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Abstract

Complex embeddedsystemsconsist of hardware and softwae
componentdrom different domains,sud as control and signal
processing manyof themsuppliedby different IP vendos. The
embeddedystendesignerfacesthe challenge to integrate, opti-
mizeand verify the resultinghetepgeneoussystems.While for-
mal verificationis available for somesubpoblems,the analysis
of the whole systemis currently limited to simulationor emula-
tion. In this paper wetackle the analysisof global resouce shar
ing, scheduling andbuffer sizingin hetepgeneousembeddedys-
tems. For manypractically usedpreemptiveand non-peemptive
hardware and softwae schedulingalgorithmsof processos and
bussessemi-formaknalysistechniquesare known.However, they
cannotbeusedin systenievel analysisdueto incompatibilitiesof
their underlyingeventmodels.This paperpresentsa techniqueto
couplethe analysisof local schedulingstrategiesvia an eventin-
terfacemodel. We derive transformatiorrules betweerthe most
importanteventmodelsand provide proofswhele necessary We
useexpressiveexamplego illustratetheir application.

1. Introduction

With increasingembeddedystemcompleity, thereis atrendto-
wardsheterogeneouarchitecturesAutomotive systemsarecom-
posedf differentprocessorsunningdistributedfunctionswith re-
active or transformatre behaior underthe OSEK[16] operating
system.Bussesandprocessorsun differentresourcesharingpro-
tocols,suchastime sharing(TTP [10]) or packet communication
(CAN [17]) andstaticor dynamicpriority processoischeduling.
Multimedia devices, suchas set-topboxes, run telecommunica-
tion protocols,codingand signalprocessingunctionson hetero-
geneousnultiprocessorwith hardwiredor weaklyprogrammable
coprocessorand complex memoryarchitectures.Theseare just
two of mary similar examples. In all casessystemconstraints,
systemoptimization,andreuseof hardware and software IP are
themainsourceof heterogeneity

Global analysisof suchheterogeneousystemss a challenge
and is currently limited to simulation approachessuch as in
VCC [3], or Seamles$15]. The known limitations of simulation
suchasincompletecoverageandcornercasedentificationareag-
gravatedsincemary of the designerrorsonly resultfrom system
integrationrequiringdetailedknowledgewhich is often not avail-
ableto theintegrator

Theanalysisproblemcanbedividedin the analysisof the sys-
temfunctionalityandthe analysisof thetiming andresourceshar
ing of a systemimplementationon a specifichardware-softvare
platform. In this paper we focuson the relatedissuesof system
timing andresourcesharing.

Take an automotve bus which is usedby mary systemfunc-
tions from mary suppliers. Bus load, buffer memory require-
ment,andresponsdime analysisare amongthe major problems
requiringcomponentknowvledgeat integrationtime. By sharing
a commonresourcepreviously unrelatedsystemfunctionsinflu-
enceeachotherstiming. Adding or removing subsystemshanges
timing andresourceequirementsSincetiming typically is acen-
tral quality andcostfactor(deadtimesin control engineeringjit-
terin multi-media,buffer sizes,...), systemanalysismustiteratein
designspaceexplorationandsystemconfiguration.To reducein-
tegrationproblems peopleresortto fixedtime-sliceTDMA proto-
cols(e.g. TTP) without prioritieswhich arenot resourceefficient
andhardly scaleto larger systemsWith increasingevels of inte-
grationandextensionof the IP businesswe will seethis type of
problemsarriving atall heterogeneousystemsncluding SoCs.

Mary of the critical integrationproblems suchasbuffer mem-
ory analysisand responsdime analysiscould potentially be re-
solved by a formal globalanalysisif the knawvn approacheto lo-
cal subsystemanalysiscould be combinedwithout runninginto
the problemof statespacesxplosion. Statespacesxplosionwould
almostinevitably emege whentrying to analyzedetailedsystem
functionality e.g. of acar if thisinformationwereavailableatall.

Tamgetsystentiming analysiscanbedividedin two parts:anal-
ysisof asingleprocesexecutecdonatargetsystencomponenand
analysisof resourcesharingeffectsgivenprocessxecutiontimes.
For thefirst task, thereare mary recentcontrikutions combining
implicit or explicit programpath analysisand cycle-trueproces-
sor modeling,suchas[13, 5, 22, 9]. In addition, processcom-
municationcan be determinedto analyzecommunicationchan-
nel load and timing [22]. For the secondtask, thereis a huge
amountof work, mainly in thedomainof real-timeoperatingsys-
tems. In almostall approacheshowever, homogeneousesource
sharingstratgiesareassumedh literature. Therearevery few ex-
ceptionswhich considerspecialcasessuchas[18] analyzingre-
sponsegimesfor staticpriority processchedulingcombinedwith
aTDMA busprotocol.

Onereasorfor this lack of globalmodelsareincompatibilities
of the input event models. An input event model describeghe



frequeng andtype of input eventsthatleadto procesr commu-
nicationexecution. In effect, the input eventsdeterminethe sys-

tem workload. Resourcesharinganalysistechniquestherefore,
typically assumeertaininput eventmodels.The systemdesigner
candeliberatelyenforcean eventmodelfor a certaincomponent,
e.g. by time triggering,to enablea certainresourcesharingstrat-

egy or to obtainpredictablesystemtiming. This increaseduffer

costandresponsdimes. Our automotve applicationis a good

example.

The importanceof transitionshetweendifferentevent models
hasbeenwidely neglectedin literature.In generalglobal hetero-
geneousystemanalysigs currentlynotpossiblesincetherespec-
tive local analysistechniquesuseincompatibleevent models. In
this paper we introducea techniqueto globally analyzecoupled
local resourcesharingstrat@ies using an event streaminterface
model.

The paperis organizedas follows: In Section2, we analyze
andthen classify the event modelstypically usedfor analysisof
widely usedresourcesharingstratgies. An eventstreaminterface
modelandinterfacefunctionswhich allow to representiming and
eventpropagatiorin thecontext of very differentresourcesharing
stratgiesareintroducedin Section3. In Section4, we demon-
stratethe couplingtechniqueandtheintendeduseof eventmodel
interfacesin system-lgel analysisusinga complex example. Fi-
nally, we draw someconclusions.

2. Resource Sharing: Strategies & Analysis

Resourcesharingstratgies include processand communication
schedulingandmemoryallocation. In this section,we briefly re-
view the most popularevent modelsin literaturewith respectto
schedulinganalysis.

A simple and efficient assumptionis a streamof periodicin-
put events. Here, the arrival of eventscan be capturedby a sin-
gle parameterthe period T. Periodiceventsare usuallyenforced
by atimer, suchasfor input signalsamplingin signalprocessing.
Staticschedulingstratgieswith anon-preemptie (i. e.withoutin-
terrupt)cyclic or cyclo-staticprocessexecutionorderexploit this
periodicpropertyfor high efficiency [11] whenpossiblephasebe-
tweendifferent periodic event streamsare known. In caseof a
multi-rate system the staticexecutionorderincludesseveral exe-
cutionsof a procesgup to the macro-period).

The outputof a systemwith static processexecutionorderis
typically periodicwith jitter, i. e. with a definedmaximumdevia-
tion from theexecutionperiod. Thisjitter is causedy datadepen-
dentprocessexecutiontimesand, in caseof multi-rate systems,
by differenttimesbetweerthe executionsof a processn amacro-
period.

If the input eventsto a statically orderedset of processesr-
rive with a jitter, thenthereis lesstime for executionwhich ei-
ther reducegshe computationefficiency or requiresevent buffer-
ing to keepefficient periodicexecution. The sameapplieswhen
the phasebetweenperiodic event streamsis not known exactly.
So, evenfor a single resourcesharingstratey, input and output
eventmodelscanbeincompatible.

Periodicinput eventsarealsothe mainmodelfor staticpriority
schedulingstratgies. In RateMonotonic Scheduling(RMS) pri-
oritiesarestaticallyassignedccordingo the periodof aprocess,
the shorterthe periodthe higherthe priority. RMS is optimal for
periodically executedprocessesvith deadlinesat the end of the
respectie period[14]. In contrastto the staticorderprocessex-
ecution,the phasebetweerthe differentperiodshasno influence
on the schedulingefficiengy, andneednot be knowvn. The dead-
line requirementorrespond$o a modelof periodicoutputevents
with jitter. Deadlinescanbe earlierthanthe periodwith Deadline
Monotonic Scheduling(DMS) as optimal schedulingstrateyy or
laterthanthe period[12]. RMS/DMS canevenbeextendedto in-
cludeprocesgraphswith processiependenciesithoutchanging
theinputmodel[23].

The remaining event models can be subsumedas sporadic
events and event streamswith possiblebursts,in the following
called“sporadiceventmodel” and“bursteventmodel”,resp..The
burstmodelusestwo time basesthe minimumeventinter-arrival
timet andthe maximumnumberof eventsb whichmayoccurin a
timeinterval T. They arealsocalled‘inner” (t) and“outer” (T) pe-
riods of theeventstream.This burstmodelis usedby Tindell [21]
andAudsley [1] to extendthe analysisof staticpriority schedul-
ing to sucheventstreams.Gressef8, 7] usesa someavhatsimilar
modelfor analysisof dynamicpriority scheduling.It introduces
a vectorof sequentiatime intervals ratherthana singleintenal.
This givesstructureto an event sequencavhich canbe exploited
in analyzingEarliestDeadlineFirst (EDF) scheduling.Sporadic
events[20] only constrainthe minimum inter-arrival time t. This
modelis e.g. usefulto analyzeresponseimes.

This suney just selectedew landmarkand representage ap-
proacheut of the hostof work on schedulinganalysiswith the
purposeto find an event model classificationas a basisfor het-
erogeneousystemdesign. Gresses event modelis closestto a
generakventmodeltrying to capturerathercomplex eventstream
patterns.Balarin’s event “signatures”[2] usedfor simulationand
abstractioad analysishave a similar purpose. Both modelstar
getgenerakventstreammodelingatthe costof modelcomplexity
thatexcludesdirectapplicationof mostof theanalysisechniques
mentionedabove. Insteadthenext sectionwill introducetransfor
mationfunctionsbetweersimplermodelsallowing to keeptheim-
plementatiorefficiency of thesemodels. Anotherproblemof the
currentgeneralmodelsis the lack of formal operationson event
streamdhatallow to meige or split eventstreamse.g. onabus.

The suney suggestso usefour eventclassesperiodicevents,
periodiceventstreamswith jitter, bursteventmodelandsporadic
eventmodel. Someof the modelsare specialcasef others,but,
aswe will seelater, shouldbe differentiatedfrom the more gen-
eral casefor efficiengy andanalysisreasons.Eachof the models
representin eventstreamby a setof abstraciparameterse.g. the
periodT. Theseparameterallow to calculateheworst-caseum-
ber of eventoccurrencesvithin a givenintenal of time, which is
requiredby mostof the mentionedanalysisapproachesThis cal-
culationcanbe doneby afunctionng, (At). Tablel givesaformal
definition of thesefour eventstreammodels.



model params ng, (At)

periodic ~ <T> [?I

sporadic  <t> [%I

jitter <T,d> [%]

burst <T,t,b> {%J b-+min (b, [Hﬂb

Table 1. The four most popular event models

3. Event Model Coupling

In this sectionwe presentheactualcouplingof eventmodels.We
first discusscompatibility issuesbetweenthe four event models
introducedin the preceedingsection,and derive event modelin-
terfaceg(EMIFs) to transformthe parametersf oneeventmodel
into thoseof anothemodel. In thosecaseswhereno simpleinter-
facecanbe derived, we introducethe interpositionof eventadap-
tationfunctions(EAFs) like buffersandtimersin orderto couple
initially incompatibleeventmodels.This stepincorporatesuffer
sizingandeventdelaydeterminatiordueto the additionalsystem
functions. Finally, we alsoinvestigatesvent streamsuperposition
andcoincidence.

We introducethe basicideaof event model couplingusing a
simpleexample. Considerthe (sub)systendepictedin Figure 1.
Two processe®; andP, exchangadatavia eventstreameS

(2)—=~(=)
Figure 1. Event stream example

Letusassumehetwo processearemappedo two differentre-
sourcesOtherprocesseareimplementedn bothresourcestoo,
but they are not shawn in the figure. Eachresourceémplements
a differentresourcesharingstratgly (RSST). Let us furthermore
assumethattheknown analysigechniquegor thetwo scheduling
stratgjieshave thefollowing properties:

e from the timing analysisof ?; we know that the output
eventsare generallyperiodicwith period Ty but may expe-
riencea maximumijitter J; (e.g. resultingfrom preemptions
by otherprocesses)

e for thetiming analysisof P, thereexist only approachese-
quiring a sporadicinput event modelwith a minimum tem-
poralseparatiort,

Clearly, thetwo local analysisapproachefor #; and®, cannot
becoupleddirectly sincethetwo eventmodels(jitter andsporadic)
are basicallyincompatible. However, we are able to derive the
required parameteraluesof the sporadicevent model from the
knownvaluesof the jitter event model: The minimum temporal

separatiorof two successie eventswith jitter is the periodminus
the maximumijitter: t, = Ty — J;. In thefollowing, we generalize
thisidea.

3.1. Event Modd Interfaces

EventModel X

- RIERER

EventModel Y

= EMIFx_y -

Figure 2. An event model interface (EMIF)

Theintendeduseof eventmodelinterfaces(EMIFs) is shavn
in Figure2. P;’s outputevent model X resultsfrom the selected
techniqueto analyzethe P;’s executionbehaior with respectto
the resourcesharingstratgy RSST41. Similarly, the requiredin-
put event modelY of P is determinedby the selectedanalysis
techniquefor RSST». Now, it is the EMIFx_,y’'staskto translate
the eventstreams propertiefrom eventmodelX into aninstance
of event modelY. Suchinterfacesare generallyuni-directional
(X=Y). They canonly transforminstance®f X into instance®f
Y, notvice versa.

— = lossless

. ~

- —mlossy

X N » With adaptation
. , N
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Figure 3. Possible event model interfaces

Figure3 depictsthe possibletransformationgX—Y) for which
suchanEMIF canbefound. The solid linesindicatethatthein-
terfacelosslessly(i. e. with the samemodelingaccurag) trans-
formstheinformationof modelX into modelY, while thedashed
linesindicatealossof informationduringthetransformatiorpro-
cess. The dottedlines indicate that the transformationrequires
additionaladaptatiorof theinputeventstream.

In thebeginning of this sectionwe alreadysolvedthisinterfac-
ing for the transformation(jitter—sporadic). The EMIFs of the
otherfeasibletransformationgregivenin Table2. In casewhen
X =Y, no eventmodelinterfaceis actuallyneededsincethe pa-
rametervaluesareidentical. As canbe seenin thetable,for only
5outof 12 (notconsidering = Y) possiblesventmodeltransfor
mationsan EMIF canbe given. For the otherseven transforma-
tionslike (jitter—periodic)no EMIF canbefound. Which model
combinationsareinterfacablecanbe determinedy formally ana-
lyzing the correspondingvent models:we needto shav thatthe
behaior of every instanceof event model X is containedin the
setof all possibleinstanceof modelY. In otherwords,for every



EMIFx_y || Y=periodic | Y=jitter | Y=hurst Y=sporadic

X=periodic || ®=7 Genity | Ty =Tx,y =0 | Ty=Tx,by =1ty =Tx | ty =Tx (lossy)
X=jitter — Ty = Tx, dy = Jx (identity) — ty = Tx — Jx (lossy)
X=burst — — Ty =Tx.by =by.ty =ty (dentity) | ty =tx (lossy)
X=sporadic — — — ty =t (identity)

Table 2. EMIFs for simple model transformations

instanceof aneventmodel X, thetaskis to find aninstanceof an
event model Y with a ng,-function that covers the valuesof the
ng,-functionof X:

!
Ny x () < g (A1) (1)
Analogouslywe have to proof
!
Nev,x (A1) 2 Ng y (A1) @)

This ng, (At)-function representshe minimum numberof events
within a giventime interval At. Although not alwaysrecognized
in the existing analysisapproachesthis numberis of particular
importancefor the analysisof distributed systemgo resole the
so called schedulinganomalies[6]. Table 3 provides the ng,-

functionsof our four event models. If both conditionsin equa-
tions 1 and2 aresatisfied,an interfacecanbe found. Iff we can
alsoshawv equalityfor both equationsthe transformatioris loss-
less,i. e. the transformationdoesnot reducethe accurag of the

model X. Lossytransformatiorappliese.g. whenmappingfrom

theperiodicmodelto the sporadicone. Equationl is satisfiedout

Equation2 is not.

Ratherthan providing formal derivationsfor all of the model
transformationswe only demonstratdnon EMIFs canbe found
for the transformation(X=periodic—Y=burst). From Table 1 in
Section2, we know:

At
n;\r/,x (at) = ’Vﬂ-‘
- 8T
At . Y
+ . S =
na,’Y(At) = {TYJ by +min | by, &
model params Ngy (At)
periodic < T > [%J
sporadic <t > 0
jiter  <T,J> {%J

At
burst< T,t,b> %J b+max<0, {At—(LiJ+l)T "’bJ)

Table 3. The ng,-functions of the four models

We have aninstanceof a periodiceventmodelwith period Tx.
We assumehataninstanceof a bursteventmodelY with the pa-
rametersly = Tx, ty = Tx, andby = 1 hasthe sameng,,-function.
Proof:

a8 W

At .
nay(Ot) = % by +min | by, v

At

= At +min| 1 & LKJ s

T T ’ Tx

At min(1 At At

LT "I Tx o LTx

Clearly, theterm "Tx — {Txﬂ is eitherzeroor one,depending

onwhetherAt is aninteger multiple of Tx or not. Thus,ng, \ (At)
turnsinto:

A
0 |fT—;€N

ﬂ+
1 otherwise

ev,Y

o - (2]
= [%-‘:ng,x(m) g.ed.

Hence,Equationl is satisfied. Similarly, we can proof that
Equation2 is satisfied,too, and our assumedmnodel parameter
transformationgTy = Tx, ty = Tx, by = 1) in factrepresenthe
desiredeventmodelinterface. TheotherEMI Fs of Table2 canbe
foundsimilarly. As acounterexample,considerthe alreadymen-
tionedtransformation(jitter—periodic). It is trivial to proof that
no generalinterface canbe found: The event modelY=periodic
assumeshe eventsto occurwith equaltemporalseparationwhat
they generallydo not sincethey experiencea jitter. Only in the
specialcasewith Jx = 0, we canfind an EMIF. Similarly, we
canfind an EMIF for an instanceof a burst event model with
bx = 1 andtx = Tx. Clearly, both mentionedspecialcasesare
periodic without ary jitter nor burst, they are only the represen-
tation of a periodicevent streamusingthe parametersf jitter or
burstmodels,respectiely. However, with slight modificationsin
the implementationwe canalso capturesuchtransformationsn
moregenerakcasesThisis explainedin the next section.



X =Y I EMIFx_y | EAFy Ly | diar
jitter — periodic || Ty = Tx timedbuffer (Tear = Tx, hear = 1) Tx
jitter — burst Ty =Tx, by =1,ty =Ty | timedbuffer (Tear = Tx, hear = 1) Tx
burst— periodic || Ty = timedbuffer (Tear = £, near = bx — |bx (bx — 1) 2 |) | Tx — (bx — 1)tx
burst—s jitter Ty = %, =0 timed buffer (Tear = %, near =bx — [bx(bx = 1) £ |) | Tx — (bx — Dtx

Table 4. Synchronization EMIFs and EAFs

3.2. Event Adaptation Functions

As alreadymentioned periodic event streamswith jitter cannot
be capturedby purely periodic event models. However, in dig-
ital signal processingsystemsjnternal eventsare often assumed
periodic sincethe systems overall input is purely periodic. But
dueto resourcesharingand/ordata-dependenirocessexecution
times, internal eventsmostlik ely experiencea jitter. To keepup
with periodic models,buffers and timers are widely usedto re-
synchronizesucheventsaccordingo theinitial period. Thisshavs
thatit is generallypossibleto coupleinitially incompatibleevent
modelsfor analysisat the costof additionalsystemfunctions.We
referthesefunctionsto aseventadaptatiorfunctions(EAFs). An
examplefor theuseof EAFsis givenin Figure4.

EventModel X EventModelY

. AR RN

= EMIFx_y -

\
|
|
|
|
|
|
|
)

Figure 4. An EMIF with event adaptation function (EAF)

The actualfunctionality of theseEAFs hasto be derived from
thetwo eventmodels. For the abore mentionedvery simplecase
(X=jitter—Y=periodic),the EAF canbefoundstraightforvard. A
buffer of sizel andanoutputissueperiodof Ty is needed.Now,
we canderive an EMIF for this situationby simply settingTy to
thevalue of Tx. In generalthe parameter®f the timed buffers
needto be formally derived from the model transformations.
Again,we only shaw this derivation procesaisingonerepresenta-
tive, thatis themodeltransformation(X=burst—Y=periodic). We
startwith finding the periodTy. Fromthebursteventstreamfrom
1 we know thatthereareby eventsevery Tx time units. As are-
sult, we obtainanaverageinter-arrival time of @tx = g—i Clearly,
this averageinter-arrival time mustbe the period of the periodic
eventY, otherwisethe event buffer under or overflows. The de-
terminationof the requiredbuffer sizeis morecomplex. On the
onehand,the buffer needgo belargeenoughto temporarilystore
eventsduringa burstin all possiblesituations.On the otherhand,
we arelooking for atight boundon the buffer sizein orderto op-
timize buffer memory Hence,we needto identify worst-casesit-
uations.The worst-caseéuffering situationoccurswhenthe burst
eventsarrive assoonaspossibleandthe periodiceventoccurswith

amaximumphasedelayof Ty with respecto thebeginningof the
burst. An examplefor by = 5 is depictedn Figure5.

x (i A
v
s e o

Figure 5. Worst scenario for

EAFbursHperiodic

case-buffering

The maximum buffering delay dEAF experiencedby the last
eventof theburstis marked by the gray shadedox:

dE_AF =Tx — (bx — D)tx

Sincethe eventsareremoved from the buffer periodically the
maximumnumberof eventsin the buffer (n ) is:

dEar
%

B [Tx —(bx — 1)txw
= | X=X

Bx

+
NEAF

= by— [bx(bx - 1)%} 3)

Similarly, the EAFs and EMIFs for other modeltransforma-
tions canbe derived. A list of EAFs andEMIFs is provided by
Table 4. As can be seen,the transformationgjitter— periodic)
and (jitter—burst) require the sameEAF. The sameholds for
(burst—periodic)and(burstijitter). Thisis becauseve useperi-
odic EAFsiis all cases.Thus,two modeltransformationsequire
the sameEAFx_,y whenthey have the sameinput event model
X. Notethateventmodelinterfaceswith adaptatiorfunctionsal-
ways perform a lossy transformationof model X into model Y
sincedetailedinformationof the input event streamis lost dueto
synchronization.

In this section,we only consideredsynchronizatiorof single
input event streams.However, processesanhave several inputs
with eachinput streambeing representedn a different model.
Here, synchronizatioris morecomple. Thisis briefly suneyed
in thenext section.



3.3. Model Extensions

For processewith two inputs,thereexist two differentpossibili-

ties. Eitherthe processcanexecutewheneer thereis aneventon

oneof its inputs(OR-process)or theprocesseeddo wait for one
eventon both inputs (AND-process).Ramanathatil9] provides
detaileddefinitionsfor AND- andOR-processebut doesnotcon-

sidereventstreamsWith respecto theeventstreamthe OR-case
is comparatiely simple. Thetwo input event streamsaremerged

into a new event stream. The analysisin [8] provides meansto

formally capturesventstreammeiging. However, themodelis not

applicableto mostof the analysisapproachesHence we needto

find a way to memge event streamswithin our suggestednodels.
Thefollowing examplewill illustratethis.

X f f f
JNE S S T
300 A T N By B
R | -
‘ Tmacro_period ‘

Figure 6. Merging two periodic event streams

Considertwo periodiceventstreamsX andY with differentpe-
riods Tx = 1.5 Ty. This is depictedin Figure6. The resultis
a periodic event streamwith jitter, indicatedby the gray arrows.
The proofis similar to satisfyingequationsl and?2, only thatwe
have to considerthe superpositiorof event streams.We assume
thata periodicmodelwith jitter andthe parameters

=7 1 and Jz=Tz

is ableto capturehememging of two periodiceventstreamsProof:
At+ 3y _ At+Tz _ g i1
Tz Tz Tz

S N .
B L CTx Ty

Il

naz(At)

1 1
_x+_Y
At

[ At
ﬂ-‘ + [ﬁ-‘ = n;r/,x(At)jLn;,’Y(At) g.ed.

A%

Similarly, we can checkthat the condition of Equation2 is sat-
isfied, too. Suchmeging EMIFx_y_,zs canbe found similarly
for otherevent streamsg.g. one periodicandoneburst. In gen-
eral,themeiging procedurevithin OR-processedoesnotenforce
ary restrictionsto theinput streammodels.In contrastthe AND-
processegequirecoincidenceof theinput events.In otherwords,
thenumberof events(ne, (At)) in botheventstreams< andY must
not diverge for large At. Otherwise the requiredevent buffer of
oneof the streamswill overflow. This canbe checled by Equa-
tion 4.

lim Nev,x (At)

!
=1 4
At—so0 Neyy (At) @

This condition must be true for all instancesof event streams
within thecorrespondingnodels.Thus,we have to guarante¢hat
the upperandthe lower boundon the numberof eventsfor each
input streamitself do notdiverge:

im eX (at)

]
=1 5
Bt N, (At) ©

Only whenboth coincidenceconditions,i. e. equations4 and5,
arefulfilled, thestreamsanbe AND-merged. To derive theactual
resultingevent streamis more complex thanthe superpositiorin
theOR-case.

The examplein Section3.2 alreadygives an idea about co-
incidenceof events. Here, an event streamwith burst was re-
synchronizednto a periodic event streamby meansbuffers and
timers. The timer of the EAF was usedto periodically output
eventsfrom thebuffer. We canthink of thistimerasasecondevent
streamandthe synchronizatiorasAND-merging. Trivially, both
streamdulfill theabove coincidenceconditions(sincewe derived
the parametersf streamY from the parametersf streamX). In
otherwords,coincidencevasaresultof theeventadaptatiorstep.
Usually coincidencés arequiremenin AND-merging. However,
the underlyingideaswith respecto buffer anddelayanalysisare
the same. This is a very simple caseof AND-merging. General
AND-merging is more complicatedandexceedsthe scopeof this
paper

Sofar, we have shavn how event streampropertiescanbein-
terfacedbetweendifferenteventmodelsby meansof EMIFs and
EAFs. Thisway, we arenow ableto couplepreviously incompat-
ible eventmodels,andthus,analysisechniquesThisis a prereq-
uisitefor global(system-lgel) analysis.Thenext sectioncontains
alargerexamplein orderto demonstrat¢heintendeduseof event
modelsduringsystemanalysis.

4. Application Example

Figure 7 shawvs a comple heterogeneouplatform architecture.
It consistsof four processorswvhich are connectedvia a CAN
bus[17]. ProceseP; sendsdatato processP; over the communi-
cationchannelCy. Similarly, processe¥, and?, exchangedata
via (3. The otherfour processesepresenthe resourcesharing
influencesonthe processorsHowever, they do not usethe bus.
Thetaskis to find eventmodelinterfacesandadaptatiorfunc-
tionsin orderto enablecoupling of existing local analysistech-
niguesfor theindividual resourcesln this paperlocal analysisis
only interestings sofar asit determinesndconstraintshe event
models.Thefollowing list givesa brief overvien ontheassumed
characteristicef theresourcesharingstratgies(RSST) andanal-
ysisapproachewith respecto the eventmodelsin theexample:

RSST; implementsstatic-priority preemptve scheduling. The
bursty outputbehaior (X;=bursteventmodel)of 2, results
from frequentpreemptiondy thehigherpriority proces®s.

RSST, is purely time driven and periodically schedulespro-
cessese.g. simpledigital signal processingunctionswith
a fixed responsdime. The outputis purely periodic (Xy),
too.
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Figure 7. Example: Four processors and one bus

RSST3 requiregheinputeventsto berepresentedsingthemodel
of sporadicevents(Y1). Thisis anexampleof aninputevent
model constraintenforcedby a specificanalysisapproach.
Clearly, the applicableanalysistechniquesdependon the
implementedschedulingstrateyy. However, for the event
modelcouplingprocedureno detailedinformationaboutthe
schedulingstratgy itself is necessaryOnly, therequiredin-
puteventmodelneedgo beknown.

RSST4 requiresperiodic(Y,) input streams.Similarly to RSST 3,
theactualschedulingstratey is notrelevantfor Y,.

RSSTgys implementsthe CAN [17] protocol, and assignsstatic
priorities to the logical channelsC; and (>. We assume
thattheinput streamsneedto be capturecby the burstevent
model(Z;) in orderto allow efficientanalysis.Furthermore,
we assumehattheoutputis providedasburstyeventstreams
(22), too. In orderto avoid confusionwhenderiving the cor
respondingevent modelparameterswe will usefour event
models,Zy 1...Z5 for thetwo in- andtwo outputs,respec-
tively.

With theseexplanationswe candetermingheeventmodelcou-
pling usingthe EMI FsandEAFs of tables2 and4. We begin with
thebusinputstreamsTheoutputof processP; doesnotneedo be
transformedsinceit is alreadycapturedusingthe eventmodelre-
quiredby the analysisof ;. Thus,no eventmodelinterfacesnor
adaptatiorfunctionsare neededunnecessarEMIFs and EAFs
areindicatedby the gray color), parametepropagationis sufi-
cient:

Tz, = Txys

bZM = bxla tZ1,1 = tXl

Thisdoesnotapplyto theeventmodelsX, andZ; . FromTable2,
we seethatwe canusethe bursteventmodel(Zy,») to capturethe
periodic(Xy) eventstreamcomingfrom ?:

TZLZ = TXza

bzl,z =1 tzl,z = sz

Now, the input event modelsfor the communicatiorchannelare
known, andthechannepacletresponseanbecalculatedisingan
appropriateanalysigechniquesuchasa properlyadaptedersion
of theanalysisof Tindell [21] or Lehoczly [12]. Theonly analysis
resultsrequiredarethe outputeventmodels(Z,). In our example,
theseareknown to be bursts. From Table2, we seethata simple
EMIF is sufiicientto transformthe bursteventmodelZ; ; into the
sporadiceventmodelY;:

ty, = tZZ,l

Again,we do notneedaneventadaptatiorfunction. However, the
interfaceEMIFz,, v, is lossy i. e. not the completeinformation
of eventmodelZ;; canbe capturedby eventmodelY;. A more
complicatedsituationis found for the last eventinterface. Here,
a burstevent modelneedsto be transformednto a periodicone.
As mentionedin Section3.2, this can be achieved by addinga
buffer andatimer to periodicallyoutputthe bufferedevents. This
way, the burstevent streamis synchronizedo a periodicstream.
Table4 providesuswith therequiredEMIF andEAF:

_ Tzz,z
bZz,z

T,

2

Theoutputissuerate(Tgar) andtherequiredbuffer size(ngar) to
temporarilystoreeventsduringa burstis givenby

Tz tz
Tear = 2, Ngar =bz,, — "ngz(bZzg —1) = -‘ ;
bZz,z TZz,z

andthe maximumbuffering delayfor eacheventis:
dI<EFAF = TZz,z - (bzz,z - l)tzz,z

In this example,we demonstratethe eventmodelcouplingtech-
niquein differentsituations.Trivially, eventmodelsmight already
match, and no interfacesare needed,as for the streamsX; and
Zy,. For Xo—Z,, a simple EMIF was sufficient to transform



the event streamwithout losing modelingaccurag. This wasnot
possiblefor the couplingZ, 1 — Y1, but we couldonly find alossy
EMIF. For the transformationZ; ,—Y,, no plain EMIF could
be found, but a buffer and a timer (EAF) were requiredfor re-
synchronization.

5. Conclusion

We presenteda techniqueandrulesfor event modeltransforma-
tions in orderto couplelocal analysismodelsfor system-leel
schedulingand buffer memoryanalysis. We startedwith a clas-
sification of known and practically usedresourcesharingstrate-
giesandtheir respectie analysistechniqguesWe shavedthatthe
analysigechniqueseaily dependntheinputeventmodel. The
more restrictedevent models,suchas periodic events, typically
obtaintight analysishoundsallowing highersystemoptimization.
Eventmodelincompatibilitiespreventthe applicationof sucheffi-
cientanalysistechniguesn globalsystemanalysis.

The eventstreaminterfacemodelintroducedin this paperpro-
videsfunctionsfor efficient eventmodelcoupling. We shavedin
which casesexact transformationsvithout loss of informationis
possible whereaccuray is lost becausahe subsequenanalysis
usesalessexpressie model,andhowv we canusean eventmodel
adaptatiorfunctionto derive a morerestrictedevent modelfrom
a moregeneralone. Event model adaptationusesbuffering and
timetriggeringwhichreflectswhatadesignemwould doin manual
design. We have shavn how to derive safebuffer sizesfor event
modeladaptations.

In summary the event model coupling presentedn this paper
is an enablingtechniqueto system-lgel schedulingtiming and
buffer memorysize analysis. It allows to keepthe efficiency in
subsystemdesignwithout compromisingglobal systemanalysis.
A tool for (semi-)automatetiming andbuffer memoryanalysisis
currentlyunderdevelopmentas part of the SPI (SystemProperty
Intervals) workbench[4], a tool suite for reliable and optimized
integration of embeddedeal-time systemson heterogeneouar
chitectures.
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