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Abstract

Systemssud as coordinating robot systemsautomo-
biles, aircrafts, and chemicalprocesscontmol systemsan
bemodeledasinteractinghybrid systemswhere hybrid sys-
temsare finite state macineswith continuousdynamics.
Thelanguage CHARON and its simulatorhavebeendevel-
opedto modeland analyzeinteracting hybrid systemsas
communicatinggents.

Simulationsare widely usedfor the analysesof hybrid
systems.The simulationof a comple systemis, however,
usuallyveryslow Thispaperproposedour algorithmsfor
distributed simulationsof hybrid systemsTheideabehind
distributedsimulationsis to achieve a speedugby utilizing
multiplecomputingresouces.Theagentsof a modeledsys-
temare distributedover multiple processas to simulatethe
agentsmore efficiently. Sincethe stateof the agentis af-
fectedby the input from other agents, they syndironizeto
updatetheir local states. The challenge here is howto re-
ducetheagentsyndronizationoverhead.

We presenttwo appmacdhesfor resolvingthe problem:
conservativeand optimisticappraches. For the optimistic
appmoad, we presentthree different algorithms for dis-
tributed simulationsof hybrid systemsand compae them.

1 Intr oduction

Coordinatingrobot control systemsglectro-mechanical
systemspr chemicalprocesscontrol systemshave a com-
monfeaturethatthey controlcontinuouslynamicswith dis-
cretemodechanges.The hybrid systemcommunitycom-
posedof researcherfrom control engineersand computer
scientistshasevolvedto supportmodeling,simulation,ver-
ification, andcodegeneratiorfor suchdynamicalsystems.
Traditionalengineeringools, provide little supportfor de-
velopingcomplex hybrid systemswith modeschangingdy-
namicsin responseo conditionsor discreteevents.

Therehave beenstudiesconcerninghelanguagesupport
for modelinghybrid systemso help peoplebuild complex
hybrid systemdor years.With anintroductionof anobject-
oriented design paradigm, researchersleveloped object-
orientedmodelinglanguagedor hybrid systems. Among
thoseareOmola[15], Dymola[8], SHIFT [7], andModel-
ica [9]. Thoselanguageshowever, do not provide formal
semanticsiecessaryor reasoningaboutthe model of hy-
brid systems.

Comparedo thepreviouslanguage$or the modelingof
hybrid systemsthemotivationof developingCHARON was
to provide a formal way of verifying hybrid systemsand
to generatehe executablecodefrom modelsdescribedn a
languagdor modelingboththe architectureandthe behar-
ior of hybrid systemsmodularly Additionally, CHARON
supportexceptionhandlingshroughgrouptransitionsand
defaultcontrolpointsandprovidesinterfacesbetweemmod-
elsandexternalpackageslescribedn Jasa[3, 4]. CHARON
hasbeenusedto modeland study a multi-robot coordina-
tion [2], the Simplex Architecture-basethvertedpendulum
controller[11], andautomotie vehiclesystemg1].

Simulationshave beenwidely-usedor analyzinghybrid
systems.Simulationsof complex hybrid systemsare, how-
ever, usually very slov. This paperdescribesfour algo-
rithmsthatwe have developedfor thedistributedsimulation
of hybrid systems. We simulatehybrid systemsin a dis-
tributedfashionto achiere a speedupby utilizing multiple
computingresourcesTheagentof themodeledsystemare
distributed over multiple processors$o simulatethe model
moreefficiently.

Basedon how agentssynchronize distributed simula-
tions of multi-agenthybrid systemscan be classifiedas
conservative and optimistic simulations. If the local
clock of an agentalways advancesand doesnot go back-
ward, it is calledaconservative simulation; otherwiseijt
is calledan optimistic simulation. A conserative simu-
lationis designedsothatthelocal clock Ic of anagentonly
adwancesor stops,andthus, thereare no rollbacks[6]. In
optimistic simulations,the goal is to exploit the potential
parallelismasmuchaspossibldetting theagentsun at dif-
ferentspeeds. If aneventthat occurredat time t. gets
recognizedby theagentat¢,., wheret, > t., thesimulator
providesarollback operationor performsareversecompu-
tation[13, 5].

Distributed simulationshave beenusedfor simulating
only discreteevent systemsso far, but to the bestof our
knowledge, there is no publishedalgorithm for the dis-
tributedsimulationof hybrid systemsOur methodgo sim-
ulatehybrid systemsn a distributedfashionexploit thein-
herentmodularity of systemsdescribedin CHARON. By
modularity, we meantwo things. Oneis a behaioral mod-
ularity capturedby modesand the other is an architec-
tural modularity by agents. A way of usinga mode-level
modularityin single-agenhybrid systemsavaspresentedn
[3]. In this paperwe focus on distributing atomic agents
to utilize an agent-leel modularity The challengeis how
to reducethe synchronizatioroverheadamongdistributed
agents.



In the following sections, we introduce a language,
called CHARON, for modelinginteractve multi-agenthy-
brid systemsandits toolsetin Section2. We describehow
to simulatehybrid systemsn Section3, proposefour dis-
tributed simulation algorithmsof hybrid systemsin Sec-
tion 4, anddiscusgheproposedalgorithmsandfuturework
in Section5.

2 Modeling Hybrid Systemsn CHARON

CHARON [3] is alanguagdor modelinginteractinghy-
brid systemsbasedon the notions of agentsand modes.
The distinguishedfeatureof CHARON is that it supports
botharchitecturabndbehaioral description®f hybrid sys-
temsand provides concurreng and hierarchyin a modu-
lar way. It also hasthe scopingrule of variablesparti-
tionedinto thesetof analogvariablesanddiscretevariables.
Agentsdescribethe architectureof systemswhile modes
do the behaior of systems. CHARON modescomprise
submodestransitionrelationsbetweensubmodesgontrol
points,differentialandalgebraicconstraintsinvariants and
variables[3]. The languageprovides compositionalfor-
mal semanticgequiredto reasonaboutsystemsn a mod-
ularway [4]. We now briefly describethe main featuresof
CHARON.

Ar chitectural hierarchy. The architectureof systemss
describedvith communicatingagents Thoseagentsshare
information through sharedvariablesor communication
channels Agentsareeitheratomicor composite CHARON
also provides the operationsof parallel compositionfor
building a compositeagent,hiding for encapsulatingnfor-
mationof an agent. CHARON agentsare reusableobjects.

Behavioral hierarchy. An agentwithout ary submodes
insideis called atomicagent which hasa referenceto an
appropriatemodedescribingthe behaiior of the agent. In
otherwords,themodeis a construcfor the hierarchicade-
scriptionof thebehaior. Transitionsdbetweersubmodesre
enabledvhena conditioncalledguard becomesrue. Also,
the mode haswell-defined control points: entry and exit
points. We provide differential and algebraicconstraints
representingontinuousdynamicsandinvariantsforcing a
continuousflow to satisfya condition. The languagealso
supportgthe instantiationof a modefor the reuseof mode
definitions.

Continuous variables and discretevariables. Thevari-
ablesof CHARON areclassifiedasanalog anddiscretevari-
ables. Analag variablesare updatedcontinuouslywhile
time is flowing. Cornversely discretevariablesare mod-
ified only whenthe modesof anagentchange.Thevalues
of discretevariablesdo notchangen atime flow.

2.1 Example: TwoAgent

We presenta simple two-agent example, TwWoAgnNt,
composedof the agental and the agenta2. The dy-
namicsof al is independenbf that of a2 but guardsof
agentsrequire sharedinformation to decide whetheran
agentchangesnodesor not.

macro TooLow 0.0
extern real Math.abs(real);
agent TwoAgent () {

private analog real vi1, v2;

agent al = A(10.0, 0.0)
[vin, vQut := v2, vl];
agent a2 = A(9.0, -1.0)
[vin, vQut := vl, v2];
}
agent A(real initValue, real c){
read anal og real vin;
wite anal og real vQut;

node top=ATop(initValue, ¢);

Figure 1. Agent TwoAg ent

Figurel definesacompositeagentfTwoAgentandanatomic
agentA. Thetwo atomicagentsal anda2 of the compos-
ite agentTwoAgentaretheinstance®of the agentdefinition
A. TheagentA hasareferenceo its top-modetop that de-
scribesthe behaior of A. The behaior of the agentA is
representedn two submodes:modeOand model Both
submodesreinstance®f the modechoppybut parameters
aredifferent. We useexternto specifyinterfacesbetween
the CHARON codeand external packages. Subagent®f
a compositeagentcommunicatehrough sharedvariables
whosenamearerenamed.[ vl n, vQut := v2, v1i]
and[vln, vQut := vl, v2] aretheexamplesof re-
naming. vin of the agental andvOut of the agenta2 are
renamedo thenew namev2. Thus,if a2 updatesyOutthen
it actuallyupdateghe sharedvariablev2 andso, vin of al
is alsoupdated.

Figure2 is the CHARON codedescribingthe behaior of A.

Our CHARON toolsetprovidesaneditorwith GUI (Graphi-
cal Userlnterface)for thevisualspecificatiorof agentsand
modes.Figure 3 shavs how the behaior of A is specified
visually.

The modedefinition ATop comprisesvariablesvin and
vOut, submodesnodeCandmodel andtransitions. Transi-
tionsarerepresenteavith transconstruct.In this example,
we have threetransitions:initTrans, ModeObModel and
ModelDModeQ Action statementprovided by do are
for specifyingactionstaken whentransitionsoccur Basi-
cally, actionsupdatediscretevariablesor assigmew values
to continuousvariables.

Entry/eit points are for specifyinginterfacesbetween
the sourcelocationsandthe destinatioriocationsof transi-
tions. ThevariablevOutis declaredaswrite, which means
global and writable in the mode while read meansread-
only. For localizingthe scopeof the variableswe usepri-
vate TheinvariantinvChoppyexpresseshatif vOutis out
of the specifiedrange,the behavior of choppyis no longer
valid. We specifytherateat which vOutis updatedvith the
differentialequationdvOut

Figure 4 is the result of simulating the example. Each
agentgeneratesa signal like a choppy wave, where the



node ATop(real iVal, real c){
read anal og real vin;
wite analog real vQut;
node node0 = choppy(2.0, -50.0, ¢);
node nodel = choppy(2.0, 1.0, c);
trans initTrans
fromdefault to nodeO
when true do {vQut = iVal}
trans ModeOToMddel
from nodeO to nodel
when vQut < 8.0
and Math.abs(vQut-vin) > 1.1 do {}
trans ModelToModeO
from nodel to nodeO
when vQut > 12.0
and Math.abs(vQut-vin) > 1.0 do {}
}
nmode choppy(real a, real b, real c){
wite analog real vQut;
i nv i nvChoppy {vQut >= ToolLow}
diff dvout {d(vQut) == a*vQut + b + c}

Figure 2. Modes of TwoAg ent
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|vOut-vin[>1.1
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inv invChoppy
{vOut > 0.0}

diff dvOut
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inv invChoppy
{vOut > 0.0}
diff dvOut
{d(vOut) == 2.0*vOut + 1.0 + C
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Figure 3. The Behavioral
Agent A

Hierarchy of the

wave of al follows thatof a2. In al, the guardsenabling
thetransitionsM ode0T oM odel andM odelT oM odeQ are
(vl < 8.0 and |vl —v2| > 1.1) and (vl > 12.0 and
|[vl—v2| > 1.0), respectiely. Figure4 shavsthatthemode
transitionsM ode0T oM odel of al occurattime 0.09,0.50,
0.87,1.21,andsoon.

2.2 CHARON toolset

Figure 5 describeghe classhierarchyof the TwoAgent
example. We depictthe classesand objectsof the exam-
ple [12] with a modified OMT (Object Modeling Tech-
nigue) notationusedby Gammaand his colleagues. The
symbolsof classesand objectsare rectangularboxesand
roundedboxes, respectiely. The subclasgelationshipis
representedavith a line anda triangle. Dashedlines with
filled arrovheadsare for specifyinginstantiations. Fig-
ure 6 illustrateshow CHARON SimulatorGenerato(CSG)
generatethesimulationcode.We have two kindsof gener
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Figure 5. Classes and Objects of the TwoA-
gent Simulator

atorsto producea simulatorfor the example.Oneis agent-
ModeGenthatgenerateagentsandmodesandthe otheris

gSimGen gSimGengeneratesnodel-specifianformation
the simulatorcorerequiresfor simulatinga given CHARON

model. In otherwords,simulatorcomprisesimulatorcore
andtheroutinesgeneratedby gSimGen Agentsandmodes
generatedy agentModeGerare Jasa files translatedrom

the modeldescribedn CHARON. In essencave simulate
theobjectsgeneratedrom agiven CHARON model.

3 Simulation of CHARON Program

3.1 Global Simulation

In this section, we describehow the simulator simu-
lates hybrid systemsmodeledin CHARON. The simula-
tion of CHARON programconsistf theinitialization step,
followed by a sequencef discreteupdatestepsand con-
tinuousflow steps. After initializing agents,the simula-
tor executeseither a discreteupdatestepor a continuous
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Figure 6. CHARON Simulator Generation Process

flow step. In other words, the simulation of CHARON
program is initialization_step (discrete.updatestep or
continuousflow_step .

Initialization.  Thesimulatorinitializesagentsy provid-

ing initial valuesfor variablesandconfiguringactve modes.
With initialization done,the actve modesof an agentare
the modesincludedin the pathfrom the top modeto a leaf
mode. For example,in TwoAgnt, top and modeOare the
active modesandtheinitial valuesof vOutof alanda2 are
10.0and9.0, respectiely afterinitializing theagents.

Discreteupdate. A discreteupdatestepis a sequencef

executingenabledransitions.Thelogical time of thesimu-
lator stopsduringtransitions.The simulatorpicks anagent
with enabledtransitions. We say a transitionis enabledif

it is in anactve modeandits associatedjuardis satisfied.
After a transitionis executed,the configurationof active
modesis alsoupdated. The stepfinishesif thereis no
moreenabledransitionsatthecurrenttime. In theexample,
the transitionModeOBModelwill be enabledwhenvOut
getslessthan8.0 andthe differencebetweenvOutandvin

greatetthanl.1.

Continuous flow. A continuousflow step representsa
time flow for a givenamountof durationnot violating con-
straints.Theconstraint®f amodeconsistof invariants dif-
ferentialandalgebraicconstraintsin this step,all theactive
modesof agentsare executedtogether The constraintsof
active modesare, the conjunctionof constraintan the set
of active modes.Thediscreteupdatestepmay preempthe
continuousflow step,if a transitionis enabled.For exam-
ple, if actve modesaretop andmode( the variablevOut
will get updatedat the rate of a * vOut + b + ¢ aslong
asthe invariantinvChoppyis not violated. The transition
ModeODBModel however, maybeexecutedvhentheguard
of transModeODModelbecomedrue.

3.2 Efficient Simulation

Themostsimulationoverheadesultsfrom numericain-
tegrations. For more efficient numericalintegrations,vari-
ousnumericalintegratorsarecombinedwith adaptve inte-
gration steps,e.g., Runge-Kutta methodwith adaptve in-
tegration steps[17]. Another approachis simulatingthe
systemon a distributed platform. Our methodsproposed
hereexploit the inherentmodularity of systemsdescribed
in CHARON aswell assimulatethe systemsn adistributed
fashion.By modularity we meantwo things: a behaioral
modularity and an architecturalmodularity In fact, each
agentof CHARON hasdifferentdynamicsandthusdoesnot
have to run at the samespeed.Lik ewise,eachmodein the
differentlevel of hierarchyof the sameagentmay have dif-
ferentdynamics.Thebasicideais thatwe simulateanagent
or amodeof slow dynamicsusinga largerintegrationstep.
Therefore,we canreducethe computationoverheadfrom
integrations. A way to exploit a mode-level modularityin
asingle-agentvaspresentedn [3]. In the next sectionwe
focusondistributing atomicagentgo utilize anagent-level
modularity

4 Distrib uted Simulation

We distribute agentsof the modeledsystemover a dis-
tributedsystemto simulatethe modelmoreefficiently. As
agentsshareinformation, they needto synchronizeto up-
datestates.Accordingto the way of synchronizationdis-
tributed simulationscanbe classifiedastwo cateories. If
thelocal clock of anagentalwaysadvancesanddoesnotgo
backward, it is called conservativesimulation Otherwise,
it is calledoptimisticsimulation

4.1 Consewative Simulation

In this approachwe decomposéhe functionality of a
global simulationinto sub-functionablocksandthe simu-



lator allows agentsto executethe next block only whenall
theagentscompletethe currentblock.

Figure7 andFigure8 describethe algorithm Consenra-
tive Simulation(CS). We decompose simulationprocess
into seven functionalunits: blockO, ..., block6. The end of
eachblock worksasa barrieranagentcannotproceeduntil
all the otheragentdinish the currentblock. Agentsbroad-
E?stlgompletionmessagem the othersat the end of each

ock.

In blockO, we initialize the agent. The analag variables
areupdatedn block1followedby block2,wheretheshared
analag variablesare synchronized.In block3, guardsand
invariantsare checled. Block4 is for executing enabled
transitions.Thevariablesupdatedn thetransitionsaresyn-
chronizedn block5. Block6 is executedonly whenthereis
no enabledransitioneven thoughan invariantis violated.
In suchacasetheagentbroadcaststopsignalto theothers
andthe simulatorreportsthelatestsynchronizedtate.

Although CSis for the distributed simulationof hybrid
systemsthe overheadresultingfrom communication®ff-
seta potentialperformancegain from distributing compu-
tations. Thus, this techniques effective only in simulating
hybrid systemswith extensive computationsin Sectiord.2
we proposethreeoptimistic simulationalgorithmsto solve
theproblem.

begi n bl ock0
state = initialize();
end
whi l e(true) {
begi n bl ockl
[l updat e anal og vari abl es
[/for a given tine interval ti
//and return the new state
//and the new | c.
(state, lc)
:= continuousFl ow(state, lc, ti);
end
begi n bl ock2
/'l exchange shared anal og vari abl es.
state
: = synchroni zeShar edVar s(shar edVars) ;
end
begi n bl ock3
i f eval uateGuards(state, guards)==true
then event := transitionEnabl ed
el sei f checkl nvari ants(state
i nvariants)==true
then event := invariantViolated
end

Figure 7. Conservative Simulation
blockO ... block3

(CS):

begi n bl ock4

if event == transitionEnabl ed then
state
;= discreteUpdate(state, |c);
end
begi n bl ock5

/I exchange shared vari abl es updat ed
/1 by discreteUpdate.

state

: = synchroni zeShar edVar s(shar edVar s)

end
begi n bl ock6
if event == invariantViolated
t hen broadcast St opSi gnal ; stop
end

Figure 8. Conservative Simulation
block4 ... block6

(Cs):

4.2 Optimistic Simulation

Our optimistic simulationalgorithmsare phase-dren.
Each phaseis a sequenceof consecutie stagesthat are
setupstage ,computationstage,and synchronizatiorstage.
After initializing the state,setupstage,computationstage,
and synchronizationstage are executedin the order as
shawvn in Figure9. The motivation of usingthe notion of
phases thatwe confineoptimismwithin eachphase.

In each of the Phase-dkien Optimistic Simulation
(POS), the operationsperformed during the stagesare
different. We describethe details of eachstageof the
three different POS approaches:Phase-dkien Optimistic
Simulation with a Reflection-basedPrediction (POSRP),
Phase-drienOptimisticSimulationwith anAdaptive Phase
Length(POSAPL),andPhase-drienOptimisticSimulation
with anEstimatorbasedPrediction(POSEP).

The salient aspectsof our algorithmsare first, to re-
ducethe communicatioroverhead we let agentssynchro-
nize just beforethe new value of a sharedvariableis nec-
essaryinsteadof communicatingevery updateround. Sec-
ond, to reducethe computationoverheaddueto numerical
integrations,we simulatean agentwith its approximated
polynomial dynamicsand resole the possiblemissesof
eventswith rollback operations.This allows eachagentto
run computationsvithout integratingsharedvariablescon-
trolled by otheragents.Our approachs optimistic in the
sensehateachagentgoesforward eventhoughthereis no
guaranteehattheir clocksdo not have to go backward.

Optimistic distributed simulationshave beenusedfor
discreteevent systemssincethe Time Warp distributed
simulationalgorithmwasproposed13]. Othermethodsn
thecategory arethebounded-lagptimisticsimulation[14],
and a risk-free simulation[18]. Thosemethodsare, how-
ever, only for simulatingdiscreteevent systems. To illus-
trateouralgorithmswe usethetwo-agensystendescribed
in Section2.



initialization;

whil e(!stop){
execut eSet upSt age;
execut eConmput at i onSt age;
execut eSynchroni zat i onSt age;

Figure 9. Phase-driven Optimistic Simulation
(POS)

4.3 Phase-driven Optimistic Simulation with a
Reflection-basedPrediction (POSRP)

In all three phase-dnien algorithms,our goal is to re-
duce the communicationoverheadand unnecessaryoll-
backs without missing ary event. In simulating the
CHARON agents the event meansmodetransitionsor in-
variantviolations. Thecommontechniquéebehindall of our
phase-dwen approachess that eachagentusesapproxi-
mateddynamicsof otheragentsuntil they getsynchronized.
Suchan approximationmay be a constantor a high-order
polynomial. Note that if agentsuse actual dynamicsof
sharedeadanalog variablesvhich aretheinput from other
agents,insteadof using an approximateddynamics,each
agentwill integrateall suchsharedanalog variablescon-
trolled by otheragents.

Figures 10, 11, 12, and 13 illustrate Phase-dsien
Optimistic Simulationwith a Reflection-basedPrediction
(POSRP)In POSRPwe simulatethe agentswith approx-
imated dynamicsof sharedinput variablesuntil an agent
reachegheendof the phasef or awarningconditionof an
agentis satisfied.A warningconditionis the disjunctionof
a guardand a reflection-basedlag. The rationalebehind
a warning condition is that if a guardis satisfied,it will
causethe abruptchangesf dynamicsof the agent. Also,
we obsenethattheapproximatedlynamicsof thevariables
appr(vl) andappr(v2) aresharednformationbetweerthe
agents,wherethe eventsare associatedvith the variables
andthuswe do notwantto usetheincorrectvalueof those
inputvariables.

By examiningself-extractedinformationon the present
dynamicsor reflection we canflag thatagentsshouldsyn-
chronize. That s, the agental stopsnot only whenthe
guardbecomesruebutalsowhen|appr(vl)—vl| >= p.p
is athresholdupdatedadaptvely, basednthehistoryof the
modechangesWe updatep adaptvely, asa smallvalueof
p causesinnecessargynchronizationsvhile a large value
doesmorerollbacks. So,we adjustp of theagenta, a.p to
bec/(1 + thenumberof modechangesn a previous phase
of theagenta). Thus,agentswill getsynchronizedessfre-
guently if modechangeccurlessin a currentphase. In
casethereis nomodechangean the currentphasethevalue
of p remainsthe samein the next phase.c is a parameter
givenby users.

Figures10and11 depictthe setupstageandthe compu-
tation stage.Figures12 and 13 show the eventnotification
sub-stag@ndtherollback sub-stag®f the synchronization
stage Notethatwe call the starttime of eachphasets. The
final timeis calledtf. Also, the phasdengthpl is defined
astf - ts.

e SetupStage(Figure 10): We updatep in eachagent

attime ts. A new p is ¢/(1 + the numberof mode
changesn apreviousphase)lnitially, p is thesameas
¢. Then,informationto computeheapproximatedal-

uesof sharedrariablegheotheragentsieedarebroad-
cast. We usefirst-order polynomialsas the approx-
imation of dynamicsin the currentapproach. Thus,
a.appr(v) is definedasm x (a.lc — ts) + vys, Where
ts Is the starttime of the currentphaseandm is the

coeficient of the highestorderterm of dynamicsof v.

Eachagenttransmitsm to the otheragents.The phase
length pl is fixed in the setupstageof phase;. We

assumeahattheinitial stateis known apriori.

ComputationStage (Figure 11): Every agentcom-
putes dynamicsuntil its local clock reachestf or
the warning condition is evaluatedto be true. In
agental, the warningconditionis (al.v1 < 8.0 and
lal.wl — al.appr(v2)] > 1.1) V (Jal.appr(vl) —
al.wl| >=al.p). al.appr(vl) ismlx (allc—ts) +
v1lss andal.appr(v2) ism2+(al.lc—ts)+v2¢,, Where
vl andv2g, arethe valuesof v1 andwv2 at the start
time of thecurrentphase s andm1 andm?2 aretheco-
efficientsof the highestorderterm of dynamicsof v1
andv2, whichare2.0in bothagentsn theexample.

e Synchronizatiorstage(Figures12 and13)

— Eventnotificationsub-stageSuppos@?2 reaches
tf andthe warning conditionof al is satisfied.
Then, al notifies an eventto a2 with its local
clock tg. After a2 beinginformedof an event,
it sendsthe stateof a2 at time tg to al thatal
can evaluatethe guardwith the actualvalue of
V2.

— Rollbacksub-stagelf a1 confirmstheeventthen
a2 mustrollback. After a2 rollbacksto time tg,
both agentsdiscardthe history of the statebe-
tweents andtg. At the endof therollback sub-
stage,ts is modified to tg and the next phase
starts.In a casethatthe eventwasnot confirmed
by al with the actualvalue of v2, al continues
its computation.

pl and c are given by the environment.

al.p = c/(1 + the number of mode changes
in a previous phase of agent al)

a2.p = c/(1 + the number of mode changes
in a previous phase of agent a2)

! pl .
a2 [;j
al [%]

s g

Figure 10. POSRP Setup stage



alis in modeO and a2 is in model.

Figure 11. POSRP Computation stage

al to a2: notify an event and
currenttime  tg

a2 to al: send the past state
of a2 at time tg.

1
|
|
|

a2

al

(al.x‘/l <8.0 hnd |al.vl-al.appr(v2)| >1.1) or
[al.appr(vl) - al.vl| >=al.p

time

ts g

Figure 12. POSRP Synchronization
(event notification)

stage

4.4 Phase-driven Optimistic Simulation with an
Adaptive PhaselLength (POSAPL)

In POSRPthephasdengthpl is givenby thesimulation
ervironmentandfixedin all the simulationphases.How-
ever, alargevalueof pl causesinnecessarollbackswhile
asmallvalueof pl will resultin frequentsynchronizations.
In POSAPL ,we adjustpl in eachphaseo enhancéheper
formance. Theonly differencebetweenrPOSRPandPOS-
APL is atasetupstage.If thereis norollbackin phase;_1
thenpl will be doubledin phase;, otherwiseit will bere-
ducedto half thelength.

4.5 Phase-driven Optimistic Simulation with an
Event Predictor (POSEP)

If we know exactly whenthe next eventwill occur we
candeterminethe synchronizatiompoint easily Therehave

al

if al confirms the event
then a2 rollbacks
and discards history from ts to tg.
+ Also, updates ts with tg
! and finishes the current phase.
! else al continues its computation.
I
I
I
I
I
I
I
I
I
I
I
I
I
I

time

| pl |

: : : a2
az | S [[]vz =2.0%v2
a |l L m V1=2.0*v1-50.0

| | | time

ts tg tf

Figure 13. POSRP Synchronization
(rollbac k)

stage

beenstudieson detectingeventsin differential-algebraic
models[16] andhybrid systemg10].

The third methodof our optimistic approachess based
on the estimatorthat predictswhenthe next eventwill oc-
cur. In POSEPREstimator is a specialprocesswhich col-
lectstheagentstatesandthe constraintof theactve modes
from all agents. Estimator solvesthe constraintso pre-
dict tf andbroadcast#t with the approximateddynamics
of sharedvariablesat the setupstage. Figures14, 15, 16,
and 17 illustrate an optimistic distributed simulationalgo-
rithm POSEP

Agents to estimator: state and constraints

Estimator to agents:
tf and polynomial approximation of
shared input variables

| 1

a2

al

Estimator

Figure 14. POSEP Setup stage

e Setupstage(Figure 14): Agents sendtheir current
statesaandconstraintdo Estimator atts. Estimator
solvesthe constrainteandpredictswhenthenext event
will occur Suchinformation is sentto the agents
with the polynomial approximationof sharedvari-
ables. Thus, we do not needpl to decidethe final
time tf of the currentphase. Estimator computes
andbroadcastgf to theagents:1 anda?2.



alis in modeO and a2 is in model.

a2

al

Estimator

Figure 15. POSEP Computation stage

al to a2: notify an event and tg
a2 to al: the past state of a2 at time tg

1
|
|
|
|

a2

al

= S

Estimat

al.vl<8.0 and |a1.vi-al.appr(v2)| >1.1
r |

I
|
I
AN .
I
I
I

tine

ts tg tf

Figure 16. POSEP Synchronization stage
(event notification)

e Computationstage(Figure 15): As Estimator pro-
videsinformationon the eventoccurrencesagentsdo
not have to utilize reflection to predict the possi-
ble next event occurrences.So, a warning condition
is relatedto only guards. In the example,the warn-
ing condition of al is alwl < 8.0 and |al.wl —

al.appr(v2)| > 1.1.
e Synchronizatiorstage(Figures16 and17):

— Eventnotificationsub-stageSuppose2 reaches
tf andthe warning condition of a1 is satisfied.
Then,al notifiesaneventto a2 with theits local
clocktg.

— Rollbacksub-stagelf a1l confirmstheeventthen
a2 mustrollback. After a2 rollbacksto time tg,
the both agentsdiscardthe history of the state
betweents andtg and Estimator processad-
vancesup to tg. The currentphaseendsandts
is updatedto tg. As is the casein POSRPal
will continueits computationif the eventis not
confirmedby al.

if al confirms an event
then a2 rollbacks and Estimator moves to tg
else al continues computation

1

rollback
a2 ‘ i

ts tg tf

Figure 17. POSEP Synchronization stage
(rollbac k)

4.6 Comparison

Tablel comparedglifferentdistributedsimulationsof hy-
brid systemsA potentialspeedugrom thedistributedsim-
ulation of hybrid systemsdependson the following three
factorsmainly: communicationoverhead,rollback over
head,andcomputatiortime for numericalintegrationsand
solvingconstraints.

The communicationoverheadis extremelylargein the
algorithm CS (Consenrative Simulation), as agentscom-
municateevery single updateround. In phase-dsen op-
timistic simulations,the communicationoverheadis rela-
tively small. Contrasto all theoptimisticapproacheghere
is norollbackoverheadn theconserativeapproachAs we
usethe constraintsolver to predicta possiblesynchroniza-
tion point betterin POSEPRthe rollback overheadwill be
smallerin POSEPthanin POSRPor POSAPL.Although
therewill be the smallerrollback overheadin POSER it
takesnormally alarge amountof computatiortimein solv-
ing constraints.Thus, it will dependon the characteristics
of givenmodelswhethemwe benefitfrom POSEPmMorethan
POSAPL.

5 Conclusionand Futur e Work

We haveillustratedhow to modelinteractive multi-agent
hybrid systemsusing a modelinglanguageCHARON and
proposedour distributed simulationalgorithms: one con-
senative simulation algorithm and three optimistic algo-
rithms. Thethreeoptimisticalgorithmsarephase-dren.In
generalthe optimistic approachesave the more potential
for a speedughanthe conserative approachsinceagents
will notbeblockedwhile waiting for the otheragentdo fin-
ish their phases.Our approachesestrict optimismwithin
eachphaseto reducethe high rollback overheadcausedy
alargegapamongthelocal clocksof differentagents.

We are implementingthe proposedsimulation meth-
ods over a network of workstationsand also on shared-
memorymultiprocessomachines.Sinceperformancede-
pendslargely on how muchagentsneedto communicate,
we are currently developing clustering and load balanc-



name communicatioroverhead| rollbackoverhead| potentialspeedup|
Consenrative verylarge N/A low
POSRP relatively small large low
POSAPL relatively small medium high
POSEP relatively small small high

Table 1. Comparison of diff erent distrib uted simulations of hybrid systems

ing techniquedor the proposeddistributed simulational-
gorithms.
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