x)

Figure 3.7: (SSO The optimized algorithm

to the sameblock are easily retrievable. Extra attention hasto be paid to ensurethe
correctnessof the splitting procedure,but it pays o®,sincethe ability to work directly
on statesprovides parallel/distributed workerswith a high(er) degreeof independence.
The optimized algorithm, SSO (Sequetial Strong bisimulation Optimized algo-

rithm), is preseried in Figure 3.7 and usesthe following notations and data struc-
tures:

i U, °U - the set of unstable states for the current and the next iteration,
respectively

i E-the number of blocks in the current partition. Throughout the algorithm,
the invariant is kept that the blocks of the current partition are numberedfO:::Ej 1g.

i c¢:fO:::Ej 1gij! N -the number of statesin ead block

i Reusable the set of block identi ers that canbe reusedin the next iteration,
since all the states belonging to those blocks are marked unstable. Theseidenti ers
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Figure 3.8: A re nement example. The TTled circles represen the unstable states at
the beginning of ead iteration.

should be reusedin order to presene the above mertioned invariant. Moreover, the
identier of every block should be reusedfor one of its own sub-blocks, to ensure
termination of the iterations series.
i ST -asignatureshashable usedto map the signaturesof the current iteration

to new IDs (the block identi ers of the next iteration).

ID' is the Tal partition, the blocks of which represen the states of the minimized
LTS. The termination and correctnessof SSO follow from a few properties listed
below.

Lemma 3.4 Let U", sid', ID", E" denote the set of unstable states, the signatures
mapping, the ID mapping, and the number of equivalene classesat the beginning of
the n-th iteration of the optimized algorithm (i.e. before the n-th exeution of step 3)
{ the count starts at 0. The following properties hold, for any n , O:

1. (8x2 S)ID"(x) < E".

2.(8i:0- i< E"19x2Sst ID"(x)= ID" (x) =i
(8i:0- i< E"Y9x2Ss.t ID"(x)=i.

3. (8x2 SID"(x) = ID" }(x)) i® U" = ;

4. (8x;y2 S)
ID"(x) = ID"(y) i® sid'(x) = sid"(y) and
sig' (x) 6 sid'(y) =:sig"** (x) 6 sig™* (y).
5. ENil. N,
E'=E" 1 i® (82 SID"(x)= ID" }(x)).

Proof:
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The properties 1, 3 and 4 will be proved independertly, by induction on n. Prop-
erty 2 relieson 4 and property 5 relieson 1 and 2.

1: (8x2 S)ID°(x) = 0< 1= EO. In every iteration, the only place where fresh
valuesare introducedfor ID is step 14 (in step 10 an old value is used). But E is also
immediately increased(step 15), therefore the invariant stays true.

2:  For n = 0 the property is obviously true, since ID°(x) = O for all states x.
Supposeit is true for E"i 1, ID"i I and let us look at how E" and ID" are computed,
in the nj 1th iteration. First, the set Reusabléas constructed (step 5), containing the
identi ers of the blocks whosestates are all marked unstable. Let i be any identi er
0- i < E". Wedistinguish three cases:

i i2 ReusableThen all statesx with ID"" 1(x) = i (accordingto the induction
hypothesis, there is at least one) must be in U"i 1, Let y be the st of these states
that is handled in the step 7 of the algorithm. sig"(y) cannot be already in ST, since
this would meanthat there exist a state z from another block (ID" (z) 6 ID" 1(y))
with the samesignature (sig"' 1(z) = sig"' 1(y)), which cortradicts point 4 of this
lemma. Therefore, y will only be a®ectedby steps16 and 18, that do not modify the
value of ID. Thus, ID"(y) = ID" (y) = i.

i iz Reusabléi< E" 1 Then there must bea state x for which ID" 1(x) = i
and x 2 U"i 1 It follows, since the steps sequence7-26 does not regard x, that
ID"(x) = ID" Y(x) = i.

i E"il. j< E". This meansthat i is\created" in the steps13-15asidenti er
for a new block. In step 14 the ID" of the st state of this block is explicitly dened
asbeingi.

3: Let usconsideran iteration n that satis es 8x 2 S ID"(x) = ID"' *(x). This
meansthat in the iteration nj 1, the condition in the step 19, that comparesexactly
ID"(x) and ID"! }(x) was never satis'ed, thus °U remains ;, that is U" = ;. The
inverseis alsotrue: if U" = ; then °U endedup empty in the previousiteration. This
could only happen if the condition on line 19 was never met, that is the value of ID
was not changedfor any state. Formally, 8x 2 S ID"(x) = ID"i (x).

4: We prove this by induction on n , 0. The casen = 0 follows from the fact
that (8x) sid’(x) = 0 and (8x) ID°(x) = 0. To prove the st half of the invariant for
an arbitrary n, we considerthree cases:

i XxX;y 2 U"l In this case, both sig'(x) and sid'(y) are inserted in the
hashtable ST, which ensuresthe samelD value for (and only for) equal signatures.

i x;y 2 U" 1 Then the sigs and IDs do not change, i.e. sig" (x) = sig" *(x),
ID"(x) = ID" Y(x) and sig'(y) = sig' *(y), ID"(y) = ID" 1(y). From the induction
hypothesis, it follows that sig’(x) = sid"(y) i® ID"(x) = ID"(y).

i x2U"Yandyz2U"i !l Then there must be a state z that has causedthe
instability of x, i.e. there is a transition x j® z with ID"I 1(z) 6 ID"" 2(z). Then
ID"i Y(z) = i . E"i 2, therefore the pair (a;i) cannot be in sig"i 1(y). And since
sig" (x) is recomputed and sig’ (y) not, it follows that sig"(x) 6 sid'(y). It remainsto
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prove that ID"(x) 6 ID"(y) aswell. Let us st notice that
if ID"(x) & ID"" *(x) then ID"(x) , E" % (3.6)

If sig"i 1(x) = sig" }(y) = i, then i 2 Reusable(sincey 2z U"i 1), thus ID"(x) 6 i,
thus (3.6) ID"(x) ., E" 1, while ID"(y) = ID" (y) < E"i L. If, on the cortrary,
sig'i 1(x) 6 sig'l }(y), then ID" }(x) & ID" '(y) (induction hypothesis). ID"(x)
is computed in the fragmert 7-26 and the outcome can be ID"(x) = ID" }(x) 6
ID"" 1(y) = ID"(y) or ID"(x) & ID"" 1(x). In the latter case,ID"(x) , E"i! (3.6),
while ID"(y) = ID" }(y) < EMi 1

And now we prove the secondhalf of the property. Let x and y be two states for
which sig'(x) & sig'(y). Then (w.l.o.g.) there is somepair (a;ID"" *(z)) 2 sig'(x) and
2 sig' (y). If sig'(y) doesnot cortain any pair (a;]) then clearly sig'** (x) 6 sig"** (y).
Otherwise, let y i® t be any of the a-transitions from y. Then (a;ID"i 1(t)) 2 sid' (y)
and ID"" 1(t) 6 ID" }(z), which means (induction hypothesis) that sig'! (t) 6
sig'’ 1(z) and, further, sig'(t) 6 sig'(z). Abovewe have provedthat this is equivalent
to ID"(z) 6 ID"(t). Thus, sig"*™* (x) contains the pair (a;I1D"(z)) and sig'** (y) does
not.

5: From the points 1 and 2 of this lemma it follows that (8n) E" is exactly the
number of di®erent values for ID". Therefore, if 8x 2 S ID"(x) = ID" 1(x) then
obviously E" = EMi 1

We will now prove the inversestatemert. Let n besothat E" = E"i 1 and suppose
there exist an x 2 S with ID"(x) = i 6 ID"" *(x). The property 2 sas that there
existsy 2 S sudh that ID"(y) = ID" Y(y) = i. But this would meanID"(x) = ID" (y)
and ID" (x) 6 ID"T 1(y), which comesin cortradiction with property 4. A

Theorem 3.5 (termination and correctnessof SSO
For any LTS (S; T;sp), SSOterminates and the equivalene relation ¥4 determined by
ID' (x 2y i® ID' (x) = ID' (y)) is the largeststrong bisimulation on S.

Proof: It is easyto seethat for any iteration n > 0, E" , E"i 1. It is also clear that
E" > E"i 1 can happen only Tnitely often, since from the points 1,2 of Lemma 3.4
follows that 8n E" - card(S). Henceewentually E" = E"i ! and then the algorithm
stops (3,5 of Lemma 3.4 and the exit condition of the loop at step 3). This proves
termination.

We will now justify that % is a strong bisimulation on S. Let last be the index of
the last iteration, that is ID" := 1D, Let x andy be any two equivalert statesand
let x i z beany transition from x. To prove that % is a strong bisimulation, we have
to prove that there exists a transition y i® t with t % z. From ID'® (x) = ID"! (y)
and property 4 of Lemma 3.4 it follows that sig®!'(x) = sig®!(y). Then, since
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(a;1D™®' 1(z)) must be in sig®!, there is a state t with D1 1(t) = D@1 1(z)
and (a; 1Dt 1(t)) 2 sid®!(y). But last is the nal iteration, thus Ut = ;| that
implies (Lemma 3.4, property 3) ID"® (t) = D" 1(t) and similarly for z. Thus,
ID't (t) = ID"® (z), or in other words t ¥4 z.

Finally, to prove that ¥ is the coarseststrong bisimulation, let ¥ be any other
strong bisimulation and show that 8x;y 2 Sx ¥’y =:x Y%y. To this end, we
prove by induction that 8n , 0x ¥°y =:1ID"(x) = ID"(y). The basecasen = 0
is immediate. Supposethe statemert is true for nj 1 and let x,y be two states
such that x ¥°y. Then 8x i 2z9y i® t with z ¥0 t, and thus also (induction
hypothesis) ID" 1(z) = ID" 1(t). According to the signature de nition, this means
that sig"(x) = sid'(y). From property 4 of Lemma 3.4, ID" (x) = ID"(y). A

3.5 ...and its distributed implementation

3.5.1 Description

There are W workers, ead consisting of two threads: a sggment manager, that main-
tains a part (a segmem) of the LTS and computes the signatures of the unstable
states, and a signatures server, that maintains a part of the signature table ST and
computesthe new IDs. The data structures occurring in Figure 3.7 are distributed to
the workers as follows:

2 worker i, actually the %egmem manageri, is responsible for a subsetS; of S.

Si\'S§ =;;8i6jand ;S =S. Thefunction SM :Sj! f0:::Wj 1g maps
every state to its basesegmemn manager.

2 transition set T generatesfor every segmem manageri the sets

I =f(xcay)jy2S~xi® yg
Out = f(x;&ID(y)) jx2 Si* x i yg;

where ID identi es the current partition.

2 the sets of unstable states U, °U are maintained by managersin the form of
U =U\ S and°U; = °U\ S, respectively.

2 the set of block identiers f0:::Ej 1gis divided into the disjoint setsIDSET,
11 IDSETw; 1 and distributed to the W signaturesservers by a mapping
SS:f0:::Ej 1g! f0:::Wj 1g. Senerj alsomaintains the part of the counts
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SEGMENT MANA GER i
1°U = ;
2 for x 2 U do
3 compute sig(x)

4 SEND / hashinsert: ID(x);sig(x);x . TO SS(ID(x))
5 enddo

6 do loop

7  RECEIVE msg

8 case msg

9 / hashlD : x;i.

10 for y : (y;a;x) 2 In; do

11 SEND / update: y;a;ID(x);i . TO SM(y)
12 ID(x) = i

13 enddo

14 / update: x; a;oid;i .

15 Out; = Out; i (x;a;0id) + (x; a;i)

16 °U; = °Ui[ fxg

17 enddo

18U = °U

SIGNATURES _SERVER i
1 STy = ;
2 doloop
3 RECEIVE / hashinsert: oid; s;X .
4 if (oid; s;Lx) 2 ST;
5 then Lx = Lx + [X]
6 elseST; := ST;[ f(oid;s;[x])g
7
8  Reusable := foid 2 IDSET; j c(oid) = P (oid:six )2 st; card(Lx)g
9 enddo

10 decide on °IDSET;

11 for (oid; s;Lx) 2 ST; do

12 if oid 2 Reusable

13 then take id from °IDSET;

14 elseid := oid

15 -

16 for x 2 Lx do

17 SEND / hashID: x;id . TOSM(x)/ hashlID: x;id .
18 enddo

19 enddo

20 re-balancec, °IDSET

Figure 3.9: (DSQO) A distributed iteration
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array c and of the signature table ST corresponding to IDSET; :

ST, = f(oid; s;Lx) j SS(oid) = i »
Lx = [x 2 SjID(x) = oid ~ sig(x) = slg

Here Lx is the list of all unstable statesthat have s assignature. Lx is necessary
becauseunlike in the sequetial implementation, in the distributed oneit is not
possibleto generatethe new ID at the momert of signature insertion.

The distributed algorithm executes,like the sequettial one, a seriesof iterations. In
betweeniterations, workers syncironize in order to decidewhether the "nal partition
has beenreaded. The computation inside an iteration is asyndironous and directed
only by messagesas sketched in Figure 3.9 (DSO = Distributed Strong bisimulation
Optimized algorithm). There are v e phasesdistinguishable within an iteration:

i managers compute the signatures of the unstable states and send them
(hashinser) to the appropriate seners

i senersreceiw the signatures (hashinser) and insert them in their local ST

i seners compute new IDs for the unstable states and send them (hashlD)
badk to the managers

i managersreceive the new IDs for their unstable states (hashID) and send
messagedo the parent states of its own statesthat changedthe ID (update)

i managersreceive and processthe update messagegupdate)

In order not to overload the presenation, we leave out the simple medanism that
ensuresthat the loops S2-9 and SM6-17 terminate. Since both these loops receive
and treat messagedrom a xed number of communication parties, it is enoughto let
these parties (the managers,in the caseof the rst loop; the senersin the second)
signal when their stream of data has stopped and let the party executing the loop
count the stop messages.

Due to the division of tasks between managersand seners, the “rst and the sec-
ond phasehappen in parallel (steps SM2-5, S2-9in Figure 3.9). Also the last three
(steps SM6-17, SSL1-19) are overlapped. The overlapping limits the amount of CPU
idle time, by allowing computation and communication to proceedin parallel. For
instance, the seners can already proceedwith inserting signaturesin the table while
managersprepare and send more signature messages.In the actual runs of the pro-
gram, a worker (manager + server) may use one processor. The main advantage of
overlapping the phasesis memory gain: since the consumersand producers of mes-
sagesare active at the sametime, the messageslo not have to be stored. Thus, less
memory is used.

3.5.2 Correctnessand complexity

Lemma 3.6 The following properties hold for this distributed algorithm:
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1. in every iteration, the signatures of the statesin the sameblock are sent to the
sameserver

2. everytime a block splits, one of the new blacks getsthe old id

3. in everyiteration, nitely many hashinsertand hashID messagesre geneated

4. in every iteration, a received hashlD messagegeneates nitely many update
messages.

5. (8n > 0) if IDdL" is the state partition at the beginning of iteration n of DSO
and IDsed is the state partition at the beginning of iteration n of SSQ then

(8x;y 2 S) IDdbL" (x) = IDdb" (y) i® IDsed (x) = IDsed' (y)

Proof: 1: Indeed, if ID(x) = ID(y) = i, both sig(x) and sig(y) are sert (steps2-5in
the segmem manager)to the signature serwer responsible for i, SS(i).

2: Consider a block with the identier i. If there are statesx 2 §; j U with
ID(x) = i, then it is clear: all thesestatesare not touched this iteration, i.e. they keep
their old ID. If, on the cortrary, all the states x with ID(x) = i are in someunstable
set (8x 2 SID(x) = i 9jx 2 U;) then all signatures will be computed and sert to
the samesener (steps 2-5in the segmem manager). At the signature serer side, all
thesesignaturesare insertedin ST; and counted { and i is addedto the Reusableset.
Further, in S$6-17 when the rst triple (i; s;Lx) is encourtered, all the statesin Lx
geti asnew ID.

3: The number of hashinsertand hashlD messagess limited by the total sizeof
the setsU;, i.e. by card (S).

4: For eadh / hashID : x;i. messagecard(In;) messagegthat is - card(S))
with the tag update are sert.

5: By induction on n. A

Theorem 3.7 (termination and correctnessof DSO) For any LTS (S;T;sp), DSOter-
minates and the IDdb" function computel is the sameas the IDf computed by SSQ

Proof: The properties (1), (2) from Lemma 3.6 ensure that the invariants from
Lemma 3.4 are alsotrue in the distributed implementation DSO. (3),(4) ensurethat
the computation within aniteration terminates. The global termination is justi ed by
the one-to-onemapping betweeniterations in the sequetial algorithm SSOand the
iterations in the distributed implementation DSO (5). From (5) and the correctness
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problem original minimized
states | transitions disk space | states | transitions number of
(in 108) (108) (MB) | (109) (108) | iterations
CCP 0.21 0.68 15 | 0.077 0.24 66
1394-LL 0.37 0.64 15 | 0.034 0.076 73
lift5 2.2 8.7 101 | 0.032 0.14 86
CCP-2p3t 7.8 59 678 1.0 6.6 94
token ring 19.9 132 1513 8.4 51.1 6
lift6 33.9 165 1898 0.12 0.65 91
1394-LE 44.8 387 4430 11 7.7 51

Figure 3.10: Problem sizes

of SSO (Theorem 3.5) it follows that the partition computed is indeed the correct
one. A

3.6 Experiments

To experiment with the distributed prototype implementations, we used an 8 node
dual CPU PC cluster and an SGI Origin 2000. The cluster nodes are dual AMD
Athlon MP 1600+ machines with 2G memory ead, running Linux and connected
by both Fast Ethernet (bandwidth 100Mb/s) and Gigabit Ethernet (1Gb/s). The
Origin 2000is a ccNUMA machine with 32 CPUs and 64G of memory running IRIX,
of which we used1-16 MIPS R10000processors.On the cluster, we used LAM/MPI
6.5.6 and on the SGI the native MPI implementation.

The casestudies The test set consistsof a variety of state spacesgeneratedby case
studies carried out recertly with the * CRL toolset and of the collection of anony-
mousLTSs VLTS (Very Large Transitions Systems)[CI]. The t CRL casestudiesare
mertioned below.

2 1394-LL [Lut97] is a model of the Link Layer of the FireWire high speedserial
data bus, usedto connectcomputers and peripheral devices.

2 1394-LE models the Leader Election protocol implemernted within FireWire.
The speci cation usedhereis instantiated with 17 nodesand is a variant of the
speci cation in [SZ99.

2 CCP-2p3t [PFHVO03] is a cache coherenceprotocol model for distributed Java
programs. We usethe instancewith 2 processesand 3 threads. CCP is an older
(and smaller) version of it.

2 ifts, lift6 [GPWO03] are models of a distributed systemfor lifting trucks with 5
and 6 legs.
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problem bcg_min SSN SSO
time mem | time mem | time mem
(s) | M) () | M) () | M)
CCP 15.0 18 | 21.3 20 4.5 18
1394-LL 18.5 19 6.2 14 3.3 21
lifts 113 184 64 123 43 214
CCP-2p3t 4363 968 779 | 1187

Figure 3.11: A comparisonof single threaded tools

2 tokenring is the model of a Token Ring leader election protocol for 4 stations *.
Problem sizesbefore and after reduction can be found in Figure 3.10.

3.6.1 A comparison of sequettial tools

First, in order to validate the use of the naive algorithm, we have compared the
memory usageand run times of our single threaded implementations with those of
the bcg_min reduction tool, which is part of the CADP toolset [FGK™* 96].

The test results can be found in Figure 3.11. Thesetests wererun on a PC running
Linux with dual AMD Athlon MP1600+ CPUs and 2G memory. The version of
bcg_min usedwas1.3. It is clearfrom this table that the performanceof our sequetial
tools is comparableto that of bcg_min. Hence,using the naive algorithm is feasible.

It is also clear that the marking strategy (used for the optimized algorithm) can
give spectacular gainsin time { seethe numbers for both cache coherenceprotocols.
The sequettial optimized implementation needsmore memory than the naive, since
it keepsboth the straight and the inverse transition systems. On the other hand,
the naive one consumesmore memory for the hashable { all signatureshave to be
inserted, while only some have to be consideredby the optimized implementation.
Therefore, we expect that the optimized algorithm will be less memory expensive
than the naive onewhenit comesto large examples. The distributed implemenrtation
con rms this idea.

3.6.2 Comparing the sequenial with the distributed implementation

In Figure 3.12, we shov how the performanceof the sequetial naive implementation
comparesto that of the distributed naive one with 16 workers on SGI, and how the
latter comparesto the performanceon the cluster.

3.6.3 The distributed implementation: scalability

For the tests in this subsectionwe usedthe PC cluster. The inputs were 26 case
studies from the VLTS bendmark suite. The selectioncriterion was no lessthan 10°

lthe original LOTOS model [GM97] was translated to * CRL by Judi Romijn and extended from
3 to 4 stations
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problem SSN DSN DSN DSO
SGI SGI (16) cluster (16) cluster (16)
time | mem | time mem | time mem | time | mem
(| M) ©) (M) (s) (M) (s | M)
lifts 64 123 33 460 20 480
CCP-2p3t 10480 | 1380 | 1249 5438 550 4430 104 | 1658
token ring 2505 | 4367 299 | 13416 120 | 10802 231 | 4508
lift6 15355 | 2652 | 1136 | 15372 702 5958 346 | 3834
1394-LE 12111 | 6566 | 1136 | 15372 555 | 15388 428 | 8737

Figure 3.12: A comparison of single threaded and distributed runs

transitions and small enoughto be reducedon a single node. All the valuespreseried
are averagedfrom 5 runs. The speedupwas computed from the real time (wall clock
time) spent on the reduction only. That is, the time spert on doing I/O operations
for reading the LTS and writing the result is not included. The problem sizeis the
number of transitions.

Time In Figure 3.13 we have plotted the reduction times for ead of the problems,
and their translation to speedupsrelativeto the distributed algorithm running on one
node (and one worker). This picture shaws clearly that for someproblems we obtain
good speedupsand for others, on the cortrary, we get a slow down. Many of the lines
in this pictures curve downwards. This meansthat the exciency decreasesomewhat
with the number of processorsdue to the increasingin°uence of communication.

Becausewe designedthe algorithm especially for large transition systems,we were
interested in how the problem size in°uences the speedup. First, we looked at the
speedup obtained by moving from a single CPU to a minimal distributed system. In
Figure 3.14, we show the speeduprelative to the program running on a single CPU
for three possibilities: a single dual CPU node, two single CPU nodes and two dual
CPU nodes. The considerableamourt of extra CPU power in the 2 node, 4 CPU
system seemsto have had an e®ect,but apart from that moving from a single CPU
to a minimal distributed systemdoesnot seemto have much of an advantage. Next,
we looked at the speedupwe got from moving from a minimal distributed systemto
larger distributed systems. In Figure 3.15, we show the speedupsachieved by using
4 and 8 nodesrelative to using 2 nodesfor both the single and dual CPU case.Even
though the lines are pretty erratic, it is possibleto seea tendency of the 4 node lines
to convergeto 2 and for the 8 node lines to convergeto 4. In the dual CPU plot it is
also very obvious that using too many CPUs hurts performance.

Finally, the last speedupsgraphswe shaw (Figure 3.16) relate the distributed algo-
rithm to the fastest seguential algorithm, thus conforming to the standard de nition
of the speedupfor parallel programs.
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Speedup relative to 1 node, 1 cpu.
5 T T T T ML | T T T T ML |

1 node, 2 cpus —+—
2 nodes, 2 cpus —--x---
2 nodes, 4 cpus ---*---

speedup

problem size

Figure 3.14: (DSN) Initial speedup

Memory We also made memory measuremets, in order to obsene the exciency of
the distribution and the scalability of the total memory usage. Figure 3.17 shows data
collected by measuringthe memory usageof eath worker for distributed runs with

2 and with 8 workers. To facilitate comparisonsand seethe scaling up, we divided
these values by the memory used by the distributed baserun, i.e. the distributed

implementation when run with one worker. For eat problem, the plots show the
minimum/average/maximum value thus obtained. We seein the "gure that when
2 workers are used, memory consumption per worker drops to approximately 0.6 of
the distributed baserun and when 8 are used,to approximately 0.2. Thus, the more
workers the lessmemory neededper worker. Note alsothat only for three problems
there is a substartial di®erencebetween minimum and maximum. This meansthat

the function we have usedto distribute states acrossworkers performs reasonably
well: in most casesthe workers needroughly the sameamount of memory.

In Figure 3.18we have plotted the total memory usageagainstthe number of work-
ers for small (- 10° transitions) and large (> 1P transitions) systemsrespectively.
Herethe memory is divided by the memory of the sequetial implemenrtation, in order
to also provide a distributed/sequential comparison. For small systemsthe memory
usageoften increasesquite rapidly with the number of workers, but for large problems
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Figure 3.15: (DSN) Additional speedup
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Speedup on cluster with 2 CPUs/node
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Figure 3.17: (DSN) Memory usage: distribution

the total memory usagedoesnot increasemuch. From thesepictures it is quite clear
that for most large problems the memory usageof the distributed tool is between 2
and 3 times as much as the memory usageof the sequetial tool. This is not un-
expected: at least two copiesof all the signatures must be kept (a local copy and
a global copy) and ID information is sert using bu®ers,whose size is linear in the
number of transitions.

3.6.4 Distributed naive vs. distributed optimized

Figure 3.12 shows a comparison of the naive and optimized distributed implemerta-
tions on the cluster, for a number of large LTSs. The numberslisted for the memory
usagerepresen the maximum total memory touched on all 8 workstations during a
run.

The runs indicate that the optimized implemertation outperforms the naive one
most of the time. The optimized is designedto perform better when the partition
re nement seriesneedsa large number of iterations to stabilize, yet very few blocks
split in every iteration. This is exactly the casefor the CCP state space. On the
other hand, for state spaceslike the Token Ring protocol, where almost all blocks
split in ewvery iteration, and the whole processendsin just a few rounds, the naive
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Figure 3.18: (DSN) Memory usage:scaling, small (up) and big LTSs (down)
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CCP-2p3t and ift6 runtimes CCP-2p3t and lift6 memory us
4000 T T T T T T T T T 8000 T T T T T T T T T
Cluster, CCP-2p3t 4»7 Cluster, CCP-2p3t 4»7
OPT\MIZEDO c\ sle CCP -2p3t - OPT\M\ZED c\ sle CCP-2p3t -
Suster, it6 —x. Sluster, 6 —x.
3500 [~ OPTIM\ZED Guster L lft6 @ 7000 OPTIMIZED cluster, lft6 & 7

3000 - 6000 - : e .

2500 |-

a
g
8
8

total memory used (MB)
S
8
8
8
o *
o *
¥
o *
o
. . .

2000

time(cluster)

1500 -

9
8
8
8

1000 | 2000

I
Xmem x SRR

1000

Figure 3.19: Runtimes and memory usagefor CCP-2p3t and for lift6

algorithm works faster, since it does not waste time on administration issues. In
all larger examplesthough, the memory gain is obvious { and for the bisimulation
reduction problem, memory is a more critical resourcethan time.

To test how the optimized distributed algorithm scales,we ran on the cluster series
of experimerts using 1-8 machines (2-16 processors).Figure 3.19 shaws the runtimes
(in seconds)neededto reducelift6 and CCP-2p3t. Sincelift6 is a real industrial case
study with serious memory requiremerts, it could not be run single threaded on a
cluster node or distributed on lessthan 3 nodes. We seethat for both distributed
implemenrtations and both casestudies preseried, the memory usagescaleswell, i.e.
the total memory neededon the cluster is almost constart, regardlessthe number of
machines used. Hence, more machines available will mean lessresourcesoccupied on
ead madine.

On runtimes howewer, the naive implementation scalesin a more predictable man-
ner, while the optimized times do not seemto scaleup asnicely. This is partly dueto
the nondeterminism presert in the optimized implementation { signaturescan arrive
at senersin any order, the order in°uences the new IDs assignmen to states, the
new IDs determine how many unstable states are there in the next iteration, thus
how much time will that iteration costetc. It is also due to the possibly unbalanced
distribution of signaturesto serners, which intro ducesunpredictable idle times. Last,
there is somelatency due to the MPI implementation. We compared (Figure 3.21)
the reduction of lift5 on the cluster with the reduction on a shared memory machine
that usesits native MPI implementation. It appearsthat the optimized algorithm
doesscalebetter on this other MPI.

After analyzing the behavior of the two algorithms on somespecial casestudies, we
turn to \anonymous" state spacesfrom the VLTS bendimark [CI]. Figure 3.20shows
the times and total memory usageof the optimized algorithm relative to those of the
naive algorithm. Unlik e the other measuremets presened, the times considerednow
aretotal, that is the I/O operations are included. The 25 state spacesn this selection
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Figure 3.21: (DSO) Runtimes for lift5 on SGI and on the cluster

are small to medium size(between0.06 and 12 million states, and between0.3 million
and 60 million transitions) and they get reduced modulo strong bisimulation in less
than 100 iterations. The stars mark the very small state spaces,i.e. those that are
reducedin lessthan 5 secondsby both algorithms.

We presen the state spacesordered by the number of iterations in which the
reduction procedurestabilizes. This is arelevant order only for the time performance,
not for the memory usage.

As apparert from the "gure, the relative time performance of the optimized algo-
rithm is indeedin®°uenced by the number of iterations and the sizeof the state space.
This is roughly because,comparedto the naive one, it spends(much) more time on
the initial setup - and this time pays badk only if the reduction processhas some
length. Note that for very short reductions, it can be almost 3 times slower than the
naive, but for lengthy onesit is usually much faster (up to 6 times faster).

Regardingthe memory usage ,we may notice that the optimized algorithm is indeed
almost always an improvemen. Exceptions are the small state spaceswherethe xed
sizebu®ersusedby the optimized are signi cantly larger than needed. This could be
“xed by using dynamic bu®ers.
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problem DSN DSN | DSN

cluster fast | cluster gbit SGI
1394-LE 1520 475 540
CCP-2p3t 1685 530 670

Figure 3.22: Network analysis

3.6.5 Hardware matters

The Fast Ethernet network connectionsworks at 100 Mbps. The Gigabit Ethernet
works at 1000Mbps. The performancedi®erencebetweenthesetwo networks can be
seenin Figure 3.22, where the reduction times on di®eren network connectionsare
shown { asexpected, the Gigabit Ethernet outperforms the Fast one.

During our experiments with the 6 leglift problem, we found that reducingthe LTS
is not the only problem. The ext3 'Te systemasimplemented in the Linux 2.4 kernels
is not suitable for reading/writing multiple large Tes in parallel. As a result, reading
the LTS from disk actually took more time than reducing it. For later experiments
we have used PVFS (Parallel Virtual File System[CLRTOQ]) instead of NFS. This is
a distributed Te system,which usesthe disks of multiple machinesto preseri a large
Te systemto the user. Per node the performanceof PVFS wasroughly equalto that
of NFS, but the performance of PVFS scaleslinearly with the number of nodes so
e®ectiely it was 8 times better.

3.7 Conclusions

We took a simple algorithm for strong bisimulation reduction and designedand im-
plemerted two distributed versionsof it: a straightforward one (3.2,3.3) and a more
elaborated and \optimized" one(3.4,3.5). The latter employs a marking technique for
incremertal computation of partitions and a setting where communication and com-
putation can proceedin parallel. Therefore the performanceis improved in memory
and in somecasesalsoin time.

We arguedthat, despite a poor worst-casetheoretical complexity, in practice both
distributed implementations have a decern speedup for large examplesand, more
importantly, the total memory consumeddoes not grow too much with the number
of machines used.

The conceptof signature re nement alsoworks for other equivalenceslike branch-
ing bisimulation (treated in the next chapter), weakbisimulation and ¢"a equivalence.
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Branding Bisimulation Reduction

In the previous chapter, a few sequetial and distributed algorithms were presened,
for reduction of large LTSs modulo strong bisimulation equivalence. The starting
point was the \naive method" of Kanellakis and Smolka [KS83]. In this chapter
we adapt that straightforward solution to another very useful equivalence, namely
branching bisimulation.

Related work The most commonly used algorithm for computing branching bisim-
ulation is the one of Groote and Vaandrager [GV90]. It is a very good algorithm,
but there are two reasonswhy one does not really want to useit for dewveloping a
distributed tool. First, the natural parallelism in the algorithm is very "ne grained,
which is a bad idea on a cluster, where the often large messagdatency leadsto un-
acceptableperformance. The secondreasonis that the Groote-Vaandrageralgorithm
works on LTSs that do not have cycles of silent steps. Cycle elimination requires
detection of strongly connectedcomponerts, which is a dixcult problem to solve dis-
tributedly , although sequetially the well known Tarjan algorithm [Tar72] solvesit in
linear time. That sequetial algorithm is basedon depth “rst seart traversal (DFS)
of the graph, an idea very ditcult to parallelize { it has been proved [Rei85 that
DFS is P-complete (seealso Section 2.2.6). The distributed algorithm that we now
proposedoesnot rely on the absenceof ¢, cycles,but we learn from sequettial studies
that it would perform better on a cycle-freeLTS. Therefore, it is interesting future
work to integrate an initial distributed cycle elimination phase(seealso Chapter 5)
and optimize the actual reduction algorithm for LTSs without ¢, cycles.

Kripk e structures are directed graphs with labeled states and unlabeled transi-
tions. Branching bisimulation on LTSsresenblesthe stuttering equivalenceon Kripk e
structures [BCG88] up to divergencesensitivity. Namely, stuttering equivalencedis-
tinguishes states where an in nite sequenceof invisible stepsis possiblefrom states
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wheresud a sequencas impossible,while branching bisimulation doesnot. Neverthe-
less,the stuttering equivalencealgorithm preseried by Browne, Clarke and Grumberg
[BCG88] resenbles ours in that it employs a similar partition re nement strategy.
Only the way in which the re nements are computed is di®erert: the Browne-Clarke-
Grumbergalgorithm calls for explicit computation of the transitiv e re°exive closureof
silent stepswhereasour algorithm avoids doing so. The naive algorithm that we have
chosenas starting point is a brute force approad to state spaceminimization that
employs the extensive resourcesof a cluster. Other approacdesto saving spaceand
time in the minimization processinclude exploiting the natural modular structure of
systems[BGO1].

Outline This chapter is organizedasfollows. Section 4.1 revisits somebasic notions
and givesthe signature re nement algorithm for computing branching bisimulation.
Section 4.2 provesit correct. The single threaded and distributed implementations
are commerted in Sections4.3, 4.4 and their performanceis discussedin Section4.5.
We draw conclusionsin Section 4.6.

4.1 Partition re nement basedon signatures computation

The de nitions of LTSs and branching bisimulation equivalence have been given in
Section 2.3.1. Note that the silent action ¢ is a menber of the set of labels Act. In
this section we "x somenotations, recall the theory behind the partition re nement
algorithm basedon signature computation (preserted and usedin the previous chap-
ter) and arguethat it is applicable to branching bisimulation aswell. We work with
a xed LTS (S;! ;sp) and we usethe following notations:

sif t short for (s;a;t) 2!
|2 the transitiv e re°exive closureof ?

iif R\ i® for any equivalencerelation R
ilg the transitiv e re°exive closureof jjf

Y= fBjji21gisapartition of S if

[
(8B2%:B6;)and B;=Sand(8B%B% v,:B%=B% B° B%®=:):

i21

A partition %2 is a re nement of a partition Y4if
(8B°2 9 (9B 2 ) B°u B :

The elemerts of a partition are referred to as blocks. By ¥{x) we denote the unique
block B of “asud that x 2 B. We alsoview a partition Yasa relation and abbreviate
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YAx) = Y(y) asx Yay. {, is then a particular caseof jlf and represers a sequenceof
0 or more ¢-stepswithin a block of ¥4

In Chapter 3 we de ned the notion of signature of a state w.r.t. a partition. We
basedour sequetial and distributed algorithms for strong bisimulation reduction on
this notion. Now we rede ne it, taking into accourt the silent stepsand the new
goal, which is characterizing and computing the branching bisimulation equivalence
classes.The signature of S w.r.t. a partition %of S is a function sig,,: S! 2Act 2%,

sig,(s) = f(a; 1) j 9s%: s §, s°if t~ (a6 ¢_ ¥s) 6 Yt))g

The signature re nement of %is a new partition, denoted sigref,,, where the states of
S having the samesignature w.r.t. Yare in the sameblock:

sig,(s9)gjs2 Sg

sigref, = ff s°2 S j sig,(s)

A partition Yiis stableif sigref, = Y4 The signature re nement algorithm iterativ ely
computes¥?*1 until the stable partition is reached.

v9 = fSg

il = sigref, @1

Forour LTS S~ (S;! ;sp), let $ 5 bethe largest branching bisimulation relation
on S, i.e. the onerelating most states and the union of all branching bisimulations.
Then the partition determinedby $ g

VB =ffs2Sjs$ 5 sgjs2 Sy

is the coarsest(has a minimal number of blocks) amongall partitions determined by
branching bisimulations. Thus, the LTS with the minimal number of states that is
branching bisimilar to S is

SB (B (B (s);a; B (t)jsiP th(s$S gt =:a6 ¢)g P (so)

Our goalis to compute $ ; and we claim that the simple signature re nement algo-
rithm above (4.1) does exactly that. Howewer, becauseof the complex in°uence of
the silent stepson the branching bisimulation relation, this is not trivial to prove.

4.2 Correctnessof the naive algorithm

We rst prove that the iterations of the algorithm (4.1) produce successie patrtition
re nements (Lemma 4.2). Then we shaw that throughout the algorithm branching
bisimilar states are kept together (Lemma 4.3) and that when the algorithm stops,
a branching bisimulation relation has beenreated (Lemma 4.4). Finally, in The-
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orem 4.5 we put these facts together and justify that (4.1) correctly computes the
minimal branching bisimulation.

Lemma4.l If sof¢sif¢s; andsg$ g sp thensy $ 5 s5.
Proof: Follows from the stuttering lemma in [GW96].
Lemma4.2 (8n, 0) ¥A*! is a re nement of ¥4 :

Proof: We prove this claim by induction on n. The induction basisis immediate:
any partition is a re nement of ¥#, soin particular ¥4 is. As induction hypothesis
supposethat for all i < n, ¥*! is a re nement of ¥4. This guararteesthat for any
statesx andy and any i, j sucdhthat i <j - n:

if Y4(x) 6 Y4(y) then ¥4 (x) 6 Y4 (y) (4.2)
it ¥4(x) = ¥ (y) then YA(x) = Yi(y) (4.3)
if X ii}j y then x u}; y (4.4)

To shaw that ¥2*! is a re nement of ¥%', we proceedby supposing that this is not
the caseand deriving a cortradiction. If ¥4*! is not a re nement of ¥4 then there
exist two statess, t for which ¥4 (s) 6 4 (t) and ¥8*1 (s) = ¥#*1 (t): Then

Sig,, (8) = sig, (t) (4-5)

From the induction hypothesisand the fact that ¥£(s) = ¥#(t) it follows that there
is a partition ¥4 (k < n) suc that

(8 :0- j - k)¥i(s)= ¥(t) and (8 : k<] - n)¥i(s) & ¥(t)

So, sig (s) 6 sig, (t). Without loss of generality, there exists a pair (a;B) with
a6 ¢ or B 6 Y4(s) suc that

(a;B) 2 sig, (s) (4.6)
(a;B) B sig (1) 4.7)

(4.6) translates to (9s; ¢0¢sq 2 S;9x 2 B 2 %) s iilj'k Sy w ¢¢¢“Jﬁ Sq i X. When
we turn to partition ¥4, there are two situations possible:

2 51 C¢¢sy are all in ¥4'(s). Let usthen further distinguish two cases:

{ a6 ¢. Then it is clear that (a;%4 (X)) 2 sig, (S) and, according to (4.5),
(a; Y2 (X)) 2 sig, (t). This meansthat there is a state y with Y4 (y) = Y4 (x)
and a state t®2 Y2 (t) suc that t jif t°{® y. With (4.4) and (4.3), it
follows that t ji% t°if y and ¥A(y) = ¥4(x) = B, thus (a;B) 2 sig, (1),
which cortradicts (4.7).
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{ a= ¢ and B = ¥ (x) 8 ¥(s). Then, accordingto (4.2), ¥4 (x) 6 ¥4 (s).
Therefore, (¢; Y2 (X)) 2 sig,, (S) and, becauseof (4.5), (¢; Y4 (X)) 2 sig,, (t).
Consequetly, ¥ (t) 6 ¥ (x) and there is a state y with Y2 (y) = Y& (x)
and a state t°2 ¥4 (t) such that t jif, t°# y. Note that ¥4 (y) = ¥4(x) 6
Yk (s) = ¥K(t). It immediately follows that (¢;B) 2 sig (t), cortradicting
(4.7).

2 Someof the states s;; ¢¢¢; sq are not in ¥4 (s). Let x bethe rst of these. Then
Sih siinh COCif s ¥ x2zVA(s) (s sorl- r<aq);

therefore (¢; Y2 (X)) 2 sig,, (s) and thus (4.5) (¢; Y8 (X)) 2 sig,, (t) aswell. This
meansthat ¥4 (x) 6 Y#(t) and there is a state t° 2 ¥4 (t) and a state y with
YA (y) = Y& (x) for which t % t0§ y. This path exists alsoin Y& (4.4):

tifh 0 y (4.8)

and moreover Y& (y) = YK(x) = Y4(s) = Y4(t) (4.3). Becausek < n, ¥+ (x) =
Y&+l (y) and thus sig, (y) = sig, (x). Since obviously (a;B) 2 sig (x), it
follows that (a;B) 2 sig, (y) and with (4.8), we obtain (a;B) 2 sig, (t), con-
tradicting (4.7). A

The following lemma states that re ning a partition where branching bisimilar
statesare in the sameblock resultsin a partition where branching bisimilar statesare
still in the sameblock. (Note that saying that ¥# is a re nement of Yis equivalert
to saying that branching bisimilar states are in the sameblock of ¥4)

Lemma 4.3 For any partition ¥4 if ¥# is a re nement of Ysthen Y% is a re nement
of sigref,.

Proof: We must show that for any s, to suc that sy ¥2 to, o sigref,, to holds. This
meansthat we have to show that sig,(so) = sig,(to), given that sy Yaty. Due to
symmetry it suxcesto show that sig,(So) 1 Sig,(to).

For (a;B) 2 sig,(so), we can nd a path s i, s1 i5, ¢¢s, | s, such that
Y{s) = B and (a6 ¢ _YAsp) 6 Y{s)). We construct a corresponding path starting
from to: givent; sud that t; ¥ s; andi < n, we de ne tj,; by distinguishing two
cases:

i If sizqy Y8 si then let tjy1 = t;. Then siyq Y8 tiy andt; ﬂf’A tivg -
i  Otherwise, due to bisimulation and the stuttering lemma we can nd tj.;
such that t; ujp t i tiw andsiyg Y® ti.g . Sofor somet?, we havet; iu}B O tisg.

Therefore, t° Y8 t; Y8 s; Yasiy1 Y8 ti. . BecauseY® is a re nement of ¥4 we
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can concludethat t? %t;+1 . Thus, we have that t? i ti.1. Again because’/® is a
re nement of ¥; we have that t; aj; tio, sowe have t; 354 tiv1 -

If ¥{sSo) 6 ¥4s) then ¥& (s,) 6 Y& (s), because/{sy) = ¥{s,) and ¥# is are nement
of ¥4 Sowehavea 6 ¢_YF (so) 6 ¥ (s). Wealsoknow that s, ¥# t,, soby de nition
of branching bisimulation and the stuttering lemmathere existst sud that t, “1}}5 i® ot
and s ¥# t. As ¥ is arenement of % it follows that t, # i* t ands%t. In turn
this implies to #, i t, which meansthat (a;B) 2 sig,(to). A

Finally, we needto establishthat a stable partition is a branching bisimulation.
Lemma4.4 If Y%is a stablepartition then Y4is a branching bisimulation.

Proof: Givens Yt ands i# s% if a = ¢ and s ¥ s® then s? ¥4 t% Otherwise
(a;%4sY) 2 sig,(s). Becausethe partition is stable, sig,(s) = sig,(t). Sofor somet®
we havet #, ti® t%with s°%t%and s vat®, A

From thesethree lemmas, the correctnessof the partition re nement algorithm for
‘nite LTSs follows easily:

Theorem 4.5 Given a nite LTS the following program computes¥® in ¥

Ya:= fSg
repeat
W= Y,
Ya:= sigref,
until Y= ¥4

Proof: After the n" iteration of the loop, the variable “cortains ¥4'. If the loop exits
after n iterations then the partition %is stable. Due to Lemma 4.4 the resulting %
is a branching bisimulation. Due to Lemma 4.3 it must be ¥ . From Lemma 4.2 we
get that sigref, is a re nement of % This meansthat if sigref, is not the sameas %
then sigref, cortains more blocks than ¥z As the number of blocks is limited by the
number of states, termination of the loop is guaranteed. A

4.3 Sequettial branching bisimulation minimization

We now describe a single threaded implementation (depicted in Figure 4.1) of the
algorithm outlined in (4.1) and proved correctin Theorem4.5. To represen partitions
we assigna unigue (integer) identi er to ead block and then represen the partition as
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1 for s2 SdoID[s] := 0 enddo

2 do

3 /* compute signatures */

4 for s2 S do sig[s] := ; enddo

5 for all transitions (s;a;t) do

6 if a6 ¢ _ ID[s] 6 ID[t] then insert (s;a;ID[t]) —
7 enddo

8 /* reassign ID according to sig */

9 HashTable = ;

10 count := 0

11 for s2 S do

12 if sig[s] 2 Keys(HashTable)

13 then hash.insert (HashTable sig[s]; count)

14 count := count + 1

15 -

16 enddo

17 for s2 S do ID[s] := lookup (HashTable sig[s]) enddo

18 enddountil ID is stable

insert (t; a;id):
if (a;id) 2 sig[t])
then
sig[t] = sig[t][ f(a;id)g
for all s such that s t~ ID[s] = ID[t] do
insert (s;a;id)
enddo

[y

N o o b~ w N

Figure 4.1: (SBN) Single threaded naive branching bisimulation minimization

an array of block identi ers, which is indexedby states. Thus, the initial partition can
be represerted as an array of zeros. The de nition of signature considerstransitions
of all statesreacable by ¢-stepswithin blocks. Explicitly computing setsof reachable
states should be avoided becausethis would require too much time and memory. So
instead of starting at a state and searding the reachable states for information, we
start with the information and propagateit badk alongthe ¢-stepswithin blocks using
a badckward depth rst traversal. Once all signatures have been computed, unique
identi ers are assignedto signatures and from theseidenti ers the next partition is
built. Basedon the number of identi ers, we can decideif the partition is stable and
iterate if necessary

4.3.1 Commerts on complexity

For an LTS with N statesand M transitions, the worst casecomplexity of our algo-
rithm is O(N ?M) time and O(N M) space. This is much worsethan the O(N (N + M))
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reduce()
1 for s2 S parallel do ID[s] := 0 enddo
2 do
3 for s2 S parallel do

4 sig[s] := f(a;ID[t]) jsi® t~ (a6 ¢ _ID[s] 6 ID[t])g
5 pred[s] := ftjt i s~ ID[s] = ID[t]g

6 enddo -

7 new := sig

8 do

9 for s2 S parallel do nextnew[s] := ; enddo

10 for s2 S parallel do

11 for t 2 pred[s] do

12 nextnew[t] := nextnew[t] [ (new][s] nsig[t])
13 siglt] = sig[t][ new[s] -
14 enddo -

15 enddo

16 new := nextnew

17 enddountil 8s: new[s] = ;
18 reassign ID accordingto sig
19 enddountil ID is stable

Figure 4.2: (DBN)Distributed branching bisimulation minimization

time and O(N + M) spacecomplexity of the Groote-Vaandrageralgorithm. However,
we expect that for typical state spaces(Section 2.3.3) both algorithms perform prac-
tically in O(log(N)(N + M)) time and O(N + M) space. Next we will analyze the
complexity of an example near to the worst case.

Example 4.6 Given a natural number N, consider the LTS with states
1;1%2;29¢¢¢; N; N O, transitions i j® i% i+ 1§ i, 1§ N, (i + 1)°{ i°and initial
state N. The signaturesfor this LTS are

sigy (i)
sig/x (19
sig ((i + 1)9)

f (a;¥6(19); ¢6¢; (a; YA (N9) g

f (b4 (199
and the partitions are

v9 ff 1;1%2; 2°¢¢¢; N; N %g
vk = ff 1%; ¢e¢; kO f(k + 1)% ¢ee; N %; f 1; ¢¢¢; N gg

This means that N + 1 iterations are needed to getto a stablere nement of ¥. The
cost of computing the signature of i%is constant in each iteration becausethe signature
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new {(b,0)} new {(a,0)} new {(a,0)} new {(b,0)} new {} new {}
sig {(b,0)} ¢ sig {(a,0)} sig {(bYO),(aYOI)} sig {(a,0),(b,0)} sig {(bYO)y(a,Ot)} sig {(a,0),(b,0)}
= Ve =
° ° ° ° ° °
~_______=Z N~ s~—~________=
DN 7 AR 4
° ° °
new {} new {} new {}
sig {} sig {} sig {}

Figure 4.3: Computation of signatures

sizeis constant. However, the cost of computing the signature of i in the k™ linearly
grows with k becausethe size of the signature is k. As we haveN signatures of each
kind, we get time complexity O(N 3) and space complexity O(N ?).

4.4 Distributed branching bisimulation minimization

For details about data distribution and computation of partitions from signatures,we
refer to the rst part of Chapter 3. We recall that the states are divided among a set
of workers and we may apply the function worker to a state to get the worker which
owns the state.

Let us now seehow a distributed version of the algorithm can be implemerted.
The single threaded algorithm usessequetial depth rst traversal for propagating
signature information. As the order of signature propagation is irrelevant, we chose
breadth "rst propagation for the distributed algorithm in Figure 4.2. In order to
presen the global picture in a clear way, we write it as a shared memory algorithm
and abstract away the actual location of data. Each worker storesthe parts of the
arrays corresponding to its owned states. This meansthat the underlined references
to arrays are potentially remote references. There are remote referencesto three
arrays: ID, newsig and sig . In our distributed implementation remote referencesto
ID are madelocal by copying the relevant parts of ID. That is, every worker keepsnot
only the ID data for its owned states, but also for the successorstates of its owned
states. Remote accessto newsig and sig is solved in a di®erert way. Instead of
letting the owner of the newarray perform the assignmens, we let the owner of the
newarray senda messageontaining s, t, and new|[s] to the owner of the newsig and
sig arrays. Upon receiving such a messagehe owner of the newsig and sig arrays
will perform the assignmeits. This is correct becausethe order of the assignmeits to
nextnew and sig doesnot matter aslong as they are atomic (no other assignmeits
carried out in between).

Messagepassingreplacemerts for lines 3-6 and 10-150f the code in Figure 4.2 can
be found in Figures 4.4 and 4.?, respectively. The replacemens consist of multiple
threads which are separatedby . In Figure 4.4, the initialization of sig is donebefore
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1 for t 2 S parallel do sig[t] := ; enddo
2 for t 2 S parallel do
for s;a such that s i t do
SEND / pi: s;a;t; ID[t] . TO worker(s)
enddo
?nddo

while RECEIVE [/ pi: s;a;t;id. do
ID[t] := id

10 if a= ¢ and ID[s] = ID[t]

11 then

12 SEND / pred: t;s . TO worker(t)

13 else

14 sig[s] := sig[s][ f(a;id)g

15 N

16 Fnddo

17

18 while RECEIVE [/ pred: t;s. do

19 predt] := predt][ fsg

20 enddo

© 0 N o U b~ W

Figure 4.4: Messagepassingreplacemen for lines 3-6 of DBN

starting the parallel threads. The receivwe statemert blocks until there is a message
returning true or until there are no further messagesn the system and no further
sendscan be initiated in which casethey return false. For performancereasonsthe
actual implementation bu®ersa few KB worth of small messagedefore sending.

In Figure 4.3 we have illustrated the processof signature computation. When the
computation starts every state is in partition 0. Initially , the signature sets cortain
the (transition, id) pairs which are possiblein every state and the new setsare set to
the samevalue. In ewery iteration, the new setsare forwarded along the inverseof the
invisible ¢-steps,addedto the signature setsand the new elemerts are added to the
new sets. Sofor examplein the rst iteration (b,0) is sert alongthe top edge,inserted
in the signature of the right state and becauseit is newit is alsoput into new. In the
seconditeration it is sert along the bottom ¢-edgeand inserted, but becauseit was
already presen it is not addedto new. This forwarding continuesuntil the new sets
are empty.

We have omitted the code for reassigningID according to sig, becausethe dis-
tributed assignmem works the sameas the single threaded, with the exception that
hashable lookups are performed by meansof messagepassingrather than by means
of memory access.
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1 for t 2 S parallel do

2 for s 2 predt] do

3 for all(a;id) 2 new[t] do

4 SEND / new: s;a;id . TO worker(s)
5 enddo

6 enddo

7 gnddo

8

9 while RECEIVE / new: s;a;id. do

10 if (a;id) 2 sig[s]

11 then

12 sig[s] := sig[s][ f(a;id)g

13 nextnew[s] := nextnew[s][ f(a;id)g
14

15 enddo

Figure 4.5: Messagepassingcode for lines 10-150f DBN

4.5 Experiments

Wehave built prototypeimplementations of both sequetial and distributed branching
bisimulation minimization algorithms. The distributed implementation usesMPI for
communication. The tests were made on a cluster of 8 dual AMD Athlon MP1600+
machines with 2G memory ead, running Linux and connectedby Gigabit Ethernet.

The examplesusedare the state spaceof the FireWire Link Layer protocol [Lut97]
(1394-LL), the FireWire Leader Election protocol [SZ99 with 14 nodes(1394-LE), a
cacdhe coherenceprotocol [PFHV03] (CCP-2p3t ), and a distributed lift systemwith
5 and 6 legs [GPWO03] (lift5, lift6). SeeSection 3.6 for a short description of these
casestudies.

4.5.1 Single-threadedimplementations

In order to investigate possibilities, we have implemented four variants of the branch-
ing bisimulation reduction schemebasedon signatures. They are shovedin Figure 4.6,
all under the samename SBN. The variant called cycle eliminates the ¢ cyclesbe-
fore starting the iterations series,while dfs and iter do not. Further, iter computes
the signatures by performing propagation sub-iterations, as done in the distributed
implemenrtation. Finally, mark employs a marking procedure that proved helpful in
the strong bisimulation reduction case(see Section 3.4). Its basicidea is to restrict
the signature recomputation e®ort of an iteration to those signaturesthat changed
for sure.

Figure 4.6 displays the total run times (read, reduction and write) of these im-
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problem size | bcg-min SBN SBN SBN SBN | number of

1.4 cycle dfs iter mark iterations
states time time time time time
transitions mem mem mem mem mem

1394-LL 0.37 10° 2.27s 0.98s 0.97s 2.5s 1.16s 6
0.68 106 2.2M 2.8M 3.5M 3.5M 4M

lift5 2.2 10° 2m42s 1m18s 1m20s | 9m03s | 2m30s 16
8.7 10° 174M 108M 152M 116M 410M

1394-LE 2.510° 1m18s 1mlls 1m08s | 1m25s | 1ml4s 2
17.6 106 316M 220M 411M 220M 340M

CCP-2p3t 7.8 10° 19m26s | 22m50s | 62m52s - - 46

59 106 1051M 736M 968M

Figure 4.6: A comparisonof sequetial implementations.

plementations and the maximum amount of memory occupied. To show that our
signature re nement schemeis comparableto the block basedre nement scheme,we
include bcg_min (the reduction tool belongingto the CADP toolset; it implemernts the
Groote-Vaandrager algorithm [GV9Q]) in this brief comparison. For the CCP-2p3t
example,the iter implemertation takestoo much time and mark runs out of memory.
The reasonfor the iter implementation taking too much time was diagnosedas an
inexcient implementation of one sub-routine. Thus, we could avoid making the same
mistake in the distributed implementation. We stopped the single threaded tool after
more than 24 hours, with only half the job completed. The distributed tool completes
the task in roughly 12 minutes on 16 processors.

The “rst conclusionof this sequettial study is that the signature basedreduction
algorithm works for branching bisimulation. The cycle elimination seemsto be an
advantage (cycle vs. dfs), therefore it might be interesting to useit alsoin the dis-
tributed version. From the performancedata of iter it is clearthat there is no serious
exciency loss by using medchanisms speci ¢ to a distributed implementation. The
marking procedure does not deliver spectacular improvemerts, in fact no improve-
ments at all. The explanation is that this procedure is e+cient in the iterations
when few changeshappen { typically towards the end of the reduction process. But
the branching bisimulation algorithm usually stabilizes in a rather small number of
iterations, therefore the administrativ e penalties paid in the rst iterations are not
regained later. (1394-LL, for instance, stabilizesin 73 iterations for strong and in 6
for branching; lift5 in 86 for strong, 16 for branching; 1394-LE in 51 for strong and
only 2 for branching.)

4.5.2 Distributed implementation

Figure 4.7 shawns the times and memory usageof the distributed prototype DBN when
run on 4,5,6,7and 8 workstations (with the input lifté, that cannot be reducedon less
than 4 machines). For comparison,we alsoshaw the speedupof the similar distributed
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1ift6 runtimes lifte memory use
10000

DSN —+—
DBN —-x---
DBN with BFS sorted input ---x 9000

2000 4 8000 |
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5000 |
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time(s)

4000 |-
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1000 3000 |
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1000 -
500 -
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number of CPUs (there are 2 CPUs/node) number of CPUs

Figure 4.7: Time and memory usagefor the reduction of lift6 (34 million states, 165
million transitions)

tool developed for strong bisimulation reduction, DSN (Chapter 3). DBN's memory
needsgrow slowly from 7232Mfor 8 processordo 7656M for 16 processorswhile DSN
used5752M (8 processorsiup to 5958M (16). This shaws that the memory usageper
worker decreasesalmost linearly with the number of workers.

As mertioned in the previous subsection, the stable partition with respect to
branching bisimulation is most of the time reaced in (a lot) lessiterations than
the stable partition with respect to strong bisimulation. This explains why, although
a DBN iteration takeslongerthan a DSN one, DBN needson the whole lesstime. As
regard to memory usage,DBN is in all casesmore expensive than DSN. This is due to
two factors. Firstly, the signaturesfor the branching bisimulation caseare in general
larger, sincethe signaturesof a state x must include the signaturesof all statesreac-
able by silernt steps. And secondly our current implementation is a ‘rst prototype,
not yet optimized for memory usage. We expect that a more careful implementation
will visibly reducethis di®erence.

A more interesting comparison is between the run times of DBN for random and
for sorted input. (Random meaning a copy without caring about the order and
sorted meanssorted into the sameBFS order written by our distributed state space
generation tool.) The data indicates a much better performancein the casewhen
the distribution of the statesto the workersis done on BFS order. This meansthat
we should investigate whether other orders exist, which can easily be computed and
show even better performance.

Finally, in Figure 4.8 we show a speedupgraph obtained by dividing the runtimes of
SBN-cycle (the bestsequettial algorithm) to the runtimes of DBN on 1, 4 and 8 nodes
(i.e., 2,8and 16 CPUs). The wild shape of this graph is due rst of all to the fact that
the sequetial and the distributed algorithms comparedare fundamentally di®eren:
the sequetial eliminates the cyclesof internal steps, while DBN incorporates them.
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Figure 4.8: Speedupof DBN

For most casestudies eliminating the cyclesis a good idea, as sustained also by the
quite small speedup or even slovdown exhibit by DBN on a number of casestudies.
But there are also caseswhen DBN's approac works better.

4.6 Conclusions

The work presened here cortinuesthe seriesof distributed minimization algorithms

from Chapter 3. In this chapter we consideredbranching bisimulation as reduction

relation and we dewveloped a signature based partition re nement algorithm for it,

that works on LTSs with cyclesof invisible steps. We proved its correctness,briey

described its implementation and shoved by someexperimental results that it scales
up reasonablyboth in time and memory usage.
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DetectingStronglyConnectedCompnerns

A strongly connectedcomponert (SCC) of a directed graph is a maximal subgraphin

which every vertex is reachable from every other vertex. The problem of decomposing
a graph into SCCsis a well known and studied one and hasan elegan solution, linear
in the input size, basedon depth rst seard [Tar72]. The SCC detection problem
has applications in many di®erert areas, from data mining to sciertic computing
to computer-aided designand model chedking. Our motivation to study it comes,as
expected, from veri cation by enumerative model chedking and our graphs of interest
are state spaces. The SCC detection occurs in sewral stagesof this veri cation

process. For instance, the algorithms for branching bisimulation reduction usually
employ a preprocessingstep in which the cyclesof invisible steps(¢s) are eliminated.
In other words, the SCCsof the ¢-subgraph are detected and collapsed. Another use
of SCC detection is in LTL model cheking: "nding counterexamples means nding

cyclesreadchable from the root state that contain somespecial accepting states.

In this chapter we investigatedistributed messageassingsolutionsfor the detection
of SCCs. We describe a collection of heuristics that explorethe characteristic features
of state spaces,especially the small depth and diameter. (Seealso the discussionin
section 2.3.) We state the SCC problem and presern the solution in the context of
unlabeled graphs (transition systems). The algorithms can immediately be applied
to deal with labeled graphsin which only SCCswith a certain label must be found {
for instance, the ¢-cyclesin the caseof state spaces.

Related work The sequettial very e+cient algorithm of Tarjan [Tar72] essetially
usesdepth rst seart and is not likely to have an excient parallel implemenrtation
[Rei85. Therefore,to solve the problem in a parallel/distributed setting, other meth-
ods have been explored. For instance, an NC algorithm for "nding SCCsthat uses
matrix multiplication is proposedin [GM88] and improved in [CV89]. A more in-
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teresting approac for our application domain is taken in [FHPOO] and [MIHPRO1],
where a divide-and-conqueralgorithm is described, analyzedand implemented. How-
ever, that algorithm is aimed at another type of graph: typically much smaller than
our state spacesand with high outgoing degrees. The essetial obsenation is that
the SCC of any state x is exactly the intersection of its successor&nd predecessors
sets. Our coloring transformation (Section 5.3.6) also usesthis idea, but instead of
picking a pivot state and splitting the graph in three independert (no crossingSCCs)
parts, we use a set of prioritized colors and split the graph in many parts at once.
This rather brute force approad exhibits more parallelism and it works quite well in
practice. The trimming step usedin [MIHPRO1] is similar to our detection of atomic
componerts.

In the veri cation world, the problem of detecting SCCsin a distributed graph has
sofar received attention only in the context of (on-the-°y) LTL/CTL model cheking
[BCKPO1, BBC03, CP03]. Like in our approad, in [BBCO3] the DFS traversal is
abandonedin favor of BFS. The algorithm proposedin [CPO3] is inspired by a
symbolic algorithm and it also contains a phasewhere atomic SCCs are eliminated.
We encourtered the SCC problem when building a distributed tool for branching
bisimulation reduction (Chapter 4) and therefore we focus on this application.

A related problem is that of detecting connectedcomponerts in undirected graphs,
to which also parallel [HMBO01] and distributed [BT01] solutions exist. Sincea SCC
is alsoa CC in the underlying undirected graph, these algorithms could be useful as
a rst stepin detecting SCCs. But not for our application domain, sincestate spaces
are always connectedgraphs.

Outline Section 5.1 intro ducesthe main de nitions, motivation and the SCC detec-
tion problem from the veri cation point of view. Our graph transformation routines
are described brie°y in Section 5.2 and in more detail in Section5.3. In Section5.4
three SCC reduction algorithms using the transformations are described. Then, in
Section 5.5, someexperiments with the three algorithms are presened. Conclusions
are summarizedin Section5.6.

5.1 Preliminaries

Until now, we consideredLTSs as represertation of state spaces.But for the appli-
cations that we are targeting in this chapter, the SCC labels actually do not matter,
therefore we will work with unlabeled state spaces(S; T), whereS is, likein an LTS,
a set of statesand T is a binary relation on S. When T is understood, we will use
the notation p! qfor (p;q) 2 T and p:q for the re°exive transitiv e closureof T. We
alsointro duce the following notations:

T" the re°exive transitiv e closure of a binary relation T

Til the binary relation inverseto T
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The incoming degree of a state is the number of transitions that endin that state.
Conversely the outgoing degree of a state is the number of transitions originating in
that state.

5.1.1 SCC detection asveri cation problem

Our intended use of the SCC detection algorithm is as preprocessingstep for two
veri cation algorithms: branching bisimulation reduction/equivalenceand LTL model
cheding.

The preprocessingphasein the branching bisimulation algorithm consistsof merging
the states that can reach ead other on invisible paths, since they have the same
(branching bisimilar) behavior. In other words, it consistsin collapsingthe SCCsin
the graph obtained from the original state spaceby ignoring the visible transitions.
Although obsenations on sequettial implementations show that the preprocessing
phaseis a big advantage, the distributed algorithm in Chapter 4 avoided using it
becausea distributed cycle elimination algorithm that canhandle very large instances
seemedo be adixcult and challenging problem in itself. This is our main motivation
to study the SCC problem.

For the LTL model checking algorithm the interesting information is whether a
given state belongsto a cycle, no matter what labels that cycle might contain. In
this casea useful preprocessingstep is to detect the SCCsof the graph obtained from
the original state spaceby ignoring the labels and to mark all the states situated on
a cycle. This procedure consistsof computing scg then performing an extra test for
self-loops.

Both applications are instancesof:

The SCC detection problem. Given an unlabeled state space(S;T),
‘nd a represetiativ e function scc: S! S sud that 8x;y : scqx) =
scqy) i® (x;y) 2 T°\ T=i 1,

5.1.2 Sequertial SCC detection

The classicalapproac to the detection of strongly connectedcomponerts is the Tarjan
algorithm [Tar72], that is basedon depth- rst traversal and solves the problem in
linear time. We presert a versionof this algorithm, explainedand justi ed in [AHU83].
The input is a state spaceS = (S; T).

SCCTarjanS):

2 Perform a depth rst seard traversal of S and compute the nishing times of
all states. This is done by successiely calling the DFS routine below for a not
yet visited state until all states have beenvisited. The "nishing time of x is
the momen when the x and all its successordiave beenvisited. The clock | is
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initialized at 0 and increasedwith every new state visited.

DFS(x) :
mark x as visited
for ead transition (x;y) do
if y unmarked then DFS(y)
“nish _time[x] = |
I =1+1

2 Construct the reversestate spaceSi * = (S;Ti 1).

2 perform a depth st seart traversal of Si ! starting from the state with the
highest "nishing time. While there still are unvisited states, call a new DFS
procedurestarting in the remaining state with the highest nishing time.

2 Each DFS tree resulted in the secondtraversalis a strongly connectedcompo-
nert of S.

The correctnessof this algorithm, proved in [AHU83], relies on the key obsenation
that all the states of a strongly connectedcomponert are cortained in the sameDFS
tree. But DFS is a typical dixcult-to-parallelize-excien tly algorithm [Rei85. In the
remainder of this chapter we proposea solution consisting of somelocal and global
transformations on the distributed graph, that are lesstime-expensive than a direct
distributed implementation of the Tarjan algorithm.

5.1.3 Distribution of the state space

In the rest of the exposition we will talk about a "xed state spaceS and we assume
a distribution of S on W madhines:

S=Sp[ ¢¢[ Sw;,and8i 6 :S\ § =;:
T= [ Tj, whereTj = f(x;y)2Tjx2S andy2 Sjg
0- ij <W
The macdhine (or: processor,worker) i ownsthe states S; and the transitions (8j)Tj; .
The state spacesare produced in this format by the distributed generation tool
[BLLO3] from the ! CRL toolset. We also assumea globally known hash function
worker : S| fO¢e¢W | 1g that indicates to which worker every state belongs. In
our implemertations the statesare identi ed by pairs (worker, o®set),thus the worker
function is just a projection.
We call transitions that crossworker boundaries(i.e. in T; with i 6 j) crosstran-

sitions. The performanceof most algorithms on distributed state spacess in°uenced
by the number of crosstransitions. Ideally, we would like to have the state space
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distributed in such a way that the number of crosstransitions is (much) smaller than
that of inside transitions (in T;i ), while the number of states owned by di®erern work-
ersis almost the same(for all i; j, smallj S; i S; j). Finding sud a distribution is a
dixcult problem, therefore in reality we work with a random balanced distribution,
that ensuresabout the samenumber of statesto every worker but does not try to
optimize the number of crosstransitions.

5.2 Graph transformations

5.2.1 Identify atomic componerts

Usually, a state spacewill contain a lot of statesthat do not connectvia cycleswith
any other state. That is, they are SCCson their own. We call these states atomic
SCCsand we describe now a simple procedureto discover someof them. We start
by the states with incoming degreeQ. They are for sure atomic componerts, since
otherwise the state would be reachable from other states. This also meansthat their
outgoing transitions are not internal to a componert, and thereforetheir presencedoes
not changethe SCC structure of the graph. Thus, we may remaove the states without
incoming transitions, together with all their outgoing transitions. This step can be
repeated until all states have at least one incoming transition. Sinceat every step we
only have to look at the stateswith no incoming transitions and their successorsthis
procedureis quite cheap (one BF pass)and allows for much parallelism. Section5.3.3
preserts it in more detail.

5.2.2 Partial SCC detection

The very ezxcient (linear) Tarjan DFS algorithm (Section 5.1.2) can be exploited
in a distributed ernvironment as well, in sewral ways. One possibility is to let it
perform on the local subgraph (S;; T;i ) of eath processor,in orderto nd and collapse
the local componerts. For ead componert, one of the states, say X, is chosenas
represenativ e and all the others (y) areidenti ed with it by meansof the sccfunction:
scdy) := x. Then all transitions in the global graph have to be renamedfrom (x;y)
to (scqx); scqy)).

The other extreme application of SCCTarjanon a distributed state spaceis to send
the whole graph to one managerworker that will then compute its SCCsusing the
sequetial algorithm and send badk the correct values of scc This is of courseonly
possiblewhen the global graph is { or hasbecome,by meansof other transformations
{ suxciently small.

A good idea for when the global graph is not small enough and the elimination
of local componerts does not shrink it substartially, is an intermediate approacd:
apply the collapse-global-compnerts transformation on disjoint subsetsof workers,
in parallel. This way, the managersget a smaller global graph (sometimes,this makes
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the di®erencebetween not-feasible and feasible). Moreover, the chance of "nding
componerts is higher than when collapsing locally. By repeatedly collapsing SCCs
on random small sets of workers, we hopefully arrive at a global graph that is small
enoughto be further reduced on one worker. This procedureis discussedin more
detail in Section5.3.4.

5.2.3 Coloring

By a certain coloring of the states of the graph, a partition of the set of states can be
adhieved, sudh that if x and y are in the sameSCC then x and y have the samecolor.
This splits the SCC problem in smaller disjoint instances.

The coloring procedure starts with a color function ¢ : S ! N satisfying the

property
8x;y2 S if ¢(x) = c(y) then (x;y) 2 T\ T°i ! (safety)

If there is no a priori information available that allows the fast construction of such
a ¢, we can choosethe identit y function, which trivially satis es the condition. We
assumean order on the colors, <. The coloring procedure consistsin successiely
modifying ¢ until no modi cation is possible anymore. At eadh modi cation step,
every state x passesits color to every successory for which c¢(x) < c(y). When
the coloring is done, the transitions having their sourcecolored di®ererly than their
destination are de nitely betweencomponerts (seeSection5.3.6for the justi cation)
and, consequetly, they get removed. The result is a set of disconnectedand smaller
state spaces,ead of them uniformly colored. Note alsothat every small state space
has one or more special states that kept their initial color { let us call them roots.

We can now focus on solving separately the subproblems determined by colors.
The nal scc mapping is simply the union of the scc sub-mappings thus resulted.
Optionally, we can rst exploit the colors somewhatmore, by nding and extracting
someSCCs. Pick aroot x. Sincethe initial coloring was safe,the states wearing x's
color are preciselythose reachable from x (Section 5.3.6 cortains more details). Thus,
the states belonging to the SCC of x are those colored the sameas x and that can
reac x.

The distributed implementations of the coloring procedure and of the procedure
for extracting the roots' componens are described and discussedin Sections5.3.6
and 5.3.7, respectively.

5.2.4 Eliminate re°exive and multiple transitions

As a result of other transformations, transitions of the form (x; x) and multiple oc-
currences of the same transition can appear, that have no in°uence on the SCC.
Eliminating thesereducesthe sizeof the graph. Sincefor every state all the outgoing
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transitions are kept on the sameworker, this is a simple local operation and requires
no network communication. Therefore, from now on we will ignore it.

5.3 Distributed implementation of the transformation routines

In this section, the distributed implementations of someof the transformations intro-
duced above are preserted: the elimination of atomic SCCs (Figure 5.1), the partial
SCC detection (Figure 5.2), coloring (Figures 5.4, 5.5) and an auxiliary routine that
includes elimination of re°exive and multiple transitions (Figure 5.3).

5.3.1 Distributed data structures

The basic data structures are setsand lists. On sets, the usual set union, intersec-
tion and di®erence([ , \, | ) are de ned. Lists are sequencesX = =X;:X5: ¢¢¢:x, =
We use pairs of lists of equal size to implemert relations. For example, the rela-
tion f(1;1);(2;1);(2;5)g is represened as (=1:2:2=;=1:1:5=). This is corveniert when
sending/receiving bu®ered messagegsee Section 5.3.2). We consider the following
notations, operations and predicatesfor lists:

==;=X= the empty list and the singleton list, respectively
XTi] the elemert at position i in the list X

XY list concatenation

(X;Y) pair of lists with the samelength

Xi X remove all occurrencesof x in X

X + X X :=x=

X5Y)+ (xy) X +xY+y)

X2 X there is at least an occurrenceof x in X

(x;y) 2 (X;Y) there is at least a position i sud that

X[i]l=xand YJ[i]=y.
We will alsousenatural extensionsof the function sccto setsand lists as follows.
Let S beany setand X any list. Then

scqS) et fscqx) jx 2 Sg
def

SCC(: = = ==

scq=x=:X) gt =scdx)=:scdX)

We consider the current state space(S, T), the nal set of transitions (finalT )

and the current sccvalues as global variables. Every transformation expects them
to have a special form, expressedby a precondition, and modi es them such that a
postoondition is ensured.

The worker i maintains the following data:
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2 G = the set of owned states.

2 scdSj) = the current scc mapping of the owned states. sccis initialized as
identit y.

2 Ty = (Sourcej ; Dest;j ), for every worker j, including itself. The set of transi-
tions with the state sourceowned by worker i and destination owned by worker
J is implemented as a pair of lists, one cortaining the sourcestates (Source;; )
and the other the destinations (Dest; ). The order is the samefor both. So,
(x;y) 2 Ty if and only if there is an index p s.t. x is the pth elemert in Source;
and y the pth elemert in Dest;; .

2 finalT j = the transitions that are de nitely in the nal set of transitions,
but possibly with another numbering. More precisely if (x;y) 2 finalT j then
(scdx);scdy)), with sccthe nal mapping, will be a transition in the SCC-
reduced state space.

We make the convertion that all setsor lists occurring in the pseudo-cale descriptions
that are not listed asinput, are consideredinitialized as; and ==, respectively.

5.3.2 Communication primitiv es

As already said in Section 2.2.5, our target architecture is a cluster whosenodesare
connectedby a high bandwidth network (Distributed Memory Machine). Our cluster
is not massiwely distributed, meaning that the number of nodes available is always
much smaller than the problem size(W << N). Processesommunicate by executing
nonblocking send/receive operations:

2 SEND M TO i - messagan to worker i.
2 RECEIVE m FROM i - messagam from worker i.

We also use the following two communication patterns, that are easily imple-
mentable with the above primitiv es:

2 pBsuM(X; ; xall) - for an arbitrary set of local valuesxq ¢¢¢xyy ; 1, collectively
compute their sum into a global value xall and store a copy of the result on
ead worker. This is useful when all the workers are executing a loop and the
exit condition dependson a global value.

2 REQ-REP | :B := f(B) - the worker executing this pattern (i) sendsa bu®er
(request) B to the worker j (not necessarilyé i) and expectsj to do the same,
i.e. sendto i a bu®erB® Upon receiving B®, i createsa list C° of the same
length as B, where if BYt] = x then CYt] = f (x). Then it sendsC°to j and
waits for a similar reply from j, i.e. alist C. In the end, i replacesB with
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elim-atomic-fwd
Postcondition: 8x 2 S9y 2 S s.t. (y;x)2 T.
(i.e. all trivial componerts f xg reachable from a start node (hode with incoming degree0)
have beenidentied and removed)
1 /* compute all the incoming degrees */
2 for x 2 S; do indegreg[x] := 0 enddo
3 for all workersj do
4 SEND Destj TOj RECEIVE Destji FROM j
5 for x 2 Destj; do indegreglx] := indegregx] + 1 enddo
6 enddo
7 I* loop: eliminate all the initial states */
8 /* and their outgoing transitions */
9 while there still are states with indegree 0 do

10 for all workersj : By = ;

11 for x 2 §; : indegreg]x] = 0 do

12 S = S fxg

13 for (x;y) 2 T; do

14 Ty = Ty i (xy)

15 finalT = finalT j + (X;y)

16 Bij = Bij +y

17 enddo

18 enddo

19 for all workersj dq:

20 SEND Bjj TOj RECEIVE Bj; FROM j
21 for x 2 Bj; doindegreelx] := indegreelx]j 1 enddo
22 enddo

23 enddo

Figure 5.1: Forward BFS passin order to identify atomic componerts and nal tran-
sitions (worker i)

the newly received list C and j replacesB® with C° Thus, the e®ectof the
request-reply action is B := f(B) and B := f(B9Y9. The implementation
with send/receiwe:

SEND B 1O and RECEIVE BOFROM j
SEND f (B9 TO | and RECEIVE f (B) FROM j

Occasionally in the actual implementation we alsousedMPI primitiv esthat are more
powerful than simple sendsand receives. An exampleis MPI _AlltoAll, that transfers
data, in parallel, from every worker to every worker in a careful order soasto avoid
deadlocks. To keepthe preseration simple, we abstract away from thesedetails, and
basethe exposition of the distributed proceduresonly on the primitiv esabove.
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5.3.3 Distributed identi cation of atomic componerts

Figure 5.1 shows a distributed routine that 'nds and remaoves some of the atomic
SCC, namely those reachable only from states without predecessors.Workers begin
by computing together (steps 2-6) the incoming degreesof all states, indegree As
explained in Section 5.3.1, transitions T; are stored by worker i as a pair of lists
(Sourcej ; Dest;j ). The incoming degreeof an arbitrary state x 2 S; is the number of
transitions that have x asdestination state and it is easily computed by courting the
occurrencesof x in all lists Dest;j . To this end, every list Dest; is sert to worker |
(step 4), wherethe number of occurrencesis updated (step 5). Thus, there will be one
messagefor every pair of workers, and the destination state of every transition will
be transfered once. Therefore, the messagecomplexity of computing the incoming
degreesis O (W?2) and the bit complexity O (M). The time complexity, under the
balanceddistribution assumption,is O (M + N)=W).

In the secondpart (steps9- 23), all stateswithout incoming transitions are marked
as atomic SCCs{ in non-atomic SCCs, ewery state is reachable from any other,
therefore it must have at least one incoming transition. Further, any transition with
an atomic SCC as sourcewill not be on a path inside an SCC, therefore removing it
doesn't in°uence the sccpartition (steps 14, 15). Then the destination state of such
a transition hasto have its incoming degreeupdated. This happensin steps 19-22.
The total sizeof the bu®ersbeing exchangedin the while loop is at most M. As for
the total number of messages:in the worst case,every bu®er gets always only one
transition, which leadsto a messagecomplexity of O (M ).

In order to detect as many such atomic componerts as possible, this procedure
should be executedwith regard to both forward and badkward transitions. We have
only discussedhe forward pass. The backward passcan be implemented by reversing
the graph (seesteps2 -5 in the heads-o®@routine, Figure 5.5) and calling the forward
pass(with the subtle di®erencethat the transitions marked as nal should be reversed
again).

Note that this procedureis sound, but not complete. The statesplaced\in between"
two cycleswill never get the degree0 aslong asthe cyclesare still in place.

5.3.4 Partial SCC detection

For most distributed graphs,and de nitely for distributed state spacesit is usualthat
many of the SCCsdo not span over all workers, but over a small subset. Figure 5.2
shows three variants of a transformation that employs the very etcient sequetial
algorithm basedon DFS (seeSection5.1) in order to detect and collapsethis kind of
small SCCs. Let SOMIBe the subsetof workers under consideration and let Ssome=
(SsomeTsomk be the subgraph induced by the states owned by workersin SOMEThe
idea is to simply send Ssomg0 a special worker M(step 3), that will locally compute
the scc function (step 7) and sendit badck (step 8) to the workers in SOME Since
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collapse-partial (SOME
Postcondition:

(8X:y 2 Ssomp ((X;Y) 2 Tsom\ Tsomi - i® scax) = scqy))

1 randomly pick a manager M2 ALL

2 I* send the local graphsto the manager*/
3 if i 2 SOMEhen SEND Si; jZSOMI;rij TOM —
4 [* act as manager, if necessary */

5 if i = Mthen s

6 for i 2 SOMHo RECEIVE Si; ;,soydii FROM i enddo
7 SCCTarjan (SsowmeTsomESCCP)

8 for i 2 SOMBo SEND sccp(Si) TOi enddo

9

10 /* get the new scc*/

11 if i 2 SOMEhen RECEIVE scdSj) FROM M

12 update

collapse-partial-with-colors (SOMEcol)
Postcondition: same as collapse-partial
1 for c2 f1¢¢eng do
2 collapse-partial (SOME
4 with (fx 2 Sjcol(x) = cg; T) as global state space
5 enddo

collapse-partial-all (SOMEC¢CSOME)
Precondition: (8i;j with 1- i<j .- m) SOMBE SOME= ;

n n
collapse-partia SOMEscg ¢¢¢ collapse-partial SOME; sc9

Figure 5.2: Partial SCC detection

disjoint subsetsof workers generate disjoint subgraphs, the partial SCC reduction
can be executedin parallel on more subsetsof workers (collapse-partial-all).

The number of messagesusedin collapse-partial is O (card (SOMJ, with a total
sizeof O (card (Ssomg+ card (Tsomp. The time complexity is also O (card (Ssomk+
card (TSOM):)-

Another variant of this routine is collapse-partial-with-colors that usesthe color
information (seeSection5.3.6) to partition the graph Ssomdnto smaller graphs Sdoye
S2omettt S, eand processthem independertly (sequettially). The independence
stemsfrom the fact that the states wearing di®ereri colors are de nitely not in the
same componert. This can be exploited to save memory, by letting the manager
solve them sequettially and thus keeping the manager's load low (in Figure 5.2).
Alternativ ely, one could gain time by collapsingthe small graphsin parallel and thus
distributing the managerrole amongthe workers.
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update
1 /* update and migrate the transitions */
2 for j 2 ALLdo REQ-REP | :Destj := scqDestj) enddo
3 for j 2 ALLdo Sourcej := scqSourcej) enddo
4 forj 2 ALL; (s;d) 2 (Sourcej ;Destj ) do
5 k = worker(s)
6 | := worker(d)
7 (Sourcejj ;Destjj ) = (Sourcej ;Destj )i (s;d)
8 (BSk1;BDik1) = (BSki;BDii)+ (s;d)
9 enddo

10 for k;1 2 ALLdo
11 SEND BSi;BDik TOk
12 RECEIVE B Sk ;BDki FROM k

13 Sourcej = Sourcej B Si
14 Desty := Dest; :BDyi
15 enddo

16 for s2 S; do
17 if scqs) 6 sthen'S; = S fsg
18 enddo

Figure 5.3: Update

5.3.5 Update

The transformations described until now only assignvaluesto the sccfunction, with-
out actually replacing x with scdx), that is without renaming the transitions from
(x;y) to (scqx);scqy)). This is the role of the up date routine (Figure 5.3). For
any transition (x;y), rst the destination state y is replacedby scqy) (step 2), then
the sourcestate (step 3) and nally the updated transitions are moved to their new
owners (steps 4-15).

5.3.6 Reducing the problem by coloring

Figure 5.4 shows a distributed procedurethat takesa color function col on the states
of a graph and modi es it repeatedly until it stabilizes, that is until col[x], colly]
for every transition (x;y). The modifying stepidenti es the transitions (x; y) that do
not conform to this condition and copiesthe color of the parent to the child.

Let (Sstart: Tstart)- colS'" ! he 3 state spaceand an initial color function and let
(S; T); col be the state spaceand color function after the colorify action. Let us also
dene a setRoots = fx 2 Sj col®™ '(x) = col(x)g. The following facts are true:

2 every SCCin T8t (and T) is painted uniformly by col
Proof: at the end of the painting procedure,col[x], colly] for every transition
(x;¥). This meansthat col[x], colly] for any path x:y. If two states x and
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1

colorify (col®® ')
Precondition:  (safe) if col®® '(x) = col*® '(y) then x:y:x
Postcondition: 8x;y 2 S 8(x;y) 2 T col(x) = col(y)
1 col := col*®"!
2 /* loop:the color of the parent propagates */
3 /* to the child, if the color of the child is weaker*/
4 DBSUM (card(S;) ; totalC )
5 Changed = S
6 while totalC > 0 do

7 newC = ;

8 for all workersj do

9 By := f(y;collx])j(xy)2 Ty and x 2 Changedg
10 SEND Bjj TOj RECEIVE Bj; FROM j
11 for (y;c) 2 Bj; do

12 if (c< colly])

13 then

14 colly] .= ¢

15 newC = newC|[ fyg

16 B

17 enddo

18 enddo

19 Changed := newC

20 DBSUM (card (Changed) ; totalC )

21 enddo

22 [* mark as final all the transitions between */
23 [* states of different colors */
24 for all workersj do

25 REQ-REP | :Destj := col(Dest;j )
26 for (x;y) 2 Tj s.t. col[x] & colly] do
27 Ty = Ty i f(xy)g

28 finalT := finalT [ f(x;y)g
29 enddo

30 enddo

31 return col

returns col

Figure 5.4: Graph coloring (worker i)
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heads-o®(col, Roots)
Precondition: 8(x;y) 2 T col(x) = col(y)
A 8x 2 S 9 aunique r 2 Roots col(x) = col(r)

1 /* reverse the transitions */

2 for all workersj do

3 SEND Sourcej ; Destj TO j

4 RECEIVE Destj ; Sourcej FROM j

5 enddo

6 /[* paint the roots with their old color */
7 for x 2 S; doc[x] := N + 1 enddo

g for r 2 Roots do c(r) := col(r) enddo

9 ¢ := colorify (c)

10 for x 2 S; do

11 if c(x) = col(x)

12 then

13 scdx) := the unique r 2 Roots s.t. col(r) = col(x)
14 B

15 enddo

16 /* reverse the transitions again */
17 for all workersj do

18 SEND Sourcej ; Destj TO j

19 RECEIVE Dest; ; Sourcejj FROM j
20 enddo

21 update

Figure 5.5: Elimination of root componers (worker i)

y are in the samestrongly connectedcomponert then there are paths x:y and
y:X. Thuscol[x], colly] and colly], col[x], henceequal.

2 jf x:7y then col(y) = col(x)
Proof: At the end of the coloring procedure (Figure 5.4, steps 24-30), all the
transitions (x;y) with col(x) 6 col(y) are eliminated.

2 if col® ! is safethen: if x 2 Roots then col(y) = col(x) i® x:1y

Proof: Sincecol™ ! is safe,all the states z with col®® '(z) = col®® '(x) must
be on a cycle with x. If col(y) = col(x) then there is a path (possibly empty)
from one of these states to y, becausethe colors propagate only on paths. It
follows that there is also a path from x to y. The other way was proved at the
previous point.

These obsenations justify the claim that the nal coloring partitions S into subsets
SO ¢eesShi 1 such that any strongly connected componert from the initial graph is
completely cortained in one of the subgraphsinduced (S% T?) ¢¢¢ (S"i L;T"i 1),
Solving the problem of detecting the strongly connected componerts in the initial

graph reducesto solving it for the n subgraphs. Moreover, the subgraphsare actually
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the forward readhability sets of a few selectedstates (roots). The colorify routine
Tnishes in about M adiameter steps{ this is quite OK for state spaces,that usually
have a very small diameter.

5.3.7 Headso®

This routine gets as input a coloring of the state spacetogether with a set of roots
(one root per color) with the property that every root can reach all (and only) the
states painted in its color. This meansthat the statesthat are reacable from their
root alsoon badkward paths, form the root's strongly connectedcomponert. An easy
way to compute the backward reachable statesis reversingthe state space(steps 2- 5)
and coloring it again, with an initial color function that leavesall the non-root states
unpainted. The nodesthat get painted in this new coloring round are in their root's
SCC and can be marked as such { and removed from S. In the end, the state space
gets badk to the original orientation (17- 20).

5.4 Three example algorithms

The intended use of the graph transformations described until now is as building
blocks for algorithms that compute scc Extra information on the structure of the
graph can help in choosing an optimal combination of transformations. Note that
every transformation eliminates someof the statesand transitions, either by collapsing
SCCsor by proving that certain states are atomic or certain transitions are de nitely
betweendi®erent componerts. When discovered, the atomic states are thrown away
and the transitions crossing componernts boundaries are stored in the set finalT .
After a number of transformations, the set of transitions left in the state spacewill
drop to ;. At that momert, sccand finalT de ne the reduced graph, which is the
initial one modulo the strong connectivity equivalencerelation. But it is possible
that sccof somestates doesnot hook them directly to their head of componert, but
via someintermediate states. To get the nal sccde nition, a °attening phasemust
be performed, at the end of which 8x 2 S : scqscdx)) = scdx). The distributed
implementation of this phaseusesjust one BFS passof the graph. This is possible
becausethroughout all the transformations, the following invariant is presened:

8x 2 S9 auniquey 2 S s.t.scqy) = y " scqscq¢escdx))) = y:

After °attening, the state spacewithout cyclesis:

SSCC
T scc

fscdx)jx2 Sg
f(scqx);scdy)) j (x;y) 2 finalT g

We describe below three SCC reduction algorithms basedon the transformations
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Extreme 1:

elim-atomic
groupsize= 1
while groupsize< W do
partition ALLin groups of size (at most) grougsize:

p _ ALL := o iew =groupsize SOME
if 9i: |, goyecard(T!) > MAX
then ERROR : group too large
else

collapse-partial-all (SOMEC¢CSOMER)

groupsize := 2wogroupsize
enddo

Extreme 2:

while (T 6 ;) do
elim-atomic
c := colorify (Self)
Roots = fx2 Sjc(x)= xg
heads-o®(c; Roots)
enddo

Combination:

elim-atomic
while (card (T) > MAX do
¢ := colorify (Self)
Roots := fx2 Sjc(x) = xg
if card(T") - MAX
then
collapse-partial (ALL; 0)
else
if (9T' : card(T') > MAX
then
heads-o@c; Roots)
else
collapse-partial-with-colors (ALL

enddo
collapse-partial (ALL; 0)

Figure 5.6: Three example algorithms
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proposed (Figure 5.6). A constart MAXis neededto specify the maximum load (in
number of transitions) that a worker can handle.

Extreme 1 Our rst algorithm is aimed at speed. It usesa seriesof collapse-partial-
all calls to reduce quickly the size of the distributed graph. The seriesbegins with

“nding, in parallel, the SCCson the subgraphslocal to every worker (level 0, collapse-
partial-all with groupsizel). Then the groups of workers double in size every step,
until only one group including all the workersis considered. If at any step the maxi-

mum load is reached, the algorithm stopswith an error. This approacd will work well

for relatively small state spacesand for denseones,with many small cyclesinside of
larger ones.

Extreme 2 Our secondexamplealgorithm usesonly the color-basedtransformations.
Self denotes the identity function, Self(x) = x. The algorithm repeatedly colors
the state spacestarting with Self as initial color function and extracts the head
componerts. Note that, with Self asinitial color, every color getsa unique root. This
algorithm may in generalbe slower, but it always terminates successfully becauseits
memory usagestays more-or-lessconstart and, moreover, the bu®erscan be restricted
to a conveniert size (while in the caseof Extreme 1, the managerhasto be able to
simultaneously store the local graphs of seweral workersin its memory).

Combination A possiblehybrid algorithm usesthe technique of partitioning by colors
only until the graph piecesare small enoughto be collapsedby the groupstechnique.

5.5 Experiments

We discusssome aspects of the performance of our cycle elimination algorithms on
a seriesof large distributed state spacesgeneratedfor the veri cation of a system
for lifting trucks [GPWO3] (lift5, lift6 ), a cache coherenceprotocol [PFHV03] (cachd,
some instances of the Sokoban game [soK (screen.706 screen.801, screen.l) and a
sliding window protocol [FGP* 04] (swppiggy). We also included two state spaces
without invisible cyclesfrom the VLTS [CI] benchmark (vasy.8082 vasy4338. The
problem sizesand some other relevant structural characteristics are summarized in
Figure 5.7. The reduction times presered in Figure 5.8 are recorded on a cluster
of 4 dual AMD Athlon MP 1600+ nodeswith 2G memory ead, running Linux and
connectedby Gigabit Ethernet.

The CE1 and CE2 columnsin Figure 5.8 shav the runtimes of the rst two algo-
rithms, not including the input/output operations. In order to justify that the cycle
elimination algorithms can be useful as preprocessingstep for branching bisimulation
reduction, we also shav the runtimes of a distributed branching bisimulation reduc-
tion tool [BO034a] on the original state spacesand on the SCC-reducedstate spaces.
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state size of the ¢-graph sizereduced | trivial | largest
space N M | M% N% M% SCCs SCC
(in 1®) | (in 10°) (N%)
cadche 7.8 22.8|38.6| 99.6| 99.7 99.5 248
lift5 2.1 3.8]|439]| 99.9| 99.9 98.9 165
lift6 33.9 74.1| 448 99.9| 99.9 99.8 486
screen.706 1.2 2.37 | 87.8 114 0 6.6 38
screen.801 20.7 44.9 | 90.3 9.2 0 4.3 50
screen.1 29.9 659 | 91.2 7.4 3.9 1.2 50
swp_piggy 9.6 309|579 249 | 46.2 10.5 45
vasy 4338 4.3 3.1 19.9| 100.0| 100.0 || 100.0 1
vasy_8082 8.0 25| 59 100.0| 100.0 || 100.0 1

Figure 5.7: Somecasestudies: size, structure

state CEl1 | CE2 BB BB
after CE | original
cace 45 a7 1331 1394
lift5 8.6 | 14.7 79 86
lift6 160 305 930 1039
screen.706| 7.7 | 12.4 9.6 106.8
screen.801| 172 | 112.5 43.6 | 2819.2
screen.1 210 121 36.7 | 180000
swp._piggy | 125 237 122 341
vasy. 4338 6 6 82 82
vasy. 8082 11 11 27 27

Figure 5.8: Reduction times (in seconds)

The important obsenation here is that the cycle reduction times are usually much
smaller than the branching bisimulation reduction times. This meansthat although
the cycle elimination stepis not always advantageous,it is alsonot harmful and could
be always done, just in caseit might provide a spectacular gain (lik e for the Sokoban
screens). Moreover, the current branching bisimulation algorithm is not optimized
for the casewhen the input state spaceis guaranteed not to contain cycles. There
is much spacefor improving in this direction and then the small penalty paid for
eliminating the cycleswould completely pay o®.

The very low runtime of CE on the two vasy casestudies is due to elim-atomic,
which discovers in one passthat all the states are atomic SCCs. The number of
neededcolor iterations in E2 dependson the diameter of the graph, which is usually
rather small for state spaces.
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5.6 Conclusions

The cycle detection problem plays an important role in veri cation algorithms, both
explicit and symbolic. In this chapter we concenrated on distributed algorithms
for explicit veri cation. We investigated somepractical solutions to the problem of
“nding strongly connectedcomponerts in very large distributed state spaces.Given
that the bestsingle-threadedsolution is not exciently parallelizable, we proposedtwo
(orthogonal) heuristics that approad the problem by reducingit to smallerinstances,
sohable in parallel.

The “rst ideais to usethe Tarjan sequetial SCC detection algorithm on groups
of workers. The local graphs of seweral workers get sert to a manager, where the
combined subgraph is solved sequetially. Depending on the size of the workers'
group, this procedurerangesfrom solving all local subgraphsin parallel to solving the
whole global graph. Due to memory limitations, this approad is obviously not always
successful. Therefore we also proposedan alternativ e solution, basedessetially on
computing forwards and badkwards readability sets. A third heuristics that proved
very helpful usesthe obsenation that if a state is on a non-trivial cycle then it must
be reachable from at least one other state placedon a cycle. Thus, the states without
parents cannot be on cycles. They are their own (atomic) SCC, and so are also all
the statesreadhable only from atomic SCC. Removing thesestatesis quite cheapand
the state spaceusually becomessigni cantly smaller. The same operation applied
on the reversed state spacereducesit even more. The most spectacular e®ect of
eliminating atomic componerts can be seenon state spaceswithout cycles,when the
SCC detection "nishes in one pass,thus linear time.

The reasonableperformanceof our algorithms demonstratesthat cycle elimination
on very large distributed state spacesis feasibleand useful.
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SharedDataspace&ofivare Architectures

The complexity of designinga distributed systemis generally managedby intro ducing
a software architecture, de ning what the componerns of the system are and how
they are coordinated. The componert layer and the coordination layer are usually
designed,analyzed and implemerted separately in order to e+ciently addressissues
like reusability, compositionality, maintainabilit y and veri cation.

Coordination modelsare either data-driven, if the componerts communicate through
a commonpool of data (e.g., Linda [CG89]), or control-driven, if the componerts com-
municate by adhering to somecommunication patterns (e.g., Manifold [BAdB * 0Q)).
A comprehensie survey of coordination modelscanbe found in [PA98]. In this thesis,
we are only interested in data-driven coordination models. However, the formal veri-
“cation techniquesthat we advocate are also appropriate for analyzing control-driv en
models. In fact, this is already being done [MSAOQ4].

In this chapter, we brie°y review a few coordination models basedon the shared
dataspacemodel. In particular, we introduce and discussSplice, the software archi-
tecture that provided the main inspiration for the researt questionsin Part 11. We
also give a quick introduction to the algebraic speci cation language! CRL [GRO1],
asit plays an important role in the next two chapters.

6.1 Somedistributed shared dataspacecoordination models

Linda [CG89] wasthe “rst coordination languagebasedon shareddata. It is based
on generative communication: componerts communicate by storing and retrieving
tuples from a global sharedtuple space. The most conveniert characteristics of this
simple mecdhanism are the time decouplingand the anonymity of componerts. Tuples
can be both passiwe (data) and active (executablecode). The retrieval works through
assciative pattern matching.
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Bonita [RW97] is a successonf Linda and improvesboth its functionality and per-
formance. Bonita extendsthe Linda primitiv esto work with multiple tuple spaces.
For parallel performance reasons,the retrieving operation in Bonita is split into a
requestand an obtain part.

KLAIM [DNFP98] (a Kernel Languagefor Agents Interaction and Mobilit y) is an-
other successonf Linda designedfor distributed environments. Its distinctiv e feature
is the use of explicit localities in the primitiv es. This enablesthe programmer to
distribute the spaceamongdi®erert sites.

WCL [Row98] enrichesthe basic set of Linda primitiv es, by providing both asyn-
chronous and syndironous tuple spaceaccess,bulk primitiv es and streaming prim-
itives. The novelty of this coordination languageis that it speci cally targets the
situation of geographicallydistributed agerts. To this aim, it supports location trans-
parency and dynamic analysis of the tuple space(in order to achieve etciency by
migrating data).

JavaSpace§FHA99] This rather new coordination language,developed by Sun, uses
one certral global dataspaceand o®ersa whole range of useful new primitiv es: in-

sertion, destructive and non-destructive lookup of shared objects, distributed evert

noti cations, transactions, leasing. In orderto x a clear semartics for the new primi-

tives,a processcalculuswas proposedin [BGZ004] and someconsequencesf choosing
di®erert semartics were analyzed. The semarics of JavaSpaceshas beenformalized
in 1 CRL aswell [PV02, PV03], with the goal of allowing automatic veri cation. Sev-
eral interesting applications were model-cheded on this speci cation.

6.2 Views and models of Splice

Splice [Boa9] is a data-oriented software architecture for complex cortrol systems,
developed and usedat the compary Hollandse SignaalapparatenBV (currently Thales
Nederland). It is basedon the publish-subscribe paradigm and it usessomeinter-

esting medianisms (keys, lifecycles, timestamps, joins) to cortrol the distribution of

data from publishersto subscribers. The architecture of a Splice system consists of

a (variable) number of agentsconnectedby an Ethernet network. Each application

hasits own ager, that acts asthe application's bu®erto the network and manages
its local datataseof data items. The applications communicate with the agerts using
Splice primitiv eslike read, write, subscrile, publish The Splice system takes care of

asyndironously transferring data from the databasesof publishers to those of sub-
scribers. The communication is decoupledand anonymous, which allows componerts

to join or leave a Splice systemat run-time.
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Splice hasbeenregardedand discussedfrom many perspectives. Depending on the
aspectsthat were put on the foreground, it has beenreferredto as publish-subscribe
software architecture, data distribution middleware, data-driven coordination model,
(real-time) (distributed) shareddataspace,or a combination of these. Roughly three
categoriesof questionsconcerning Splice have beenaddressedin the literature:

Models and formal semartics A dedicated processalgebra for Splice has been de-
‘ned in [DGJU99]. In [DLOO], a detailed * CRL speci cation of Splice is reported,
where the Ethernet layer is modeled, but the data aspects are not of prime impor-
tance. A later * CRL model of Splice [HP02b] is much simpler and focuseson more
relevant functional aspects. Both modelscontribute to de ning a much neededformal
semartics to the Splice primitiv es. Also a denotational semariics has beendeweloped
for usein compositional veri cation and re nements and it was proved equivalent to
the operational semarics [HP024].

Expressivenessof Splice-like models Expressivenessof coordination modelsthat use
a shared dataspace has been extensiwely investigated. [BHJ00, BKZ99a, BKZ99b]
comparea number of such models that di®erin choosing a set or a multiset as data
repository, using destructive or nondestructive primitiv es,having oneglobal dataspace
or few local cachesetc. Chapter 7 is an expressienessstudy on a very simple shared
dataspace model, that reducesthe set of coordination primitiv es to the extreme,
namely it only usesreads and writes.

Veri cation The veri cation e®ort on Splice started with [DL0O0], where properties
like deadlock freedom, soundnessand weak completenesswere chedked in t CRL +
CADP. Theorem proving techniques (PVS) were usedin [HHO1], where a formal
approad to the top-down designof componerts on Splice was preserted. There the
real-time characteristics play an important part. Both approades, model chedking
with 1 CRL and theorem-proving with PVS, wereusedto study transparent replication
of applications on top of Splice [HP0O2b]. Replication possibilities on Splice were rst
explored in [DJOQ].

6.3 Introduction to ! CRL

The processalgebra approac to veri cation, taken by formalisms like Communi-
cating Sequetiial Processes(CSP) [BHR84], Calculus of Communicating Systems
(CCS) [Mil80], Algebra of Communicating ProcessegACP) [BK85], provide pow-
erful meansto represen and study behaviors, nondeterminism, parallelism, system
equivalences,abstractions.

The speci cation language! CRL [GRO01] is the result of extending the process
algebra ACP with abstract data types,in order to achieve sutcient expressienessto
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describe real-life applications.

In 1 CRL, processesare built from atomic actions by certain operators. * CRL in-
herited the typical processalgebraconnectivesfrom ACP. For any processeg and q,
p + g denotesnon-deterministic choice betweenp and g, p:q denotestheir sequential
composition, and p k g denotesthe parallel composition (de ned in terms of interleav-
ing and syndironous communication). The syndironization is allowed only between
pairs of communicating actions, which are determined by a communication function
°. There is also an encapsulation operator @, , that forcesprocesseso communicate,
by making the actions in H act exclusiwely in communication. The hiding operator
(¢1) abstracts away the actions in |. There are two special processes:+ (deadlock,
the unit of +) and ¢ (internal action).

In order to useabstract data typesin a speci cation, a signature of multiple sorts
and functions can be declared,and axiomatized by equations.

The following connectivesconnectprocessesvith abstract data types, First, atomic
actions can be parameterizedwith data elemerns, asin get(n). Then, ., P(n) de-
notes alternative (possibly in nite) choice over data domain D, i.e. for any value
do 2 D, the processcan behave as P (dg). Alternativ e choice is used to model in-
put. Finally, if bis a term of data domain Bool and p and q are processesthen
the conditional (p/ b . q) is the process\p if b, elseq". Conditionals are often

sedto put a restriction on the surrounding summation over data. In particular,

n-nat 9€t(n):P(n)/ n < 20 . = denotesthe processthat gets an arbitrary ng < 20,
and cortinuesas the processP (ng).



7

Expressignessand Distribution of a Simple
Sharedataspacé\rchitecture

Inspired by the industrial architecture Splice (introducedin Section6.2), we study the
consequence®f choosing an extremely weak and simple coordination model: com-
munication via a global set. The coordination primitiv es between componerts are
restricted to writing and reading. We imagine that the application componerts re-
side at certain physical locations, abstractly represerned by natural numbers. The
coordination primitiv e write (i; v) represerns that the componert at location i adds
value v to the global set; if v is presen already this action has no e®ect. The other
primitiv e, read(i; v) denotesa non-destructive, blocking read of a particular value (or
template) v by a componernt at location i. That is, it waits until it actually nds v
in the global set, and then proceeds.Note that test for absenceand deletion of items
is not possible.

Two separatetasks can be distinguished. First, the architecture must be imple-
mented on a distributed network. Second,componerts must be designedthat together
implemert the requiremerts of the systemunder design, using the coordination prim-
itiv esprovided by the architecture.

The two tasks raise two natural questions. The rst questionis whether the ar-
chitecture itself has an excient distributed implementation. This is addressedin
Section 7.2. We de ne a distributed implementation of the architecture, in which
every componert hasits own local set. Data items are exchanged between these lo-
cal sets asyndironously. We prove that the implementation basedon local setsis
behaviorally equivalent to the speci cation basedon a conceptual global set (that is,
the bottom layer of Figure 7.1(b) is equivalent to the bottom layer of Figure 7.1(c)).
The fact that the di®erencecannot be noticed is mainly due to the careful selec-
tion of the weak coordination primitiv es. This result is essetially the same as
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in [BHJOO, BKZ99a, BKZ99b], albeit in a slightly more general setting. Howewer,
the proof is much simpler due to the application of powerful processalgebraic proof
principles.

The second questionis whether the architecture is suxciently expressie to allow
the distributed implementation of any system speci cation. This is investigated in
Section 7.3 from a functional point of view { i.e. without taking into accourt issues
like performance or fault tolerance. We shaow that every speci cation of functional
behavior has a distributed implementation, i.e. one where di®eren types of actions
are performed at di®erent physical locations. In particular, the componerts only use
the weak coordination primitiv esread and write on a global set. Figure 7.1(a),(b)
givesa quick view on this implementation. As far aswe know, this main result is not
comparableto existing results on expressienessof coordination models.

Example 7.1 Consider a very simple logging system, with its behavioral speci c ation
input:log, indicating that someinput action precedes somelog action. This system
prokably usestwo physial devies (e.g. a monitor and an actuator) with their own
controllers, so input and log happen at di®erent locations. A distributed implemen-
tation with our primitives could be: input: write (I1;d) k read(l,;d):log. Here I; and
I, are the locations of the components, and d is some data value. With k we denote
parallel composition. Assuming that the systemstarts with the empty data space, the
second processis initial ly blocked, so the only execution of this little program should
be input:write (I1; d):read(l,; d):log. If we hide the communication actions read and
write, we indeed get the desired systembehavior input:log. We remark that the sys-
tem button; + button,, in which non-deterministically either button; or button, is
presse, also hasa distributed implementation, but this is much harder. In particular,
our solution will use an unbounded number of internal communications.

Finally, in Section 7.4, we connect the two results. First, the architecture with
local sets (Figure 7.1(c)) is split into parallel agers (Figure 7.1(d)). Using these,
and combining the results from Sections7.2 and 7.3, we obtain for any requiremerts
speci cation, a truly distributed implemertation consisting of componerts comnmuni-
cating by syndhronous messagepassing (Figure 7.1(e)). Each component consistsof
an application processand a local data spaceagert.

Relationship with Splice The choice of architecture in this chapter is in°uenced by
Splice (Section 6.2). The advantage of the Splice architecture is that the componerts
are looselycoupled, thusincreasingthe amount of fault tolerance. The data is presen
at seweral locations, making replication of componerts relatively easy Recen researd
papers proposeto view Splice conceptually as a shared data space,i.e. a set of data
commonto all componerts [BHJOO, DJOO]. Viewing the data as a global data space
has the advantage that all programs perceive the same data at any momert. In
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(a) Requirements specification (b) Implementation on GSRW (c) Implementation on DSRW
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Figure 7.1: From requiremerts to a distributed implementation

addition, viewing it as a set (instead of a multi-set) opens the way to transparent
replication of componerts [DJO0]. SeeSection7.6.1for further related work.

A Process-algebraicApproach A commontheme has beento embed the coordina-
tion primitiv esin a host language and give semairics to the resulting coordination

language. As an alternative, we adopt a processalgebraic point of view. In this

view everything is a process,or more precisely: the behavior of every system can
be modeled as a process. A system can be modeled as a processat various abstrac-
tion levels. Typically, two descriptionsare distinguished: Spec and Impl. The process
Spec speci esthe global behavior of the system,whereasthe processimpl describesits

implemertation, typically asthe parallel composition of certain communicating pro-
cesses.The typical processalgebraic correctnessstatemert is then: Spec = ¢; (Impl),

i.e. the speci cation is behaviorally equivalert to the implemertation, after abstrac-
tion of internal communications in 1.

In our case,the componerts of the application are processesAlso the architecture
itself will be a process;we will de ne our architecture asthe processGSRW (Global
Setwith Read and Write) in Section7.1.1. Our rst problemisto nd a distributed
implementation of GSRW called DSRW (Distributed Set with Read and Write) to-
gether with a proof that GSRW= ¢, (DSRW). The secondproblem requires for any
speci cation of a system'sglobal behavior B, a number of componerts P; (satisfying
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certain syntactic criteria on locations) suc that B = ¢, (P1 k ¢¢¢k P, k GSRW,.

We have chosenthe processalgebraic approach for a number of reasons. First, it
clari es the concepts. By choosing a formalism, rather vague claims on realizabil-
ity and expressienessare turned into clear theorems. Processalgebra provides the
meansto focus on the essetial interfaces, by distinguishing external and internal
actions, and by encapsulation of data in processes.The next advantage is that our
approad yields rigorous formal proofs, apt for mecanic veri cation. The full proofs
are available in Section 7.5. The third advantage is that we can use powerful proof
principles developed for processalgebra. Finally, by using a standard processalge-
bra, existing tools [BFG* 01] can be used for simulation and model chedking. This
hasbeendemonstratedin [HP02b, PV02]. Section7.4 givesa nice exampleof process
algebraic manipulation. By just applying somedistributivit y and assaiativit y laws,
we transform a system description with two layers (applications and data space)to
a system description with componerts (each consisting of an application part and a
communication part), that communicate by syndironous messagepassing.

7.1 Processalgebrawith data

For good introductions to processalgebra see[BW90, Fok0(. We will presert and
prove our ideasusing the formalism * CRL (seeSection 6.3).

7.1.1 GSRWin the syntax of * CRL

We will tacitly assumethe following * CRL standard sorts with the usual operations:
Bool (booleans),N at (natural numbers,to represern locations), D (to represen data
values, intentionally left unspeci ed) and Set (‘nite setsover D). For A : Set and
v:D, A+ vdenotesA[ fvg. It is routine to specify thesetypesalgebraically.

To the end of formally de ning GSRWin * CRL, we introduce the parameterized
atomic actions Read(i : Nat;v : D) and Write (i : Nat;v : D), wherei denotesthe
location (or: serviceaccesspoint) and v the datum. Given these basic actions, the
architecture GSRW is now de ned by the following recursive speci cation, parame-
terized with the current set A of valuesof sort D:

X X
GSRWA : Set) = Write (i; V):GSRWA + v)
i'% at ¥<'D
+ Read(i; v):GSRWA)/ v2 A . £
i:Nat v:D

Thus, GSRW maintains the global set A. At any momert this processallows that
either an elemen is written, or a value can be read, provided it is actually presen in
A. In this way, the blocking character of read is captured.

Application processescan read and write by syndironizing with the Read and
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Write of GSRW To this end we introduce the actions read(i : Nat;v : D) and
write (i : Nat; v : D). Theseactions should syncironize (cf. function calls or method
invocations), so we de ne the communication function asfollows: Read j read = R
and Write j write = W. As usual in 1 CRL, the unsyndhronized actions are encap-
sulated by the @read;read;write ;wiite g CONStruct (in order to enforce communication),
and the internal communications are hidden using the ¢ g.w ¢ construct (in order to
abstract from internal detail).

The semartics of Example 7.1 is now captured formally by the following * CRL
expression:

C'fR;W g(@Read;Write ;read ;write g(inpUt ‘write (ll;d) k rwd('Z;d)jOg k GSRV\(; )))

And indeed, it is a trivial exerciseto prove that this is behaviorally equivalert to the
speci cation input:log:+.

7.1.2 Proof methods from processalgebra

We noted already that the typical processalgebraic notion of re nement is given
by the equation ¢ (Impl) = Spec. As equivalence relation between processeswe
use branching bisimulation. Our results also apply to weak bisimulation, which is a
slightly coarserequivalencerelation. (seeSection 2.3 for the de nitions). In [GRO1]
branching bisimulation on * CRL processess axiomatized algebraically. Recen pa-
pers developed more practical proof methods that will be usedhere. These methods
are related to a particular processformat, called linear processequation.

Linear ProcessEquations and Invariants In [Use03 it is demonstrated that the
whole class of 1 CRL speci cations can be transformed to linear processequations
(LPE). Processterms have an implicit notion of state. The point of the LPE format
is that the state is encaded explicitly in a data vector. An LPE is essetially a list of
condition-action-e®ecttriples. Given an index i from a "nite index set J, action a;
with data parameterf;(d;e) is enabledin state d, if Iy (d;e) holds. This action leads
to the next state gi(d;e). Here g is a local variable, usedto encale arbitrary input
from a data set E;. Formally, an LPE is a recursive speci cation of the following
form:

X X
Impl(d:D) = a(fi(d;e)):Impl(gi(d;e)) / b(die) . *

i2J) e :Ej

The advantage of this format is that properties and proof methods can be uniformly
expressed,n terms of the state d and the constituents f;, g and by .

We assumea special action ¢, denoting hidden steps. An LPE is convergent, if it
doesn't admit in nite sequence®f ¢-steps. The principle CL-RSP (Recursive Speci-
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“cation Principle for Convergert LPEs) [BG94, GRO1] statesthat a corvergert LPE
has a unique solution.

Readable states are characterized by meansof invariants. A predicate | (d) is an
invariant if and only if it is presened by all transitions, formally i® the following
conjunction holds:

(8i2J8d:D 8¢ :Ej) (I1(d" b(die)! 1(g(d;e)))

In [GS01 GRO01] the cones and foci method is described for proving equality be-
tweenimplementation and speci cations, which we recall in the next paragraph. This
method is only applicable in caseof corvergert LPEs. If ¢-loops exist, we need a
fairnessassumption on executionsin order to ensurethat evertually an exit from the
¢-loop is chosen. To this end, a fairnessrule will be introduced below.

State mappings, conesand focus points The summandsof Impl above can be split
into ¢-stepsand external steps,J = Int ] Ext, wherelnt = fi 2J | a = ¢g. Besides
the implemertation, we assumea given speci cation:

X X
Spec(d®: D9 = ai(fAd%e)):Spec(gXd% e)) / H(d%e) . +
i2Ext e :Ej
Note that the speci cation must not contain ¢-steps. We also assumethat the imple-
mentation is corvergert. Then every state hasinternal stepsto a focuspoint, i.e. one

in which no further ¢-stepsare possible. The focus points can be easily characterized
by the focus condition:

FC(d) = (8i 2 Int) (@ : Ei) b(d;e):

An implemertation and a speci cation in the format above can be proved behav-
iorally equivalent by providing a state mapping h : D ! D% and proving that the
matching criteria M Cy,(d) hold, where M Cy,(d) is de ned as the conjunction of the
following:

1. foreadi 2 Int, 8(e : Ei):b(d;e)! h(d) = h(g(d;e))
i.e internal stepsdon't changethe related state.

2. for each i 2 Ext, 8(e : Ei):b(d;e) ! KP(h(d);e)
i.e the speci cation can mimic all external stepsof the implementation (sound-
ness).

3. for each i 2 Ext, 8(e : E;):lP(h(d);e&)~ FC(d)! h(d;e)
i.e eat external step of the speci cation can be mimicked in the related focus
points of the implemenrtation (completeness).
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4. for eah i 2 Ext, 8(e : Ei):b(d;e)! fi(d;e) = fAnh(d);e)
i.e the data labels on the external transitions coincide.

5. for eah i 2 Ext, 8(e : Ei):h(d;e) ! h(g(d;e)) = g(h(d); &)
i.e the next states after a visible transition are related.

Theorem 7.2 (from [GS01]) For speci c ation and convergent implementation in the
format alove, and given a state mapping h and an invariant | suchthat | (d) holds
and 8(d:D):1(d)! M Cu(d), we have

Impl(d)/ FC(d) . ¢Impl(d) = Spec(h(d))/ FC(d) . ¢:Spec(h(d))

The essenceof this proof method is that given a state mapping h, and invariant I,
the correctnessproof boils down to a ched of a number of simple criteria.

Fair abstraction The cones-and-fai method only works for cornvergert LPEs. But
we will encourter ¢-loops of arbitrary length. In order to eliminate these loops, we
need a fairness principle, which states that eventually an exit of the loop is chosen.
For this we will use Koomen's Fair abstraction rule (KFAR, for n > 1) [BBK87].
Assumewe have a v-loop with exits, of the following form:

X1=VvXy+ s
Xo=ViX3+ S
¢ee

Xn = V:X1+ 8,

Then after abstraction from v we would get a non-corvergert LPE. However, accord-
ing to KFAR, we are sure that after sometime one of the exits s; is taken, so we
get:

&iévg(X1) = &iérvg(se + G6C+ sp,)

7.2 Distributed implementation

In this section a distributed implementation of GSRWis de ned and a correctness
proof is given. We “rst introduce the data type List, represering a list of local
data spaces. It has constructors 2 (empty list) and :: (cons). The elemers of the
lists are sets of values. Note that GSRW puts no bound on the number of access
points. Therefore, we can not assumea xed length on the list of local data spaces.
In order to avoid in nite lists, they are speci ed in such a way that they "grow on
demand". We write L; for the i-th elemen of L (counting from 0). If i exceedsthe
length of L, then L; is taken to be the empty set. With L[i : +v] we denote the list
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setsto have length at leasti, and addsv to L;.

2. . 2[0:+v] = [fvq]
Ly = 2[(i+ 1)i+v] = 2l
(A(’:A; I:)Ii_+)lo ; fi (AzL)O:+v] = (A+v):L

(A LD+ 1):+v] A (L - +V)])

In the distributed version DSRW, each componert i will write to its private set K
and reads from its private setL;. Elemerts of K; are sert to all the L; separately
by executing for each v an action Send(i : Nat;v : D;j : Nat). Therefore, the
distributed implementation of GSRWis a processDSRW, having as parameters the
lists K and L and de ned as follows:

DSRWK ; lX: Lg%t) = (7.1)
Write (i; v):DSRWK i : +V];L)
i'% at ¥<'D
+ Read(i; v):DSRWK;L)/ va2L; . %
'%\lat X('D
+ Send(i; v;j ):DSRWK ;L[ :+v])/ v2 KinL; . %
v:D i;j :Nat

According to DSRW, written elemens are not immediately available. Data items
might even arrive in a di®erert order in di®erert processesNevertheless,we have the
following correctnesstheorem:

Theorem 7.3 GSRW(;) = ¢ sendg(DSRW?Z; 2)).

Proof: We view GSRW as a speci cation and ¢ senag(DSRW) as its implementa-
tion; the latter equalsDSRW with Send(i; v;j) replacedby ¢. By the cones-and-fai
method, it sutcesto give a state mapping and aléinvarignt, and ched the matching
criteria. As state magping wede ne h(K;L)=( K[ L). Weneedthe invariant
Inv(K;L)=8icL; p K, which canbe cheded easily The focuscondition FC(KS' L)
is @i; j;v):v 2 KinL;j. Assumingthe invariant, this canbesimplied to 8j:L; = K
(i.e. all written values have arrived and are ready to be read?3 gpnvergenceof the
implemenrtation follows easily: in ¢ senag(DSRW) the number j #(KinL;j) de-
creaseswith ead ¢-step. Now the matching criteria are (skipping the trivial ones):

S S S

(1) v2KinL;! K[ L K[SL[i:+v]

S S
2) vaLj! v2 K[ L

(3) (stK[SL)"(Sj:Lj SK)! (va2Ly)
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S S S S
4 ( K[ L)y+v= KJi:+v][ L

These can be proved by simple set-theoretic calculations. Initially , we have Inv (?; 2)
and FC (2; 2), whencethe result follows by Theorem 7.2. A

In fact this meansthat GSRWand ¢ senag(DSRW) are indistinguishable. This is a
generalization of [BKZ99a, BHJ00], becausethe application processesnay use non-
deterministic choice, recursion, or even synchronous communication. Our proof is a
standard application of the cones-and-fei method (seeSection7.1.2).

7.3 Expressiveness

In this sectionwe investigate the expressienessof GSRW from a system engineering
point of view: given the requiremerts speci cation of a system under design, can a
distributed implementation on GSRWbe constructed? We assumethat the require-
ments speci cation is given by a description of the global behavior, and a localization
function. The behaviorl speci c ation is a processSpec. The alphabet of a processis
the set of action labelsthat occur in it. Let A be the alphabet of Spec. We also as-
sumesomeset L of locations, describing for instance physical devices. A localization
function is a function , :A! L.

A componert X is consistent with the localization function if there exists a "xed
location °, sud that the alphabet of X corntains only the actions read, write and
external actions a with | (a) = °. For instance, if , (s@n) 6 , (log), the implemen-
tation can have a componert with the alphabet f read; write ; sang and another with
fread; write ;logg. This notion can be seenas a syntactic criterion to enforcecorrect
distribution and to enforcethat processesan only communicate via the coordination

primitiv es.
A distributed implementation of Spec;, on GSRW consistsof an initial database
Ay, together with a number of componerts X 1;:::; X, that are consistert with |,

and behave like Spec, i.e.

SFH: = URW g@read;Read ;write ;Write g(Xl k ¢eCk Xn k GSRV\(AO)):

The matter of distributing functionalities of a requiremerts speci cation over more
communicating componerts was also studied in [Lan92] for LOTOS expressions;the
syndironization is solved there with messagepassing, while GSRW coordinates the
componerts using persistert data.

Example 7.4 We descrite a possibleimplementation on GSRWof a very simple bu®er
speci c ation. For this, we consider the datasort Queue representinga queueof arbi-
trary data items (data must be sent out in the sameorder in which it was sanned).
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It hasthe constant em, representingthe empty queue,and the operations:

enqueue Data £ Queue j! Queue addsan elementto a queue;

dequeue Queue j! Queue extracts the top elementof the
(non-empty) parameter queue;

head: Queue j! Data returns the top elementof the queue;

notempty : Queue j! Bool true whenthere is at least one

elementin the queue.

The bu®erinteracts with the world through the actions IN , which inputs a data ele-
ment to the bu®erand OUT , which outputs a data elementfrom the bu®er. Then the
L CRL speci cation of the bu®eris:

X
BufSpec (Q : Queug = (IN (d): BufSpec (enqueuéd; Q)) (7.2)
d:D ata

+ OUT (headd)):
BufSpec (dequeuéQ)) / notempty(Q) . 1)

In order to build an implementation of BufSpec on GSRW we use a glolal set that
memorizesvaluesof sort Nat £ Data, representingpairs (sequen® number, data item).
We instantiate the architecture to GSRWA : Set(Nat £ Data)) and we chaosea local-
ization function , :, (IN) = I;;, (OUT) = I,. A possibledistributed implementation

B

on GSRWof the bu®eris :

Bufimpl = Bin (0) k Boyt (0) k GSRW(;) (7.3)
where X
Bin (n:Nat) = IN (d):write (I1; (n; d)):Bin, (n+ 1)
d:N at
X
Bout (n:Nat) = read(l,; (n; d)):OUT (d):Boy (n+ 1)
d:N at

(7.3) is indeed an implementation of (7.2), since it can be proved that BufSpec (em)
is branching bisimilar t0 ¢ r.w g@read :write ;read write g BUflmpl.

7.3.1 The translation scheme

In the sequelwe show how to construct X; and Ag for any requiremerts speci cation.
That is, we describe a translation scheme from an LPE Spec(d) together with a
localization function L to a setof processes ; ¢¢¢; X, and someinitial databaseAq
satisfying the above criteria. The localization criterion will be solved by mapping eac
action label to a di®erert componert. This resultsin the maximally distributed, most
“ne-grained implementation of the given speci cation, from which an implementation
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with lessparallel componerts can always be obtained by bundling seweral componerts
Xi. Then we will prove that this translation schemeis correct.

We assumethat a requiremerts speci cation is given in LPE format (see Sec-
tion 7.1):

X X
Spc (d: D) = a(fi(d;e)):Spec (gi(d;e)) / b(die) . * (7.4)

izl e :Ej

Each summand of P i»; denesasetof transitions from state d to state g;(d; &) and
it is enabledfor all e for which the guard by (d;¢g) is true. Moreover, we assumea
localization function , :fa; j i21g! L for asetoflocationsL.

Let n = card(l). The distributed implementation will have n componerts, each
responsible for one action a. They communicate via GSRW using a global set of
pairs (timestamp; data) of the sort Nat £ D. The timestamp represerts the momert
when the pair was addedto the databaseor, in other words, the number of visible +
invisible stepsexecuteduntil the time of insertion.

Componerts are triggered in turns, by the timestamp, in a circular in nite pass:
componert i will be activated at all moments t = k:n+ i (8k). When activated, it will
chooseto executeits action or not to executeit. In both cases,it will increasethe
\global time" and passthe turn to its next sister. This cycle is neededto ensurethat
the nondeterminism that may exist in the global speci cation Spec(d) is presened in
the distributed implemertation. At any time, all possibleactions must have a chance
to execute.

In a formal de nition, the componert X, responsible of action a; is:

Xi(m) = yp regd(, (a): (m: d):
(" o, (afi(d:e) write(, (a); (m + 1 (d:e))
Ih(de) . £)  (75)
+ write(_ (a): (m + L))
: Xi(m+ n)

and the initial state of the implementation is

" Xi(i) k GSRW({ (0; d)g) (7.6)

The parameter m of X; is the momert when X; expects to be activated next. As
mertioned before, m is always of the form k:n+i. At momernt m, read("; (m; d)) from
Xi syndronizeswith Read("; (m; d)) from GSRWA), for somed. This activates X;.
After \acting”, X; will setits parameter to the next active momert (k + 1):n + i,
i.e. m+ n. In its life, X; passesonly through the following local states: 0 {ready
to read, 1 {activated; make a choice (execute action or passthe turn), 2 {action
performed; passthe turn.
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We will prove that this distributed implementation on GSRWof an LPE is almost
equivalent to the speci cation. That is: if we abstract from the actions dealing with
the global set (R, W), then we get the speci cation Spec(d) with an extra initialization
step.

Theorem 7.5 For every requirementsspeci ¢ ation expressibleas an LPE Spec(d), the
components X; resulted by applying the translation schemesatisfy:

n
C:Sm(d) = CERW g@Read;Write ;read ;write g( Xi(i) k GSRV\(f (0; d)g)):

7.3.2 Correctness proof

This subsectionis dewoted to proving that the translation de ned above is correct.
That is, to prove Theorem 7.5. We will do this in three steps:

1. First of all, to be able to comparethe two processesppearing in the theorem,
we need to bring the implementation (7.6) to a linearized form (the speci cation
Srec(d) already is, by assumption).

2. Further, having both speci cation and implemertation in linearized form, we
can usethe cones-and-fai method to prove their equivalence. But not immediately,
sincethis method requiresthat the implementation should be convergert (without in-
Tnite ¢-loops)and this is not the casefor ours- in nite ¢-loopsoccur when abstracting
from R and W. Therefore, in the secondstep, pre-abstaction, we will consideran
intermediate speci cation Y, in which we abstract only from R's and the secondW
(the one generatedby the communication betweenwrite(m + 1;d) and Write from
GSRW see(7.5)), while keepingthe other write (m + 1;gi(d;€)) asa visible action -
but renamedto an action without argumerts v. In Y we also eliminate the database
A.

3. Finally we can prove, using the cones-and-fai method, that the linearized im-
plementation is branching bisimilar to Y. Afterwards we abstract from the remaining
visible action v and prove by fair abstraction that ¢:¢vgY = ¢:Spec.

The three stepsare detailed below.

1. Linearization of implementation In the linearized version of a process,we view
everything globally. The state of the systemwill be described by the parameters A,
m2N", T2 f0;1;29" and &2 D". A is the set of pairs, the database appearing
as parameter of processGSRW m is the vector of \moments", an elemen m; (the
parameter of processX;) is the moment when X; will be activated next. T is the
vector of local states (I; is the current local state of componert i). Finally, & is the
vector of data items; d; is the data that componert i knows of, currently. Although
in principle there is only one global view on data, componerts may have temporary
di®erert views. That's why we needd as parameter, instead of just d.
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In the initial state, A = f(0;d)g (we are at momert 0 and the current data is
the global speci cation's parameter d); T= 0 (all the componerts are in the \start"
local state 0); m = (0; 1;¢¢¢;nj 1) (componert i waits to be activated at momernt i
and ‘rst componert to be activated is 0, triggered by (0;d), the only pair from the
databaseA); @ = 0 (in the initial state the valuesin this vector don't matter, since
they will be usedonly after being initialized by a reading action).

Due to the fact that all componerts X; from (7.6) are independen, the linearized
versionis just the sum of their separateinteractions with GSRWA). After renaming
one of the write actions to v and hiding the read action and the other write, we get
the following linearized implementation:

Impl (A Tmid) = P
y & Impl (A; 11l := 1] m; dld; = y])
[ 5=0"(mj;y)2 A .+
+viimpl (A f(m; + 1;d)g; Tli := O], m[m; := m; + n]; )
b [i=1.4% (7.7)
+ o (@(fi(die)): Impl (ATl = 2] m;dld; == gi(d;e)])
Ii=1"Db(de) . )
+o Impl(A[ f(m; + 1;d)g; Tli := O], m[m; := m; + n]; @)
[i=2.4)

The formula

n
GR;W g@Read;Write ;read ;write g( Xi(i) K GSRWf (O; d)g) )
i

= ¢vglmpl (f(0;d)g; 6; (0; 1; ¢¢¢;n i 1);0) (7.8)

summarizeswhat has happenedin the linearization step.

2. Pre-abstraction We de ne the intermediate speci cation Y as follows:

Y(c;d) = P it viY((i+ Y)modnid) /i=c. %
+ o @ifi(die)): Y((i + 1) mod n;gi(d;e)) (7.9)
li=c”hb(d;g). 1))

The parameter c is a natural number from the set f0; ¢¢¢; n j 1g and points to the
active componert X.(m¢). c's valuesin the successie calls of Y re°ect the order in
which componerts becomeactive:

Y(0;);Y(L;):Y(2;);¢¢¢;Y(ni 1);Y(0;);Y (L), ¢ee

The other parameter, d, is the global state of the system.
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We aim to show, by using an appropriate state mapping, that this intermediate
speci cation is equivalert to the linearized implementation, i.e. that

&mpl (f(0;d)g; ©; (0; 1;¢¢¢; n i 1);0) = ¢:Y(0;d): (7.10)

The state mapping must relate equivalent states of Impl and Y. To ensure this,
the cones-and-fai method (seeSection 7.1.2) requiresthat certain matching criteria
should be satis ed, which are easy(but tedious) to prove, using invariants on Impl's
states. The complete proof of (7.10), including a list of the invariants, is preserned
in Section7.5. Here we will only show someof the invariants and brie°y discussthe
state mapping.

One of the invariants is that for any \moment" t there is at most one data item
d sudh that (t;d) 2 A. When this item exists, we will denote it by data (A;t).
Another important invariant is that for any state hA; T; m; di there is exactly one
x 2 f0¢een i 1g for which (my;_) 2 A (where _ denotesany data instance). The state
mapping h : StategImpl) j! StategY) can be now de ned as follows:

%3

e o+ _  hx data (A; my)i if Iy 2 f0;1g and (my; )2 A
NPT M) = s )y mod nidyi  if I, = 2and (my:) 2 A
The ideaof this mappingis that it extracts from a global state hA; T; m; di the essetial
information that characterizesit, namely the index of the active componert and the
data that this component getsasinput.

If we hide v in both Impl and Y, (7.10) becomes

&eivglmpl (F(0;d)g;0;(0; 1, ¢¢¢;nj 1);0) = ¢idrugY (0;d): (7.11)

3. Abstraction By instantiating the de nition (7.9) for c 2 f0O¢¢¢n j 1g and using
the obsenation that there are no summandsfor which i 6 ¢, we obtain:

X
viY (1;d) + ao(fo(d;en)): Y (1;0(d;&)) / o(d;eo) . *

Y(©0;d) =
e9<'Eo
Y(1;d) = wviY(2;d)+ ai(f1(d;e1)): Y (2;0:1(d; 1)) / bi(d;er) . %
e Eq
X
Y(ni Ld) = wvY(0;d)+ an; 1(fn; 1(d;en; 1)) Y(0; On; 1(d;€n; 1))

en; 1:En; 1

/h’]i 1(d;em 1) -
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It is easyto seethat Y (0;d) ¢¢¢Y (nj 1;d) form a fvg-cluster, with exits
fai(fi(d;e)):Y((i + 1) mod n;gi(d;e)) / b(die). £j 0- i<n;e2Eg

KFAR, (Koomen'sFair Abstraction Rule) statesthat in a fair execution, one of the
exits will evertually be taken. In our case,this meansthat we can write, for all
k2 foc¢een i 1g:

SévgY (G d) =
5% :%:1015 e, ai(fi(die))iévg Y((I + 1) mod n;gi(d;e)) (7.12)
/b(d;e) . *

The right-hand side of this formula doesnot depend on k, which allows us to say that
EéivgY (05d) = GiérvgY (1;d) = €0C= ¢iérygY (N 1;d). Consequetly, we can replace
in (7.12) k with 0 and

ai(fi(d;e))igvg Y((I + 1) mod n;gi(d;e)) with ai(fi(d;e)):évg Y(0;0(d;e)) and
obtain:

"1 X
&évgY (03d) = ¢ ai(fi(d;&))irvg Y(0;0(d;e)) / bi(die) . *
i=0 e :Ej

Comparing with (7.4), we seethat ¢:¢;ygY (0;d) and ¢:Spec(d) are solutions of the
sameequation, thus, by CL-RSP (see Section 7.1.2), they are equal. This equality,
together with the linearization (7.8) and the equivalenceto the intermediate speci -
cation (7.11), proves Theorem 7.5.

7.4 Complete distribution of requirements speci cations

In this section,we shaw that usingthe results from the previoussections,and applying
simple algebraic properties, any requiremerts speci cation can be transformed to a
distributed implementation, built of componerts that communicate by syndronous
messagepassing (an overview of the transformation stepsis given in Figure 7.1).
Each componert consistsof two parts: an application process,and an agert which
implemerts the local data spaceand takes care of the communication aspects. We
indicate how this result leadsto a high degreeof compositionality.

First, we shov how the distributed architecture DSRW can be transformed to a
parallel composition of separateagerts. In order to avoid dynamic agert replication,
we only deal with the casethat the set of locations is "nite and known in advance.
Therefore, we restrict the de nition (7.1) of DSRWto the casewhere the index i of
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locations rangesover a nite setLoc 2 N at { and obtain DSRW_q :

DSI§V\.{_SE(K;L s List) =

Write (i; v)  : DSRWoc (K[i : +V];L)
i:%c vf
+ Read(i;v) : DSRW,c(K;L)/ va2L;. %
X X i:L5)<: v:D
+ Send(i; v;j) : DSRWc (K;L[j :+Vv])/ v2 KinL; .

v:D i:Loc j:Loc

This processis equivalert to (even the linearized version of) a parallel composition
of processegepreserting applications and local databases(agerts). We assumethe
communication function sendj SEND = Send.

i n . ¢
DSRW,: (K;L) = @send; SEND g Agent(i; Ki; L) (7.13)
i:Loc

Agent Q :Nat; A : Set;B : Set) =
Write (i; v):Agent(i; A + v;B)

y(‘D

+ Read(i; v):Agent(i; A;B)/ v2 B . %
X° x

+ SEND(i; v;j):Agent(i; A;B)/ v2 A . %
v;D j:Nat
X X

+ send(j;v;i):Agent(i; A;B+Vv)/ vzB . *
\)/(:D j:Nat

+ Send(i; v;i):Agenf(i; A;B+v)/ v2AnB . %
v:D

Note that a Send(i; v;j) action of DSRW_ o is expressedas the communication of a
SEND(i; v;j )-action (agert i tries to senditem v to agert j) with a send(i; v;]j )-action
(agert j tries to receive a newitem v from agert i). As processegannot communicate
with themseles, a separateline is neededfor the Send(i; v;i)-actions.

For readability, we adopt the following notations:

P
H

fR;Wg
f Read; Write ; read; write g

Let us considera requiremerts speci cation expressibleas an LPE Spec(d). We can
apply the translation scheme (Section 7.3) and get componerts X ¢ ¢¢¢X ,, which sat-
isfy (Theorem 7.5)

- n ¢
LSpEc(d) = Gip @ X (i) k GSRW( (0; d)g) (7.14)
i:fO:ing
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From thg proof of Theorem 7.3, it follows that for any lists K and L that satisfy
8iLip K:

GSRW[ K) = ¢ sendg(DSRWMK ;L)

In particular, by instantiating K; with f(0;d)g, for every i 2 f0¢¢¢ng and with ; for
everyi > n:

i ¢
GSRW( (0;d)g) = ¢ senag DSRWF (0; d)g; 66¢:; f (0; d)g]; 2)

With this, (7.14) becomes

n

i ¢
&Sme(d) = G @ Xi (i) K ¢ sendg(DSRW(f (0; d)g; ¢e¢; £ (0; d)g]; 2))

i:f0::ng

and becausethe number of locations usedis nite:

¢:Spec(d) =

@' Xi(i) K ¢t sendg(DSRW o¢ang ([f (0; d)g; ¢¢¢; f(0; d)g];2)) :
i:f 0¢eeg

Further, let us expand DSRW g¢¢4q, accordingto (7.13) :

& Spec(d) =

i n . n . ¢
iir @ Xi(i) k GSendg@send;SEND g( Agent(i; f(0;d)g;;))
i:f 0¢¢eg i:fo¢eeg
(7.15)

In expression(7.15), we still seetwo layers, on the left the applications, and on the
right the agents implemerting the data spacearchitecture. Below we will reorganize
this expressionbringing together the processesind ageris at the samelocation i. This
reshu2e is basedonthe assaiativit y of the parallel composition, and the distributivit y
of hiding (¢;) and encapsulation (@ ) over parallel composition (k). The latter is
only possibleunder certain restriction on action names. In [KS98], so-calledalphaket
axioms are presered, that allow manipulation of expressionshasedon the alphabets
of the processinvolved. Here ®p) denotesthe alphabet of processp (the set of
action namesthat occur in it) and ®&p) j ®q) denotesthe set of actions that may be
the result of a communication betweenan action in ®p) and an action in ®&q). In
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particular, the axioms

CAL @X)j(®&Y)\H)pH[fxg ! @(xky)=@Xxka@(y))
CA2 (®(x)j(®y)\ 1) ufg Pooaxky)=a(xkal(y)

CA3 ®Xx)\ H =; ! @ (x) = x
!
!

CA4 ®&x)\ I =; a(x)=x
CA7 H\ I =; a@(Xx)= @a(x)

allow moving processexpressionsnside and outside the encapsulationand the hiding
operators, subject to an independencecondition. We can make the converntion that
the external actions of the componerts X; don't cortain any Send, send, or SEND
actions (otherwise, they should be renamed). Under this hypothesis,the X; processes
can be pushedinside the @and the ¢. Therefore, (7.15) becomesn

&:Spec(d) =
(i @ tsensa@ensiseno s (OXi(0) k Agenti F(0:0)g::) ©
i:f 0¢oeg
or (commuting the ¢s and the @)
¢:Spec(d) =
é-éi sendg @send; senD gép @ b (Xi(i) k Agent(i; f (0; d)g; ;) ¢ (7.16)
i:f 0oty

In the de nition of X, all read and write primitiv esoccurring havethe ‘rst parameter
constart, namely i and the Read and Write from Agent(i; Ki;L;) also have the rst

parameter constart: i. Thus, we could replace the read action by n + 1 actions
ready ¢¢¢read, and view read(i; a) asread;i(a). Similarly, write (i; a) can be seenas
write(a), Read(i; a) as Read;(a) and Write (i; a) as Write j(a). In the next step, we
will apply the alphabet axioms, with read;, write;, etc. viewed as the action names
occurring in the alphabet of processeslin this way we can push ¢p @ inside, in order
to obtain:

¢&:Spec(d) =

i N : : ¢
éds Sendg@send; SEND g P @ (X i (') k Agem('; f (0; d)g; ; )) (7-17)
i:f 0¢¢eg

This is a truly distributed implemenrtation of Spec(d), built up by componerts con-
sisting of two clearly separated parts: the computation X; and the coordination
Agent The componerts communicate with ead other by syndhronous messagepass-
ing (namely, by executing Send actions).
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Until now, the locations (i) were neededin order to avoid confusion between ap-
plications and the local data spaces. Howewer, in equation (7.17), the binding of
an application to an agert is already uniquely speci ed by meansof encapsulation.
Therefore, the next step could beto remove all referencego IocationsPThis boils down
to renaming read(i; v) to read(v), send(i; v;j) to send(v), etc. The ;-operators be-
comesuper°uous as well.

Note that the renamedagens are exactly identical. At this point, we have arrived
at a truly compositional description of the system, in which (a number of) compo-
nents can be exchangedby (any number of) branching bisimilar componerts. This
compositionality forms the basisof transparent agert replication, or even application
replication. However, a detailed description is out of the scope of this chapter (but
seeSection 7.6.1 on related work).

7.5 Full proofs

7.5.1 Full proofs of invariants

In the following, ? denotesany instance of data from D. We will needthe function
activ e : States(X) j! fOc¢een | 1g,

activ e( PA; T;m; di ) = the x for which(my;?) 2 A
Lemma 7.6 The following invariants hold for the implementation X :
1. (8t) there is at most one pair (t;?) 2 A

2.9 (0 i<n) st (m;?) 2 A (i.e. activ e is well de ned), and m; = (n(;u;:xxAt.
t;d)2
3. if x = active(bA;T;m;di) then 8i 2 fO¢¢n ; 1gs.t. i 6 (xj 1) modn ,
M(i+1) modn = M +1 and my = M(x; 1) modn + 1i N.
(in other words: in each state we havean arithmetic progressionmy < my4; <
¢et< my < my < ¢¢¢< my, 1, with stepl)

4.1T=0
or9i(0- i<n):lj=1and8j 6il; =0
or9i(0- i<n):lj=2and8j 6il; =0.

5. if I; > 0 then activ e(PA; T m;di) = i.
Proof: We “rst prove that theseinvariants hold for X 's initial state,
PAo;To; Mo; doi = hf(0;d)g; 0; (0; 1; ¢¢¢;nj 1);0i :

1. immediate.
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2. i=0.

3. activ e(Ag;To; mo; dy) = 0.
8i:0- i nj 2)mgjyy = Mg + 1= (Mg; + 1) mod n.
And mog=0=(nj 1)+ 1j n=mMoy; 1+ 1j N= Mo 1)y modn +1i N

4, |o: 0.
5. |o: 0.

Now, supposing that they hold for an arbitrary state bA; T; m; di, we prove that they
are still true for any of X's next states, let it be denoted by hA% 1% m%d%. We have
to analyzethe following possibilities (extracted from the description of processX):

i for somek, Iy = 0™ (mg;?) 2 A and a ¢-step happens.
Then PA%T% m% a% = bA; Ml == 1];m; dldy = y]i.
In this case, (1),(2),(3) remain true becausestate componerts that occur in these
properties (database A and momernts' array m) haven't changed.
(mi;?) 2 A "E? activ e(A;Tm;d) = k A | 6 activ e(A; T m;d);8] 6 k "A" Ij =
08j 6 k. But Iy = 0too, soT= 0, which meansthat 1= (0 ¢¢¢1¢¢¢0), i.e. (4) is true.
The only index i for which I%0isk (12 = 1). k = activ e(A% 1% m®% @) (becauseA’= A
and m°= m), so(5) holds too.

i for somek, Iy = 1 and a v action happens.
Then PA% T m%a% = PA[ f(my + 1;d)g; Ml := 0], m[my := my + n]; di

1. We have to prove that the newly added pair (my + 1;d) hasn't disturbed this

property, i.e. there is no (mg + 1;?) already in A. This is true, sincemy + 1>
™2® max t.
(td)2 A

Mg

2. If n > 1, the unique i is (k + 1) mod n, becausem? ., o4 = Mk + 1 (iNV.
(3)) and (my + 1;d) 2 A% Uniquenessis given by inv. (1).
If n = 1, the active processO remainsactive ((mo+ 1;dg) 2 A%and m§ = mg+ 1).

3. x%= activ e(A%1%m%d%) = (k+ 1) mod n. Notice that (x°;j 1) mod n = k.
Fori 2 fO¢¢en i 1g;i 6 k;i 6 (ki 1) mod n, the property remains true, as
m%= m for the valuesinvolved.

It remainsto be shawn that mg = md, ) |, + landthat m = mg+ 1j n.

inv_:(3) ) B -
Mg = Mickn 7= (M 2y moa n*+1i M+ N= M 3y moa n*+1 = M 1) moa n*
1
Mm% = meo "= my + 1= (M n) + 1.
4.1°=1;=0;8i 6 kandI? = 0. So,1°= 0.

5. 19= 0, by invariant (4).
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i for somek and someeg 2 E, Ix = 1" b (dk;e) and an ax action happens.
Then PA%T% Mm% d% = A 1k = 2];m; dldk = ok (di; @)]i.
(1),(2),(3) hold becausethe state componerts involved are not changedby this step.
l=1"K" I, = 08i 6 k. So,sincel?= I; = 08i 6 k and I? = 2, (4) holds in the
current state too.
And, nally, (5) holds too, asthe active index did not change(it's still k).

i for somek, Iy = 2 and a ¢-action hapgens.
Then PA% T m%a% = hA [ f(my + 1;dk)g; Hlk := O], m[my := my + nJ;di.
All the invariants are shown to hold by a reasoningsimilar to the secondcase (\for
somek, Iy = 1 and a v action happens"). A

We proved (invariant 1) that for any \moment" t there is at most one data item d
such that (t;d) 2 A. When this item exists, we will denote it by data (A;t). Note
that data (A; m_,, e( hA: T i )) is de ned for all reachable statesin States(X).
Lemma 7.7 If I; = 1 then data (A; m;) = d;.

Proof: If I; = 1then the mostrecert stepin X wasa ¢-step (a readfrom the database).
This could happen only if the guard was true: |} = 0" (m;;y) 2 A, for somey; by
de nition, y = data (A; m;). The changesthat occur in the state PA; T;m;di as a
result of this steparel; := 1and d; := y. That is, d; := data (A; m;). A

7.5.2 Full proofs of the matching criteria

Lemma7.8 For X, Y and h de ned in the second step of the correctness proof (Sec-
tion 7.3.2), the following matching criteria hold:
1. (a) foralli, (8y2D) Ij= 0" (mj;y)2 A j!
h(PA;T;m;di ) = h(PA; Tl == 1];m; d[d; := y]i )
(b) for alli, I = 2j!
h(bA;Tm;di ) = h(PA[ f(m; + 1,d)g Tl := O] m[m; := m; + n];di)
(internal stepsin X dort changethe mapped state in Y)

2. (@ foralli,l;=1j! c=i (venablain X:v enabla in Y)
(b) for all i, (8e 1 Ej) i = 1" b(di;e) j!
c=i"h(d;e) (X candoa(fi(?;&)):Y candoa(fi(?;)))
(soundness:in each state, for each external action, if X can do it then Y can
do it, too)
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The external actions that X can do are v (that can hapgen whenl; = 1) and
fai(fi(d;e))g (that are enablel whenl; = 1™ (d;;g) is true).

. FC(hA;Tm;di): (9i:1- i- n)stly=21andl; = 08j 6 i,
that is s.t. T= (0; ¢¢¢; 0; 1; 0; ¢¢¢; 0).
(@) for alli, FC(hA;Tim;di)~i=cj! [ =1
(b) for all i, (8e : Ej)FC(MA;T;m;di)~i=c”h(d;e)i! Ii=1"h(d;e)

(completeness: X can do a step :X can do that step, too - eventualy after a
number of internal steps)

.for all i, (8¢ : Ej)h(di;e) i! fi(di;e) = fi(d;e) (the data lakels on the

visible actions coincide).

@ i =1 ! hMA[ fm; + 1;dig;Mli := O;m[m; := m; + nJ;di) = hi +
1) mad n; di
() i = 17 b(di;e) i!  h(ATE = 2[m;dld = g(di;e)]i) = hi +

1) mod n; g (d; &)i

(every visible action takesrelated statesto related states, i.e. if the initial states
in X and Y are h-mapped, then the states after executing the action are also

h-mapped)

Proof:

1. Let PA; T;m; di be X's state beforethe ¢-step, (c; d) the statein Y mapped from

it, AT m% a4 X's state after the ¢-step and (c%d9) its h-mapped Y state.
We have to prove that (c;d) and (c%d% are equal.

(a) After the ¢-step, x and my are not changed (becauseA and m didn't
change). The only di®erer value is of Iy, but this doesn't a®ecth's de -
nition sincely = Iy + 1= lisstill in f0; 1g.

So, he% d% = hx; data (A% m?)i = x; data (A; my)i = hc;di.

M) ;=2 ™ K" " ridi = i+ 1) mod n; dii.

If n> 1theni= x6 (xj 1) modn. Then from (inv.3) M(i+1) mod n =
m; + 1, thus activ e(hPA%T%m%d%) = (i + 1) mod n. In the new state,
T= 0, which meansthat (1) modn = O.

he®dd “L" Ki+ 1) mod n;data (A; Mgy mod n)i
= h(i + 1) mod n;dji = he;di:

If n=1theni=x= (x+ 1) mod n, sohc;di = h; dji. The active process
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. . o _ 100 ;def. h
(i = x = 1) remains active in the new state (inv.2). hc%d% = =°

h; data (A% m%i. m%= m; + n, i.,e. m; + 1 and in A®there is (m; + 1;d;)
A data (A°m®) =d A hc%d% = h;di = hc;di.

2. Let PA; T;m; di denote always the current state.

@ I = 1"R®i = active(hA; Tm:di) “A"c=i.
(b) True, becaused = d; from Lemma7.7and|; = 1j! c = i wasshawvn at

(2(a))-

3. (a) Letig bethei from FC (l;, = 1). Then, from Lemma 7.6(invariant 5)
and de nition of h, ¢ = ig. But ¢ = i, also,soi = ig. This meansthat
Ii = |i0 = 1.
(b) I; = 1isshowvn with the samereasoningasin 3(a). b (d;; ) is true because
b(d;e) istrue and d = d; (Lemma 7.7).

4. The conditions b (d; ) are evaluated whenl; = 1. By Lemma 7.7 and de nition
of h, wegetd = d, sofi(di;e) = fi(d; &).

5. Again, we will denote bA; T:m; di and hA% 1% m% d% the states of X beforeand
after executing the discussedaction. Similarly, hc; di and hc® d% are the corre-
sponding statesin Y.

(a) |i - 1Lemma 7:6%);Lemma 77 I’C;di - H; dii.
activ e(PA%1® m%a%) = (i + 1) mod n, by a reasoning similar to 1(b).
Becauself,;) moqn = 0, wehavec®= (i + 1)mod n and d°= di. But

accordingto Lemma 7.7,d = d;. So,hc%d% isindeedh(i + 1) mod n; di.

: .1 0=
(b) Iio _— Lemm%\ 7:6(5) activ e(hAO;TO;H‘IO;dOi) = def. ,&"’2 b0 g9 = i +
1) mod n; d% = h(i + 1) mod n; g (d;;&)i. A

7.6 Conclusions

We have studied the architecture GSRW basedon write and blocking, non-destructive
read primitiv eson a global set. By viewing the architecture asa separatecomponert
de ned by processalgebra, we obtained a nice separation betweenthe tasks of appli-
cation programming on the architecture, and the distributed implementation of the
architecture itself.

GSRWprovides a conceptual global view to application programmers, making the
developmert and analysisof applications easier. Our rst result shows that maintain-
ing the global view doesn't lead to any overheadin the distributed implementation,
like locking protocols. For this, the limited set of coordination primitiv esis essetial.
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Due to these restrictions, application processegust cannot obsene that their local
setis not (yet) up-to-date. Our secondresult supports this architecture, by indicat-
ing that despite these restrictions, the architecture is sutciently expressiwe from a
functional point of view.

Finally, non-functional requiremerts, like performance and fault tolerance might
lead to stronger coordination primitiv es,such as destructive or non-blocking read, as
in Linda. Howewer, thesedon't come for free. Either we have to give up the global
view, as shown in [BKZ99a, BKZ99b], or complicated protocols are neededin order
to guarantee global consistency as the two-phase-commitprotocol in JavaSpace¥" .
The former compromiseseaseof application program construction and analysis, the
latter compromisesrun-time performance.

7.6.1 Related work

In [DLOO] a more detailed description of Spliceis given, at the level of agerts comnu-
nicating on an Ethernet network. Howewver, an abstract speci cation of this fragmernt
is not given. Instead the model is validated by verifying that a number of scenarios
satisfy certain desiredtemporal logic properties. The description of Splicein [HP02b]
is also more detailed, as it includes a description of time stamps and details the
structure of the local databases. That study is dewoted to transparent componert
replication. Two approades were investigated: a model cheking approadc applied
to a 1 CRL description in the samestyle as here, and a theorem proving approac
on a denotational semariics speci ed in PVS. The samespeci cation style was also
applied in [PV02] on the di®eren shareddata spacearchitecture JavaSpaces.

The distributed implemenrtation that we giveis at the samelevel of abstraction asin
[BHJOO, BKZ99a, BKZ99b]. This is sutcient to show that for read/write primitiv es
a global setis equivalent to a number of local sets. In [BKZ99a, BKZ99b] operational
semartics corresponding to these views are given, and it is proved that for eadh
program these views yield behaviorally equivalent semariics. Se\eral other variants
were considered, based on e.g. multi-sets and stronger coordination primitiv es. A
semartics of JavaSpacesalong the samelines is de ned in [BGZ00b]. In [BHJOO]
denotational semartics are given for distributed and local versions,and it is proved
and formally chedked by a proof cheder, that both semarics yield the samewrite -
traces and end up in the samedata space.

Although our realizability result resenbles this work, the setting is quite di®eren.
As we have the architecture as a separatecomponert, we can prove that the global
architecture and its distributed implementation are behaviorally equivalent. There-
fore our result is language independert and immediately applies to the casewhere
componerts may use recursion and internal choice. This combination has not been
consideredin [BHJOO, BKZ99a, BKZ99b]. The proof we give is simpler in our view,
asit mainly consistsof cheking somesimple matching criteria, which are generated
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by a standard application of the cones-and-fei method.

In [BHJOQ] an imperative languageis usedwith asprimitiv e read(x; q); P, which is
blocked until somevalue v satisfying auyery q existswhich is then bound in P to x. We
obtain the samee®ectby the process |, (read(x):P/ q(x) . #). Instead of the action
of writing or reading, those authors regard the arrival in the database obsenable,
which we have hidden by a ¢ sengg iIn DSRW. It is interesting future researt to see
how their semariics can be formally connectedwith ours.

Our expressienessresult should be contrasted with the result of [BGZ97], where
it is shavn that additional primitiv es, like the test-for-absence,are neededto get
Turing completeness.There, componerts are restricted to nite state machines, and
the computation power ertirely comesfrom the coordination primitiv es. We take a
system's engineeringview, by focusing on the question whether the read and write
primitiv es are suxciently expressiwe for solving the coordination between (probably
in nite state) application programs. We alsofocuson the real task of the componerts:
implemert the system's external global behavior.

Our construction has similarities with transformations in [Lan92], where a re-
guiremerts speci cation is split in parallel parts communicating via messagepassing,
and [NP96], where an encaling of choicein the a-syndironous¥zcalculusis provided.
Both papersintroduceinternal loopsto resolwe external choices,similar to our trans-
lation. Howewer, those papers are basedon event-based coordination, whereasour
approach usesa persistert data approad. For this reason,we had to useincreasing
sequencenumbers, and couldn't 'nd a Tnite state solution.
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Veri cation and Prototyping of Distributed
Dataspacd\rchitectures

In this chapter, we focus on the problem of designing, verifying and prototyping dis-
tributed shareddataspacesystems. Building correct distributed systemsis a ditcult
task. Typical required properties include transparent data distribution and fault-
tolerance (by application replication and data replication), which are usually ensured
at the price of giving up some performance. Many questions occur when deciding
on the exact shape of the distributed dataspace. For instance: what data should be
replicated (in order to increaseezciency or to preven single points of failure)? should
the local storagesbe kept syndironized or should they be allowed to have di®eren
views on the global space?should the migration of data betweenlocal storagesbe on
a subscription basisor rather on demand?

The space calculus introduced in this chapter, is an experimental framework in
which veri cation and simulation techniques can be applied to the design of dis-
tributed systemsthat usea shareddataspaceto coordinate their componerts.

We provide a tool that translates a spacecalculus speci cation into a* CRL speci-
“cation. From this code a state spacegraph can be generatedand analyzedby means
of the model chedker CADP. A secondtool generatesdistributed C code to simu-
late the system. Systemdesignersmay usethe automatic veri cation and simulation
possibilities provided by the * CRL toolset to verify properties of their architecture.
Complemertary, the distributed C prototype can be used for testing purposes,and
to get an indication about the performance (e.g. number of messagesused band-
width, bottlenecks). Seweral design choicescan be rapidly investigated in this way.
Ultimately, the prototype C implementation could even be used as a starting point
for building a production version.

The operational semarics of our space calculus provides the formal ground for
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algebraic reasoning on architectures. Despite its apparert simplicity, our calcu-
lus is highly expressie, capable of modeling various destructive/non destructive,
global/lo cal primitiv es. By restricting the allowed spaceconnectivesand the allowed
coordination primitiv es,we obtain well known instances,suc asthe kernelsof Splice
and JavaSpaces. Some speci ¢ features, like the transactions in JavaSpacesor dy-
namic publish/subscribe in Splice are out of our scope. Our goal is a uniform frame-
work where core characteristics of various dataspacearchitectures should be preser,
in order to allow for studies and comparisons. The veri cation tool will help getting
fast insights in the replication and distribution behavior of certain architectures, for
instance. The simulation tool can help to identify the classesof applications appro-
priate to ead architecture.

Related work An overview of shared dataspace coordination models is given in
[TRGOZ]. Somework that studies di®erert semarics has been done in [BKZ99a,
BGZ00b, BZ01, BMMZ02], on which we basedthe style of our operational seman-
tics. [HP02a] proposesa compositional denotational semartics for Spliceand provesit

equivalent to an operational semarics. [BZ01] comparesthe publish/subscribe with

the shared dataspacearchitectural style by giving a formal operational semarics to
ead of them. We alsoaim at being able to comparethe two paradigms, but we take
a more unifying perspective: we consider both as being particular instances of the
more generaldistributed dataspacemodel and expressthem in the sameframework.
[CROQ] wasthe rst attempt to usea Unity-like logic to reasonon a shareddataspace
coordination model (Swarm). [LACOQ] has goalssimilar to ours. It provides a frame-
work for describing software architectures in the theorem prover PVS. Howewer, it

seemsthat the veri cation of functional behavior is out of the scope of that chapter.
In [CMP98], a languagefor speci cation and reasoning (with TLA) about software
architectures basedon hierarchical multiple spacess preserted. The focusthere is on
the designof the coordination infrastructure, rather than on the behavior of systems
usingit. In [HCSO01], a translator from the designlanguageVPL to distributed C++

code is preseried. VPL speci cations can be veri ed using the CWB-NC toolset.
Compared to that approad, our work is more speci c. We concerirate on shared
dataspacearchitectures and de ne a \library" of carefully chosenprimitiv esthat are
both handy and expressie. In [DLOO], scenario-basedveri cation is introduced as a
usefultechnique in betweenveri cation and testing. Our languagealso supports that.

In Section 8.1, we presen the syntax and semarics of the spacecalculus and we
commert its main characteristics. Then (Section 8.2) we introduce the supporting
tools. Section 8.3 contains two examples. We end with some concluding remarks
(Section 8.4).



8.1 The spacecalculus 119

Y @ application
Y .. 7 WRITE a
o ’v,r"READE p distributed dataspace
) READ p
~"LDEL p
GDEL p @ atomic dataspace
[ resource
. a information
——  lazylink
(] — > eager link
°®

Figure 8.1: A distributed dataspacearchitecture

8.1 The spacecalculus

8.1.1 Informal view

We model the shared spaceas a graph with atomic spacesas nodes (seeFigure 8.1).

We considertwo types of links between spaces:eager and lazy. When elemerns are
written in a local space,they are asyndironously transferred over all eagerlinks that

start in that local space. Eagerlinks are represerted in the graph by arcs going from

spaceswhere data is produced (written) to spaceswhere data should be transferred
to and can be usedto model subscription and noti cation mecanisms. On the other
hand, the lazy links, represened in the gure by undirected edges,are demanddriven.
Only when a data item is requestedin someatomic space,it is transferred via a lazy
link from one of the neighboring spaces.Besidesmodeling the sharedspace,the space
calculus provides a set of coordination primitiv esfor applications: write, blocking and
non-blocking read, local and global deleteoperations. Applications arelooselycoupled
in the sensethat they cannot directly addressother applications.

With so many existing shared dataspacemodels, it is dixcult to decidewhat fea-
tures are the most represenative. Somechoicesthat we are faced with are: atomic
spacescan be setsor multisets; when transferring data items betweendi®eren spaces,
they could be replicated or moved; the primitiv escan be location-aware or location-
independert; the retrieve operation can be destructive or non-destructive, etc. The
answers depend of courseon the speci ¢ application or on the purposeof the archi-
tecture. In order to allow the modeling of as many situations as possible,we let the
user make the distinction betweendata items that should be treated as information
(e.g. data from a sensor),for which multiplicit y is not relevant, and data items that
should be treated as resource (e.g. numbers to be added, jobs to be executed), for
which multiplicit y is essetial. When handling elemerts, the spacetakesinto accourt
their type. The transfer between spacesmeans copying for information items and
moving for resources.Similarly, the lookups requestedby applications are destructive
for resourcesand non-destructive for information items.
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The atomic spacesare multisets in which the elemers tagged as information are
allowedto randomly increasetheir multiplicit y. As for the questionwhether to give to
applications the possibility to directly addressatomic spacesby using handles, lik e for
instance in [RW97], we have chosennot to, in order to keepthe application layer and
the coordination layer as separatedas possible. The advantage of a clear separation
is that the exact distribution of the spaceis transparert to the applications.

8.1.2 Syntax and semartics

As mertioned before,in our view a systemdescription consistsof a number of program
applications and a number of connectedatomic spaces.We refer to the topology of
the distributed spaceby giving atomic spaceqabstract) locations, denotedby i; j :::.
The data items come from a set D of values, ranged over by a;b:::. Furthermore,
we assumea set of patterns Pat(D), which are properties that describe subsetsof D .
We assumethat the patterns describing singletonsare the elemens of D themseles,
for instance a describesthe subsetfag. Thus, D p Pat(D). p,q,::: denote patterns.
We also postulate two predicates on patterns: match : Pat(D) £ D ! > ;?g to
test if a given pattern matchesa given value, and inf : Pat(D) ! f> ;?g to specify
whether a given pattern shouldbetreated asinformation or asresource. The predicate
res: Pat(D) will be usedasthe complemertary of inf.

A process([P]') is a program expressionP residing at a location i. A program
expressionis a sequenceof coordination primitiv es: write, read, read if exists, local
delete, global delete. These primitiv es are explained later in this section. Formal
parametersin programs are denoted by x,y,: ::, the empty program is denoted by ",
and ? denotesa special error value.

The lazy and eagerbehaviors of the connections are speci ed as special marks:
#"p (meaning that atomic spacei publishes data matching p), p (i subscribesto
data matching p), ﬁ) (i and j canreac ead other's elemens). If #‘p and Jq are
preser, then all data matching p” q written in the spacei by an application will
be asyndironously forwarded to the spacej. We sa then that there is an eagerlink
fromitoj. The presenceofé indicates that there is a (symmetric) lazy link from
spacei to j. That is, all data items of i are visible for retrieve operations issuedon
to j by an application.

For administrativ e reasonsthe setof data items (a) is extendedwith bu®ereditems
that have to be sert (&, a hasto be sert to spacej), pending request patterns (?p,
data matching pattern p were requested) and subscription policies (° Ir() and ° ',;“).
Subscription policies are inspired by Splice and their function is to Tter the data
coming into a spaceas consequencef a subscription. Basedon keysand timestamps
some of the data in the spacewill be replaced (overwritten) by the newly arrived
elemen. The parametersk, t are functionsondatak : D! Keys,t:D! N that
describe how the keysand the timestamps are extracted from data items. If the newly
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arrived elemen a, matching p, meetsthe Tter ° ',§ then a will overwrite all data with
the key equalto that of a. If it meetsthe TTter ° '5?‘, it will overwrite the data with
the key equalto that of a and timestamp not fresherthan that of a. With this second
“Tter, it is also possiblethat the arrival of a is ignored if its timestamp is too old. A
con guration (C) then consistsof a number of atomic dataspacesand applications,
ead bound to a location, and a number of links. The parallel composition operator

i is assaiative and commutativ e.

Conf := Data j Proc j Link j Confjj Conf

Data = HDi', whereD isa nite setover data

Proc := [P]i

Link == pj",j#

data == ajlad jpj° §5j° 5"

P n= " jprim:P

prim = write(a) j read(p;x) j read9(p;x) j Idel(p) j gdel(p)

The operational semariics of the spacecalculus is de ned by meansof a transition

relation on con gurations, which is de ned inductively in Figure 8.2. Note that

the operational semariics rules don't explicitly re°ect the dual information/resource

structure of the systems. This unitary appearanceis possibledue to a few operators
on data, the de nition of which (Figure 8.3) encapsulatesthis distinction. D, B are
multisets, i and + denotethe usual di®erenceand union of multisets and d is a data
elemert (a or !a or ?p or ° ',; or° ';?t). We will usethe notation inf(d) to express
the value of the predicate inf for the pattern occurring in d. That is, inf(!a' ) = inf(a)

and inf(?p) = inf(° §) = inf(° ') = inf(p). The sameholds for res

We now explain the intuitiv e sematrtics of the coordination primitiv es:

write (a): write data item a into the local dataspace,to be automatically forwarded
to all subscribed spaces. a is added to the local dataspace(W1) and an auxiliary
w(i; @) stepisintroduced. When pushingw(i; a) to the top level, if a matchesa pattern
published by i, then !al items are introduced for all subscriptions lp matching a
(rules W2, W3). At top level, the auxiliary w(i; a)-step gets promoted to a write (a)-
step (W4). Finally, the a items are sert to the subscribed spacesasyndironously
(W5). The operator ] in the right-hand side of rule (W5) states that the freshly
received data item should be added to the local database taking into accourt the
local subscription policies.

read(p;x): blocking test for presence,in the local spaceand its lazy linked neigh-
boring spaces,of someitem a matching p; x will be bound to a. This results in
generating a ?p request, keeping the application blocked (R¢). If a matching a has
beenfound, it is returned and the application is unblocked (R). Meanwhile, the lazy
linked neighbors of the local spaceasyndironously respond to the request?p, if they
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W1) il j write (a):P] % ) il jj [P]
cji i “§4® ) o i

(wW2) L i w(iaB, ¢ lal) i i '
cij it j#, i h T o il g4 v
match(p; a) » match(g; a)
CW(il;e_};B )CO
(W3) o w(igB ) o
Cii X "§17 " Ajix . i
X 2 fif;[PY;HDil; #5 ", g p:: match(pia)_ #,2C
CW(II'?’B )CO mll ” CW([L?,B ) mll ” CO
(W4) “wiaB ¢ a o (W5) : write (a) i
¢ o2 i jj ¢"i1™ mesi'jj

(W6) HD+[al]i' D% ¥ miljj O] ail

(R¢) hDi' jj [read(p;x):P] i ¢ hD + [?p]i' jj [read(p;x):P] 2D
(R) D + [2p]i' ji [read(p;x):PT P 1D [2p]2 ail jj [P[x = a]]

a2 D ”~ match(p;a)
D 2 ai' jj [P[x := a]l

a2 D~ match(p;a)
"Dt jj Pix = 2]

@ 2 D match(p;a)

(R91) Wil jj [read9(p:x):P] 43P

(R92) il jj [reada(p;x):P] "G

(LD) il jj [1del(p):P] fh ™

(GD1)  [gdel(p):P] jj jij hDji
Cgc;E!(p) Iol
ciji x 931® 0 x

hD | [a2 D j match(p;a)]i' jj [P]
j 99e[(P) roqi i . i a)lil
il [P1 jijij D} i [a2 Dj j match(p; a)]i

(GD2 ) X 6 i’

(TAU) D+ [2p]i' jipji D% it D [?plOai’ jipjj D2 ail
a2 D%" match(p;a)
cff' @

t
(e Cjj c°ff" 0jj ¢

act 8 f gdel(p); write (a); w(i; a)g

Figure 8.2: Operational semartics of the spacecalculus

have an item matching p (TAU).

read9(p;x): non-blocking test for presencein the local space. If someitem a
matching p exists in the local space,it is bound to x; otherwise a special error value
? isreturned. Deliversa matching a from the local space,if it exists(R91). Otherwise
an error value is returned (R92).

Idel(p): atomically removesall elemeris matching p from the local space(LD).

gdel(p): this is the global remove primitiv e. It atomically deletesall items matching
p, in all atomic spaces.Note that due to its global synchronous nature, gdel can not
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D ]p a = D+ [a]
Dp]_k a = Dj [b2Djk(b=k(a)]+ [a]
D ], a = D [b2Djk(b)=k@]+ [a]
o if @2 D k(b) = k(a) * t(b) > t(a)
D otherwise
D d = Dj[b2D jb=d+ [d]
e _Uoya i bea. D it inf(a)
h D+ [d if regd) &% D [a if rea)
( B] d if inf(d)
DO©[di¢t¢d,] = D ©dy© ¢6O dyn B¢ d= d ,
[d] if reqd)
g D p]_k a if © ',;2 D ~ match(p; a)
D] a = 5 D pJ{ . a if° ',§;t 2 D ~ match(p;a)
" DOa it @ §:° K 2 D s.t. match(p;a)

Figure 8.3: Auxiliary operators on multisets.

be lifted over atomic spaces(GD2). Finally, the general parallel rule (act) de nes
parallelism by interleaving, except for write and gdel which have their own parallel
rules to ensuresyndironization.

8.1.3 Modeling somedataspaceparadigms

The kernels of somewell known dataspaceparadigms can be obtained by restricting
the allowed con gurations and primitiv es.

Splice [Boa93 implements a publish-subscribe paradigm. It has a loosesemartics,
re°ecting the unstable nature of a distributed network. Applications announcethem-
selves as publishers or subscribers of data sorts. Publishers may write data items to
their local agerts, which are automatically forwarded to the interested subscribers.
Typically, the Splice primitiv es are optimized for real-time performance, and don't
guarartee global consistency The space calculus fragmernt without lazy links and
restricted to the coordination primitiv eswrite, read, Idel corresponds to the reliable
kernel of Splice. Network searties (modeled by the lazy links) and global deletion
(gdel) are typically absen. In Splice, data sorts have keys, and data elemers with
the samekey may overwrite ead other { namely at the subscriber's location, the fresh
data overwrites the old one. The order is given by implicit timestamps that elemeris
get in the momert when they are published. The overwriting is expressiblein our
calculus, by using the eagerlinks with subscribe policies. Splice's timestamps medh-
anismis not presen, but sometimestamping behavior can be mimicked by explicitly



124 8 Veri cation and Prototyping of Distributed DataspaceArchitectures

Atomic (id:Nat, D:TupleSet, Req: TupleSet,
ToSend: NatTupleSet, todel:Tuple,
LL: NatSet, PL: TupleSet, SL: SubscriptionList) =

% W
sum(v:Tuple,
W(v). sum(NewToSendNatTupleSet,
sum(NewD:TupleSet,
getToSend(v, ToSend, NewToSend,D, NewD).
Atomic(id, NewD, Req, NewToSend,
todel, LL, PL, SL)))
<| and(isData(v), match(v, PL)) |> delta)
+ sum(v:Tuple,
W(V).
Atomic(id, a(v,D), Req, ToSend, todel, LL, PL, SL)
<| and(isData(v), not(match(v,PL)))|> delta )

% async send

+ sum(x:Nat, sum(y:Tuple,
el_send(x,y).
Atomic(id, D, Req, r(x,y,ToSend), todel, LL, PL, SL)
<| in(x,y,ToSend) |> delta ))

% async receive
+ sum(x:Tuple,
el_recv(id,x).
Atomic(id, add(x,D,SL), Req, ToSend, todel, LL, PL, SL))

Figure 8.4: Fragmert from a * CRL speci cation of an atomic space

writing and modifying an extra "eld in the tuples that models the data.

JavaSpaceqdFHA99] on the cortrary can be viewed as a glokal dataspace. It typi-
cally hasa certralized implemertation, and provides a strongly consisternt view to the
applications, that canwrite, read, and take elemens from the shareddataspace. The
spacecalculus fragmert restricted to a single atomic spaceto which all coordination
primitiv esare attached, and with the primitiv eswrite, read, read9 forms a fragmert
of JavaSpaces.Transactions and leasing are not dealt with in our model. Note that
with the medanism of marking the data as being information or resource,we get
the behavior of both destructive and non-destructive JavaSpaceslookup primitiv es:
our read, read9 works, when used for information, like read and readIfExists from
JavaSpacesand lik e take and takelfExists when called for resources.

So, interesting parts of di®erent shared dataspace models are expressiblein this
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framework.

8.2 The veri cation and prototyping tools

We de ned a mapping from ewvery con guration in the operational semariics to a
processin the ! CRL speci cation language. An incomplete description of this map-
ping is given later in this section. The generation of the * CRL speci cation following
this mapping is automated. Therefore, the 1 CRL toolset can be immediately used
to simulate the behavior of a con guration. This toolset is connectedto the CADP
model cheder, sothat temporal properties on systemsin the spacecalculus can be
automatically veri ed by model checking. Typical veri ed properties are deadlock
freenesssoundnessweak completenessgquivalenceof di®erert speci cations.

The state of a1 CRL systemis the parallel composition of a number of processes.
A processis, as explained]gn Section 6.3, built from atomic actions by sequetial
composition (.), choice(+, ), conditionals (¢ ¢. ¢ and recursive de nitions. For our
purpose,we intro duce processedor eat atomic spaceand for ead application. An
additional process,called the TokenManager hasto ensurethat operations requiring
global syndhronization (gdel) don't block ead other, thus don't intro duce deadlocks.
Before initiating a global delete operation, a spacehasto rst requestand get the
token from the manager. When it has nished, it hasto return the token to the
manager, therefore allowing other spacesto executetheir gdels. A secondadditional
process,SubscriptionsManager , managesthe list (multiset) of current subscriptions.
When an item a is written to an atomic space,that space syndronizes with the
SubscriptionsManager in order to get the list of the other atomic spaceswhere the
new item should be replicated or moved.

For simplicity, we model the data items as tuples of natural numbers{ "elds are
modeled by the * CRL datasort Nat, tuples by Tuple.

An atomic spacehas two interfaces: one to the application processesand one to
the other atomic spaces.In 1 CRL calls between processesare modeled as syndro-
nization betweenatomic actions. The primitiv esof the spacecalculus correspond to
the following atomic actions of Atomic:

fWR RE Ldel ; Togdel; Gdelg:

The interface to the other atomic processeds usedto send/receive data items and
patterns for read requests. In Figure 8.4, the * CRL speci cation of a space'swrite
behavior is shown.

The application programs are also mapped to * CRL processes.Execution of co-
ordination primitiv esis modeled by atomic actions, that synchronize with the corre-
sponding local space'spair actions. This synchronization with the spaceis described
by a communication function.
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EXTCOMMAND means[E][X][T]lai zA| Z]+

INTID means[i]laj zAj 20 9]’

ID means[aj zAj Z][aj zAj Z0j 9]’ (that is not INTID)
INT means[0j 9]*

con guration . settings declarations
settings :
j setting settings
setting : nelds = INT
j  upbound = INT
] res pattern
declarations :

j spacedeclarations

j link declarations

j application declarations

space . spacelD (ID)
j spacelD
link : LL(ID,ID)

j IDj > pattern
j ID < pattern jID < j pattern intlist
j ID < j pattern intlist INT

pattern . < tuple >
tuple : datum

j tuple , datum
datum : * JINT j INTID
intlist : INT j intlist , INT
intexpression : INT j INTID | projection

j intexpression+ intexpression
projection . pattern / INTID j ID / INTID

Figure 8.5: The YACC style syntax de nition

Another tool translates space calculus speci cations to a distributed implemen-
tation in C that usesMPI for processcommunication. Di®erert machines can be
speci ed for di®erert locations, thus getting a real distribution of spacesand appli-
cations. By instrumenting this code, relevant performance measuresfor a particular
system under design can be computed. The result of the translation is more than
a software simulation. It is actually a prototype, that can be tested in real-time
conditions, in a distributed ernvironment.
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application : appID @ID f program g
program
j command; program
command : write pattern
write 1D

read pattern ID

readE pattern ID

ID := pattern

INTID := intexpression
Idel pattern

gdel pattern

publish pattern

subscribe pattern jsubscribe pattern intlist
subscribe pattern intlist INT
if condition f program g
while condition f program g
EXTCOMMAND

condition : ID j not(ID) j true j false

Figure 8.6: The YACC style syntax de nition - corntinued

8.2.1 The spacecalculustool language

In order to make the spacecalculus usable as speci cation language, the tools sup-
porting it work with a concrete syntax. The data universe consideredis tuples of
naturals and the patterns are incomplete tuples (e.g. <1,*,2> ,<*>). Apart from the
syntactical constructions already de ned, we allow external actions (e.g. EXTping),
assignmentof data variables, assignmen of tuple variablesand if and while with stan-
dard semartics. Now we give a brief description of this language,including a precise
syntax written in a slightly simplied YACC format.

Sincewe allow exactly one spaceper location, it is nice to give namesto spacesand
to say, instead of saying that a program stays at location i, that the program runs at
the space<name>. A speci cation of a con guration consistsof:

- (optional) xing the tuple size(n elds) and the rst natural value strictly greater
than any eld of any tuple (upbound). The default valuesare n elds=1, upbound=2.
- (optional) de ne the inf/res predicates, by mentioning the patterns for which
resshould be > . Any pattern p not included by the res declaration hasinf(p) = >.

- describing the spaces,by giving ead spacea name and, optionally, the machine
where it's supposedto live. The default machine is \lo calhost".

- describing the applications, by specifying for ead application its name, the name
of the spacewith which it sharesthe location (the physical location as well) and its
program.
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nfields =1 nfields =1
upbound = 2 upbound = 2
res <*> res <*>
space JS (mik.sen.cwi.nl) space JS (mik.sen.cwi.nl)
space JShis (boeg.sen.cwi.nl)
app Ping@JS{ JS > <>
write  <1>; JS <- <>
EXTping; JShis -> <*>
read <0> x; JShis <- <*>
write  <1>;
EXTping; app Ping@JS{
read <0> x; write <1>;
} EXTping;
app Pong@JS read <0> x;
read <1> x; write <1>;
write  <0>; EXTping;
EXTpong; read <0> x;
read <1> x; }
write  <0>; app Pong@JSbis{
EXTpong; read <1> x;
} write <0>;
EXTpong;
read <1> x;
write <0>;
EXTpong;
}

Figure 8.7: A Ping-Pong application on one JavaSpace(left) and on two (right)

Apart from the primitiv esread, readE, write, Idel, gdel, the actual languagein-
cludes someextra constructions to provide easydata manipulation and control pos-
sibilities: natural variable namesand expressions,projection of a tuple on a eld,
assignmeitts, if, while, external actions that can be speci ed as strings.

The condition of if and while is very simple: a standard booleanvalue or a variable
name that gets tested for correctness. Namely, \if x" means\if x is not error".
Extending the conditions is further work.

The key and timestamp functions neededin the subscription policiesare considered
to be projections on the "elds of the tuples { one "eld for the timestamp, possibly
more for the key. Therefore, key functions are represerted aslists of "eld indexesand
timestamps functions asone "eld index.
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nfields =3 nfields =3
upbound = 3 upbound = 3
space Al space Al
space A2 space A2
space A3 space A3
Al > <1,**> space A4
A2 -> <2**> Al -> <1**>
A2 <- <1**> 13 A2 -> <2**>
A3 <- <2**> 13 A2 <- <1**> 13
A3 <- <2**> 13
app Producer@A1{ Ad -> <2**>
itsp = 0; EXTin; Ad<- <1**> 13
write  <1,0,itsp>;
itsp = itsp + 1; app Producer@Al{
write  <1,1,itsp>; itsp := 0; EXTin;
} write  <1,0,itsp>;
app Transformer@A2 { itsp = itsp + 1,
while (true) { write  <1,1,itsp>;
read <1,**> x; }
ivX = X/2+1; app Transformer@A2 {
itx = x/3; while (true) {
write  <2,ivx,itx>; read <1,**> X;
% ivx = x/2+1;
} itx = x/3;
app Consumer@A8 write  <2,ivx,itx>;
while (true) { h
read <2,**> x; }
EXTout; app Transformer@A4 {
% while (true) {
} read <1,**> x;
ivx = x/2+1;
itx = x/3;
write  <2,ivx,itx>;
h
}
app Consumer@AS8
while (true) {
read <2,**> x;
EXTout;
h
}

Figure 8.8: The Producer/Consumer/T ransformer application with one (left) and two
(right) transformers



130 8 Veri cation and Prototyping of Distributed DataspaceArchitectures

8.3 Examples

We usethe new languageto specify two small existing applications, studied in [PV02]
and [HPO2b], respectively. The goal of these examplesis to shav that our language
is very simple to use and to illustrate the typical kind of problems that spacecal-
culus is meart for: transparent distribution of data and transparent replication of
applications.

8.3.1 Towards distributed JavaSpaces

One of the initial motivations of our work wasto model a distributed implemenrtation
of JavaSpacessgstill providing the samestrongly consistert view to the applications.
When restricting the primitiv es as discussedin Section 8.1.3, the expressionh;i 0
represetts the kernel of JavaSpacesand the expressionh;i © jj h;i * jj #3 jj "9 jj # jj "3
models a distributed implementation of it, consisting of two spaceseagerly linked by
subscriptions matching any item.

Two rounds of the Ping-Pong game [FHA99, PV02] can be written in the space
calculus as follows:

Ping = write(1):read(0;x):write (1):read(0; x)
Pong = read(l;x):write (0):read(1; x):write (0)

(with D = f0;1g and inf(x) = ?;8x). We wish that the distribution of the space
should be completely transparent to the applications, i.e. that they run on one space
exactly the samethat they run on two:

[Ping]® ji [Pongl® jj h;i® = [Ping]® jj [Pong]* jj h;i ® ji hii * ji #8 i "3 jj # jj "3

We have cheded this equivalenceby writing the two speci cations of the Ping-Pong
game (with a single, respectively replicated space)in the tool syntax (Figure 8.8(a)),
generating the two state spacesand using the model cheder provided by the CADP
toolset to verify that they satisfy the safety equivalene relation (de ned in Sec-
tion 2.3).

8.3.2 Transparer replication of some Splice applications

Someof the most interesting problems in a system with componerts are assaiated
with replication: which componerts can be replicated and at what costs? We claim
that the spacecalculusis a good framework for studying this type of questions. In
the sequelwe give an example of how our spacecalculus can be usedto rapidly ched
transparent replication of someapplications on Splice.

Consider a simple Splice system, composed of three applications: a Producer that
writes data to the Splice network, basedon obsenations that it makeson the envi-
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ronmert; a Transformer that readsthe data, applies sometransformations on it and
writes it badk; and a Consumer that reads the transformed data items and usesit
further, for instance by displaying it on a screen. The producer and the consumer
are the componerts that interact with the environment, while the transformer works
\under water". Therefore it is reasonableto ask whether it is possibleto replicate
the transformer without a®ectingthe (external) behavior of the system.

This producer-transformer-consumerexampleillustrates a speci ¢ pattern in Splice
systems. The transparent replication of the middle componert wasextensiwely studied
in [HPO2b], using both * CRL and PVS. We shav how to model the problem in space
calculus (Figure 8.8(b)), for the speci ¢ instance when two data items are produced,
with valuesO and 1. The itsp variable modelsthe local clock. The two speci cations
have been proved safety equivalert by the CADP model cheder.

8.4 Conclusions

This chapter preserts our ideason a unifying framework for the designand analysis
of various distributed dataspacesystems. We intro ducedthe spacecalculus, in which
basic conceptsof somedataspaceparadigms can be modeled. A formal syntax and
operational semartics provides a rigorous basisto this calculus.

We aim at two goals: comparing the various paradigms with respect to their meta-
properties and facilitating the analysis of individual systemsbasedon heterogeneous
shared dataspacearchitectures.

For the “rst goal, we view a particular dataspaceparadigm as a fragmen of the
space calculus and we address questions like: does a fragment admit transparent
replication of data/pro cesseswhat are the costs of a distributed implemertation,
what are the typical applications for a certain fragmert. An answer to the last
questionwould facilitate early architectural designdecisions. Someof thesequestions
have beenanswered for Splice already [DJ00, HP02b, OP02].

The secondgoal is supported by automatic translations to * CRL and to C. The
1 CRL speci cations can be used as an input to a model cheder, thus formally es-
tablishing the functional correctnessof a system. The approacd follows a previous
successfulattempt for JavaSpacegPV02]. The distributed C simulator can be used
to 'nd performancebottlenecks in the high-level architecture. Thesecould be solved
by transforming the spacecalculus expressionto a functionally equivalent one with a
better performance.
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Directionsfor Future Resealt

In theselast pageswe brie°y commert and speculateon possibleinteresting directions
of future work.

Distributed veri cation

Parallel algorithms for computing strong bisimulation equivalenceexist in the liter-
ature, basedboth on the Kanellakis-Smolka and Paige-Tarjan approac [JKOK98,
RL98]. They are designedfor shared memory machines (PRAM, Parallel Random
AccessMachines), but it seemsthey are easily mapped to distributed memory ma-
chines, with at most a logarithmic factor of slov down [Lei92]. Therefore, it would
be interesting to seehow they work on virtual shared memory; we expect that the
latency of the shared memory simulation would seriously a®ecttheir performance.

There are many ways to improve our collection of distributed reduction tools. First
and most important is the developmert of (distributed) signature re nement algo-
rithms for minimization modulo other equivalences lik e weak bisimulation and safety
equivalence. Prototype implementations and preliminary correctnessproofs already
exist.

We have argued, and veri ed in practice, that the two proposed algorithms for
strong bisimulation reduction (Chapter 3) complemer ead other: the naive approac
functions better on work-intensive iterations, while the optimized versionis better on
iterations where few changesare performed. Therefore, a hybrid algorithm, that
could switch betweenthe algorithms as dictated by the current situation, is also an
interesting topic of further researt.

Recern dewelopmerts suggestthat our optimized algorithm can reac a theoretical
time complexity of O (N logN). To obtain this in practice, a complete redesign of
the implementation, basedon carefully chosendata structures, will be necessary
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Another potential improvemen regards the branching bisimulation tool. By in-
tegrating the distributed ¢-cycle elimination algorithm (Chapter 5) as preprocessing
phase,the branching bisimulation reduction tool in Chapter 4 could visibly benet.

Finally, more clever ways to distribute the state space,possibly dynamically, remain
to be found. One of the ideasis exploiting the information about the structure of the
state spacethat can be obtained through abstract interpretation [OPV04].

Building a distributed model cheder in the style of XTL [MG98] also comprisesa
nice cortinuation of the work presered in this thesis. This would be the last piece
to a complete distributed model cheding solution for the 1 CRL toolset.

Veri ed distribution

In Chapter 7 we studied the simplest possibleshared dataspacecoordination model.
We proved that any requiremerts speci cation has a \maximal" distributed imple-
mentation on this model, in the sensethat ewvery single step is executedon another
location. A challenging future researt direction is to investigate distribution imple-
mentations basedon other criteria. We could look for \excient" implementations,
i.e. schemesthat would minimize the number of communication steps (i.e. interac-
tions with the database), or schemesthat place all actions of a certain type on the
samelocation, etc. To this end, it might be necessaryto add new primitiv esto the
current GSRWmodel or to consider weaker equivalencesbetween speci cation and
implementation. Another interesting possibility is to settle our conjecture that the
compositionality obtained in section 7.4 is the basis of transparent agert and appli-
cation replication.

The spacecalculustool language(Chapter 8) is, at preser, not sutciently expres-
sive. In order to be practically useful, it should be embeddedin a well developed
modeling language,that would allow the speci cation of realistic applications on top
of the distributed space. More examplesand casestudies will provide further sup-
port and feedba& on the proposedframework. An extensionthat would bring the
spacecalculus closer to modeling real-life examplesis allowing dynamic creation of
spacesand applications and dynamic change of the link structure. The investigation
of meta-properties for (fragments) of the spacecalculus and of behaviour-preserving
transformation rules is an entreprise in its own.
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Summary

This thesis consistsof two parts that have in commonthe themesof distribution and
veri c ation.

Part | considersthe question of whether automatic veri cation can be distributed in
order to make possiblethe use of the processingpower and memory of a network of
computersinstead of just one computer.

We investigate this in the speci ¢ caseof veri cation by enumerative model chedk-
ing. To verify a system, its state space,a concrete represettation of the system's
behavior, is automatically generated. Then, the state spaceis reduced modulo an
equivalencethat presenesall relevant properties, and inspected in order to validate
desired properties or to nd courterexamples. The only but seriousdrawbadk of this
approad is the familiar state space explosion problent the size of the state space
grows much faster than the complexity of the systemrepreserted. A recen approact
to this problem, that we also pursue, is building parallel and distributed tools. They
allow larger state spacesto be handled and thus increasethe applicability of formal
veri cation techniquesto real life industrial systems.

We are particularly interestedin the problem of reducing state spacesmodulo be-
havioral equivalences. Very good sequettial solutions for this already exist in the
literature, as well as some adaptations to the parallel shared memory setting. We
propose in Chapters 3 and 4 new distributed memory algorithms for state space
reduction modulo strong and branching bisimulation equivalence. They use comnu-
nication by messagepassing, where, unlike in the caseof shared memory, latency
plays an essetial role. The three algorithms preseried draw their main inspiration
from the sequettial onesof Kanellakis and Smolka [KS83]. We prove their correctness
and shaw by experiments with prototype distributed implementations that both the
run times and memory usagescaleup with the number of machinesused. This means
that larger state spacescan now be generatedand reduced using cheap clusters of
workstations. Most of the time, the reduced state spaceis small enoughto further
allow model chedking by sequettial tools.
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Further, we approad the well known problem of decomposing a graph into its
strongly connectedcomponerts (Chapter 5). Sincesolving an arbitrary graph problem
can usually be translated into solving the same problem for the graph's strongly
connected componerts, the decomposition algorithms are applicable in all domains
wheregraphsare used. We are studying it having in mind its application in veri cation
(LTL/CTL model chedking and branching bisimulation equivalencereduction). Our
distributed messageassingsolution is basedon a seriesof heuristics that work bestfor
the special type of graphs represening state spaces.The prototype implementation
shows promising results, though it has not yet been integrated with the tool for
branching bisimulation reduction, nor hasit actually beenusedin model cheding.

Part |1 of the thesis addresseghe question whether formal veri cation methods can
be of help in understanding and designingdistributed software architectures. We in-
vestigatethis for the speci ¢ caseof software architectures that usea shareddataspace
to coordinate their distributed componerts.

We demonstrate the use of powerful processalgebraic techniquesin modeling and
analysis of a simple shared dataspacesoftware architecture with write and blocking
non-destructive read as its only primitiv es (Chapter 7). Processalgebra allows the
description of the shared dataspaceas a separate process,and thus a natural sepa-
ration betweenthe computation and coordination layers is achieved. We shaw that,
due essetially to the nondestructive character of the read primitiv e, the dataspace
can be implemented in a fully distributed manner, while keepingthe global uniform
view. Despite the restricted set of primitiv es, this simple architecture is functionally
very expressie: any systemrequiremerts speci cation can be implemerted on it.

Due to their simplicity and symmetric treatment of componerts, shared dataspace
coordination architectures have beenintensively studied and many variants have been
implemented (Linda, Bonita, WCL, TSpaces, JavaSpaces). The implementations
range from one certral sener (like JavaSpaces),to which all componerts address
requests, to a full distribution, where every componert has its own local copy of
the repository (like Splice). From the veri cation point of view, it is interesting
to understand how the di®erent implementations a®ect the functionality and the
performance of such a system. We investigate this in in Chapter 8, where we take
a unifying view and build a designframework that allows modeling and veri cation
of shared dataspace systemswith various sets of primitiv es and various degreesof
distribution. The framework consistsof a small speci cation languageand tools that
support veri cation and prototyping. Veri cation is done by translation to the more
general speci cation language! CRL and prototyping is done by a transformation
into distributed C programs.



Samematting

Over gedistribueerde veri catie engeweri eerde distributie

Dit proefsdirift bestaat uit twee delen die de thema's distributie en veri catie ge-
meensbiappelijk hebben.

Deel | gaat over de vraag of automatische veri catie gedistribueerdkan worden, zodat
het mogelijk wordt om de rekenkracht en het geheugenvan een heel netwerk van
computersin te zetten bij het veri Arenvan eensysteem.

We onderzceken dit in het speci eke gewal van veri catie door middel van enume-
rative model checking. Daarbij wordt, ten behoeve van de veri catie van eensysteem,
eerstzijn heletoestandsruinte, eenrepresertatie van het systeemgedraggegenereerd.
Vervolgenswordt dezetoestandsruinte gereduceerdmodulo eengedragsequiglertie
die alle relevante eigenstappen bewaart. En tenslotte wordt de gereduceerdetoe-
standsruimte gefnspecteerd om de gewenste eigensbappen te valideren, danwel te-
gervoorbeeldente vinden. Het enige, maar belangrijke nadeelaan dezeaanpak is de
combinatorische explosievan de toestandsruinte: de omvang van de toestandsruinte
groeit veelsnellerdan de complexiteit van het gerepreseteerde systeem. Een recerte
manier om toch complexeresystemenaan te kunnen, is door parallelle en gedistri-
bueerdetools te bouwen. Deze maken het mogelijk om grotere toestandsruinten te
bewerken en te veri Aren, en vergroten zo de toepasbaarheidvan formele veri catie-
technieken in realistische industri dle systemen.

We zijn met name gefnteresseerdin het probleemvan het reducerenvan toestands-
ruimten modulo gedragsequialerties. Daarvoor zijn in de literatuur zeergoede se-
querti Aleoplossingerbekend, en ook enkeleaanpassingerdie gesaikt zijn voor eenpa-
rallel shared memory systeem. Wij presereren in de hoofdstukken 3 en 4 zogenaamde
distributed memory algoritmen voor de reductie van toestandsruinmten modulo sterke
en branching bisimulatie equivalertie. Ze maken gebruik van communicatie door mid-
del van messagepassing en daardoor speelt latency eenesseti le rol (latency speelt
nauwelijks eenrol in eensharedmemory systeem). De drie gepresenteerdealgoritmen
zijn gefnspireerd op de sequeti Ale versiesvan Kanellakis en Smolka [KS83]. We be-
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wijzen hun correctheid en laten, aan de hand van experimenten met prototypesvan

gedistribueerde implementaties, zien dat zowel de looptijd als het geheugengebruik
proportioneel toenemenmet het aarntal gebruikte machines. Dat betekent dat grotere

toestandsruinten kunnen worden gegenereercen gereduceerddoor gebruik te maken

van goedkope clusters van werkstations. Meestal is de gereduceerddoestandsruinte

klein genceg voor model chedking met sequeti dle tools.

Verder behandelenwe eenaanpak van het bekende probleem van het decompone-
ren van eengraaf in zijn strongly connected components (Hoofdstuk 5). Omdat het
oplossenvan eengraafprobleemveelal kan worden gereduceerdnaar het oplossenvan
het probleem voor zijn strongly connected componerts, hebben decompositie algo-
ritmen toepassingenin alle gebiedenwaar grafen worden gebruikt. We bestuderen
het probleem met in gedadten de toepassingin veri catie (LTL/CTL model chec-
king en branching bisimulatie equivalertie reductie). Onze gedistribueerde message
passingoplossingis gebaseerdop eenreeksvan heuristieken die zijn toegesnederop
de speciale soort van grafen die toestandsruinten zijn. De prototype implementa-
tie is veelbelovend, alhoewel zij nog niet is gefntegreerd met de tool voor branching
bisimulatie reductie, noch daadwerkelijk is gebruikt in model cheding.

Deel || gaat over de vraag of formele veri catiemetho den behulpzaam kunnen zijn bij
het begrijpen en ontwerpen van gedistribueerdesoftware architecturen. We onderzce-
ken dit met name voor software architecturen die eenzogenaamdeshared dataspace
gebruiken om hun gedistribueerdecomponerten te codrdineren.

We demonstrerenhet gebruik van krachtige procesalgebrasde technieken bij het
modellerenen analyserenvan eensimpele shareddataspacesoftware architectuur met
write en blocking non-destructive read als enigeconstructies (Hoofdstuk 7). Procesal-
gebramaakt het mogelijk om de shareddataspaceals eenapart proceste besdrijv en,
waardoor eennatuurlijk e scheiding van de berekenings-en cogrdinatielagen wordt be-
reikt. We laten zien dat, door het nondestructieve karakter van de read constructie,
de shared dataspacevolledig kan worden gedistribueerd, terwijl dezevanuit de com-
ponerten bezien globaal en uniform blijft. Ondanks het kleine aantal constructies
is dezesimpele architectuur functioneel zeer expressief: elke systeemsgci catie kan
erop worden gefmplemerteerd.

Vanwegehun eenvoud en symmetrische behandelingvan componerten, zijn shared
dataspace codrdinatiearchitecturen uitgebreid bestudeerd en zijn er vele varianten
gefmplemerteerd (Linda, Bonita, WCL, TSpaces, JavaSpaces). De implementaties
varifdren van een enkele certrale sener waaraan alle componerten verzoeken sturen
(zoals in JavaSpaces),tot een volledig gedistribueerde implementatie, waarbij elke
componert zijn eigen lokale kopie van de dataspaceheeft (zoals in Splice). Vanuit
het oogpunt van veri catie is het interessat om te begrijpen hoe de versdillende
implemertaties de functionaliteit en performancevan zo'n systeembefnvioeden. We
onderzceken dit in Hoofdstuk 8, waar we eenuni cerende kijk op de zaak preserie-
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ren en eenontwerpomgeving opzetten die het mogelijk maakt om shared dataspace
systemenmet versdillende collectiesvan constructies en versdillende gradenvan dis-
tributie te modelleren en te veri Aren. Onze ontwerpomgeving bestaat uit eenkleine
speci catietaal entools die de veri catie en het maken van prototypesondersteunen.
Veri catie gebeurt via eenvertaling naar de meer algemenespeci catietaal ! CRL en
prototypesworden gemaakt door te vertalen naar gedistribueerdeC programma’s.
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