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Abstract

In this paper we focuson addressingthe tradeofs be-
tweentimelinessaccuracyandcostfor applicationsrequir-
ing real-timeinformationcollectionin distributedreal-time
ervironmentslin this scenario,information consumes re-
quire datafrominformationsouicesat varyinglevelsof ac-
curacy and timeliness.To accommodaté¢he diverse char-
acteristicsof informationsouicesandvaryingrequirements
frominformationconsumes, we usean informationmedia-
tor to coordinateand facilitate communicatiorbetweerin-
formation soulcesand consumes. We develop algorithms
for real-timerequesscedulinganddirectoryservicemain-
tenanceandcompae our techniqueswith several otherpro-
posedstrategies. Our studiesindicate that the judicious
compositionof our proposedintelligent policies can im-
provetheoverall efciency of the systemFurthermoe, the
proposedooliciesperformverywell asthe systenscalesin
thenumberof informationsouicesand consumerequests.

1. Intr oduction

Recentdevelopmentsn mobilecomputingcommunica-
tionsandembeddedystemsrelik ely to enablethedeploy-
mentof largescaleubiquitouscomputingervironments\We
expectthatreal-timeinformationserviceswill gainimpor-
tancewith the emegenceof penasive computingerviron-
ments.Examplesof applicationsthatrequirereal-timeac-
cessto distributed information include network manage-
ment,stocktrading,air traf ¢ control,security/sureillance,
medicalalertsand patienttracking. To facilitate suchreal-
time applications,an information collection architecture
thatcanseamlesslprovide real-timeaccesso dynamically
changingdataregardlessof diverseuserrequirementand
changingsystemconditionsis a must.

Real-timeinformationcollectionin a dynamicenviron-
ment presentsthe systemdesignerwith interestingchal-
lenges.Firstly, information sourcesprovide a continuous
streamof datathat can dynamicallyvary over time. This
information may needto be capturedand storedrapidly

andaccuratelySecondlyusersrequiringaccesgo this dy-
namicallychangingdatapresentariableuserrequirements
in terms of accurag of dataand timelinessof the ser
vice. Furthermore,network and service providers would
like to ensureeffective utilization of underlyingcomputa-
tion, communicatiorand storageresourcesldeally, appli-
cationswould like to obtainaccuratestateinformationin a
real-timemannerwith the leastcost. The underlyingmid-
dleware architecturemust deal with the issueof balanc-
ing thesecompetinggoalsof timelinessaccurag andcost-
effectivenessMany applicationsarewilling to toleratein-
formationimprecisionandboundeddelivery latenciesOur
strat@y is to exploit theseaccuray andlateny mamginsto
ensurghatmostapplicationgeceve informationat the de-
siredlevels of quality andtimelinesswhile minimizing re-
sourceconsumption.

The key componentof a real-time information collec-
tion architectureis an information mediator Information
sourcescommunicatechangesn sourcevaluesto the me-
diatorandinformationconsumergorwardtheir requestdo
themediator Giventhe dataintensve natureof the system,
therealtime informationcollectionarchitecturéncludesan
informationrepository i.e. directory service(DS) that re-

ects the intensve datachangesas closely as possibleor
necessaryMaintainingthe DS is not a trivial task,asthe
datachangesonstantlyanddataupdatesarrive frequently
In additionto processingourceupdatesthe systemmust
alsorespondo userrequestsn atimely fashion.Process-
ing sourceupdatesmttheexpenseof userrequestsvill mean
that fewer userrequestswill nish on time, while delay-
ing sourceupdatesn favor of userrequestavill meanthat
the DS will not be representatie of the stateof the exter-
nal ervironment.In additionto timelinessconstraintsuser
requestsnayalsoprovideaccurag constraintsSinceinfor-
mationin the DS may not be up to date,thereis a possible
mismatchbetweerthe DS accuray anduseraccurag con-
straints We arefacedwith a cost-accuragtradeof sincean
accurateDS makesit easierto satisfy more userrequests
with lessoverheadn a moretimely fashion,but couldalso
introducea high DS maintenanceost.



In this paper we develop stratgjiesto addresghe time-
liness/accuragcosttradeof in real-timeinformation col-
lection. We proposea middleware framework for the real-
time information collection processand designalgorithms
for real-timeschedulingandDS maintenanceT hroughex-
tensve performancestudieswe determineajudiciouscom-
positionof mediationpoliciesthataddresshereal-timein-
formationcollectiontradeofs undervarying conditions.

Therestof this paperis organizedasfollows. Section2
presentsa middleware architecturefor real-time informa-
tion collection, Section 3 formulatesthe accurag driven
real-timeinformationcollectionproblemandSection 4 ad-
dresses two-prongedsolutionvia the algorithmsfor real-
time requestschedulingand DS maintenanceSection5
presentexperimentalresultsandanalysis We concludein
Section6 with relatedwork andfuturedirections.

2. A Middleware Framework for Real-time
Inf ormation Collection

Figure 1 depictsthe architecturalcomponentsof our
real-time information collection framewvork. The frame-
work is designedo operatén highly dynamicenvironments
andconsistf vecomponents:
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Figurel: A system architecture for real-time infor-
mation collection

Information Soure: This is the managedentity, suchas
the sener, link, sensoror mobile/ x ed host. The informa-
tion sourcescan be programmedo sendupdatesperiodi-
cally, or sendupdatesvhensomethingabnormalbccurs.

Information Repository:Information repositoryis used
to hold information about sourcesthat are of interestto
users.Theinformationobtainedrom sourcesncludessen-
sor data, network parametergsuchas residuallink band-
width, end-to-enddelay on links etc.), sener parameters
(suchas CPU utilization, buffer capacity disk bandwidth,
etc.),andmobilehostparametergsuchasmobilehostloca-
tion, connectvity, power level etc.). In our systemwe use

thedirectoryservice(DS) asthe informationrepository

InformationConsumer:This moduleconsumeslatacol-
lected from the information sources(storedin the direc-
tory service)for applicationandsystemlevel tasks.For in-
stanceyesourceprovisioning consumesnformationabout
network andsystenstatugo performadmissiorcontroland
resourceallocation;traf c monitoring applicationsobtain
datafrom highway sensorgeriodicallyto assistin traf c
planningandrouting.

RequesQueues Two queues(consumerrequestqueue
andsourceupdaterequestgueue)are maintainedo buffer
consumerequestandsourceupdaterequestsTherequests
areorderedby their assignedrioritiessuchthatthe rst el-
ementof the queuehasthe highestpriority.

InformationMediator: Thismodulesenesasthedecision
pointof theinformationcollection.It processeseportsfrom
sourcesandnoti cations from consumersndinvokessuit-
ableactionssothatthedirectoryservicemaintainanforma-
tion ata suitablelevel of accurag to satisfythedataquality
andtimelinessneedsf consumersGiventhattheinforma-
tion is the basisof the system policiesimplementedn the
mediatorcomponentsnust appropriatelyrepresenthe in-
formationin theDS, ef ciently collecttheinformationfrom
sourceandeffectively processequestdrom users.

The mediatorconsistsof threesub-componentésched-
uler, requestservicerand DS maintainer)that performthe
following tasks:sene requestsfrom consumergi.e., as-
sign priorities to queriesand dispatchthe requests)sene
requestsdrom sources(i.e., prioritize databasedon their
urgeng and popularity and dispatchthem accordingly);
maintainadequat®S accurag to sene consumerequests
andsourcerequestsvhile reduingcollectionoverhead.

3. Problem Formulation

In this section,we describedataandrequesimodelsfor
the highly dynamicenvironmentscharacterizeéhe perfor
mancemetrics QoS (Quality of Service)and QoD (Qual-
ity of Data)to be usedin evaluatingthe system,and pro-
vide aformalde nition of thereal-timeinformationcollec-
tion problem.Currently we assumeéhe presencef asingle
centralizedS. We alsoassumehatusersonly askfor cur
rentdata,not historicaldataat a speci edtime instant.

We assumethat the systemconsistsof a humber of
datasourcesThe dataobtainedis reportedby sourcedlis-
tributedin the environmentbeingmodeledandcollectively
describeshe stateof the system Examplesncludelink uti-
lization from the network managementiomain,stock and
commoditypricesfrom the nancial tradingdomain,tem-
peratureandpressurefrom achemicalprocessontroldo-
main. We speci cally considersystemswhere stateinfor-
mation changegapidly generatinga large amountof up-
dates.Each sourcehas a currentinstantaneouwvalue



while its representatiorin the DS is a range
with  asthe lower bound, as the upper boundand
. Therangeis refreshedwith updategwrite
only) to the DS from the source,and queried(readonly)
from the DS by consumersOftentimesdatafrom certain
sourcesareaccessedorefrequently sowe de ne thepop-
ularity of source ( ) astheratio of thenumberof re-
guestsaccessing to thetotal numberof requests.

Our systemincludestwo typesof requestssourceup-
daterequestandconsumerequestsWe rst de ne several
auxiliary parametergperiodicity, urgeng, relatvedeadline
andrangeprecision).Theseparametergharacterizeéimeli-
nessandaccurag constraintof incomingrequests.

To provide more e xibility to applicationswe provide
two parametergurgeng anddeadline)to specifythetime-
linessconstraintsTheurgeng of arequests acoarse-lgel
gualitative descriptionof how quickly the requestmustbe
processedthe deadlineof a requestspeci es the speci ¢
time by which the requesimustbe completed Application
may specify oneor both of theseparametergi.e., urgeng
and deadline);when both are present,the deadlinetakes
precedencelheurgengy of request is de nedas0,1
or 2 respectiely whenthe urgeng is low, mediumor high.
Therelative deadline of request is de ned as:

nodeadline
isto be nishedin timeunits

The precisionof a rangeis de ned asthe reciprocalof
the rangesize,i.e., ——. Therefore,a
zero-widthrangecontainsthe exactvalueandits precision
isin nite, while anin nite-width rangehasno information
aboutthe exactvalueandits precisionis zero.

Eachconsumerrequestis accompaniedy a time con-
straint,andalsoa precisionconstraintspecifyingthe max-
imum acceptablevidth of theresult. Whenjoint constraint
satisfctionis not possiblewe make useof a userspeci ed
“Bias' factorthatindicatesthe preferencesf consumers.

no preference
timelinessweighsmorethanaccurag
accurag weighsmorethantimeliness

Usingthenotionsde ned above, we de ne a sourceup-
daterequesaindaconsumerequestSourceupdaterequests
arewrite-only requestghatre ect the currentstatusof the
real-world ervironment.

De nition 1 A SourceUpdate Request is atupleof six
elementssource , requesissuetime , realvalue |, peri-
odicity ,urgency  andrelativedeadline e,

Oncea sourceupdaterequesis applied,the DS is updated

with and . Thecurrentvalue liesatthe centerof the
range,i.e., if currentrangesizeis , then
and . The DS maintenanceomponents re-

sponsibldor adjustingandstoringtheranges.

Consumerrequestsare read-onlyrequestsubmittedto
thesystento querycurrentvaluesof datasources.

De nition 2 A Consumer Request is de ned as a tu-
ple of thevalueof thedesiedsource , requesissuetime
periodicity ,urgency ,relativedeadline and
accumrcyrequirements , accuracy or deadlinebias

3.1. Characterizing QoSand QoD

To satisfythe precisionconstraintsthe precisionof an-
swer must be adequatej.e., .
An implicit assumptioris thatthe currentsourcevaluere-
mainsinside the range.The answer delity of the answer

for consumerequest is de nedas:

otherwise

where is thecurrentvalueof source at .

Theeffectivenesof handlingconsumerequestss mea-
suredusing a QoS value,i.e., the probability of success-
ful consumerrequestslf consumerequestdoesnot state
a preferencea successfutonsumerrequestnot only n-
ishesby the deadline(i.e., , where is
thetotaltimetakento complete ), butalsodeliversthean-
sweratthe desiredaccurag; if consumerequesindicates
abiastowardstimeliness/accuragcwe consideraconsumer
requestto be successfulf the deadline(accurag) is met.
Thereforewe de ne QoSasfollows.

De nition 3 The QoS of the systemis de ned as in Fig-

ure 2. Whee is the total processingtime of con-

sumerrequest is the desiied deadlineof
is the precisionof answerof  and

is thedesied precisionof

SinceQoSis maximizedwhenboth deadlineandaccurayg
constraintsare met when no biasis speci ed, we set
to be greaterthan  or ; in addition,the ideal caseis
, 1.e., all therequestsatisfytheir bias(if ary). In

our evaluation,we set and .

QoD is a metric of how “good” the datais. The metric
variesfrom onesystemto anotherIn our systemthe QoD
is measuredy dataaccurag. We characterizedataaccu-
ragy by DS delity andDS validity. The DS delity mea-
suresthe divergencebetweenstoredrangein the DS and
the currentsourcevalue.In contrastthe DS validity with
respecto consumerrequesttcompareghe precisionof the
storedrangeof thedatawith theprecisionexpectatiorof the
consumerequestccessinghe data.A “good” or anaccu-
rate DS maintainsa rangethat not only re ects the current
sourcestatug(i.e., it is faithful), but alsosatis esthe preci-
sionexpectationof consumergi.e., it is valid).

We de ne the DS delity of source with currentvalue

attime andstoredDSinterval as:



(for req.withoutbias)

(for req.favoring timeliness)

(for req.favoring accurag)

Figure2: Characterizing system QoS in terms of timeliness/accurac y satisfaction of incoming requests

if

otherwise
ThereforetheDS delity of source overacertaintime pe-
riod is de ned asfollows:

This is equalto the percentagef time during that is
faithful. If we assumethat during , is uniformly ac-
cessedthenthe probability of accessing freshvalue of

is equalto the percentagef timethat is faithful [10], that
is . Hencewe cande ne theaggre-
gateDS delity overall sourcesduring the entiretime pe-
riod asbelow:

where is the accesgatio of
numberof consumemrequesting to the total numberof
consumerequestsand . Note that
whenthe systemperformancevariesovertime, focusingon
anarrover time interval for  would allow applicationgo
tunetheir responsienesgo suchchanges.
The DS validity for consumerequest accessing at
time measuresf the DS precisionof source meetsthe
's precisionexpectationat . If thestoredDS interval is
, thenthe DS validity is de ned asfollows:
if
otherwise
If thereare consumerequestsaccessing attime ,
thenthe DS validity for source attime

(theratio of the

Therefore,if thereare
over a certaintime period
source over isde ned asfollows:

consumerrequestsaccessing
, the DS validity of

This is exactly the probability of accessing valid valueof
during . Therefore the aggreyateDS validity
canbede ned asfollows:

where is the accesgatio of
numberof consumemrequesting
consumerequests).

(theratio of the
to the total numberof

As statedbefore,DS accurag is the combinationof DS
delity andDS validity.

De nition 4 Theoverall QoD or Aggregate DS Accuracy
is de nedasfollows:

3.2. Problem Statement

Formally statedgivenasetof sources
andaninput instance(requestset) , which is a collection
of  incomingsourceupdaterequestsand consumere-
quests , our
objectiveis to maximizeEoS(Ef ciency of the System)

| — |

WheresourceupdaterequestconsumerequestQoSand
QoD are respectiely de ned in De nitions 1, 2, 3 and
4. The communicatioroverheadnvolvedin the procesof
servingall therequestss representetly whichis the
averagenumberof messagegxchangedper request.The
costincludesall messagesxchangedor maintainingthe
DS andfor additionalprobing that may servicethe accu-
ragy requirementsf consumerequests Thereforepurob-
jectivesareto

increaseoverall QoSindicatedby the probability of suc-
cessfulconsumerequestgthat meetdeadlineand/oraccu-
ragy requirements.

increaseoverall QoD indicatedby the probability of ac-
cessingaccuratedatain the DS.

decreaseverall Costinvolvedin the backgroundorocess
of maintainingthe DS andalsoin servingrequests.

In practice,due to highly dynamic systemand network
conditions,unpredictableapplicationworkloads,and fre-
guently changinginformation sourcesthe joint optimiza-
tion of thesethreefactorsis very complicated.Therefore,
we aimto nd good heuristicsthat addresseshe tradeof
betweentimeliness(QoS),accurag (QoD) and overhead.
Our approachattemptgo achieve end-to-endQoShby fram-
ing the tradeof astwo sub-problemsWe manipulateQoS
by proposinganalgorithmto scheduléncomingsourceup-
daterequestsand consumerrequestsaiming to maximize
their accurag anddeadlineconstraintshencedesiredQoS
is achieved. This is doneunderthe assumptiorthat the di-
rectoryserviceis maintainedeasonabhaccurateSimulta-
neously we focus on adjustingQoD by presentingan ef-



cient directoryservicemaintenancalgorithmthat works
in concertwith the schedulingmechanismThe DS main-
tenancealgorithmfocuseson maximizingQoD withoutin-
creasingthe managemenoverhead Combiningthesetwo
algorithms the overall EoSis expectedto improve andour
experimentsshawv that the proposedapproachesesultin
very goodEoS.In the following section,we presentn de-

tail techniquedor requesschedulingandDS maintenance.

4. Timeliness-AccuracyBalancedScheduling

Giventhatrequestganarrive from bothdatasourcesand
consumersthe requestschedulemustvery carefully bal-
ancetherequirement®f consumerequestandtheir dead-
lines (QoS)againstthe needto keepthe DS entry that re-

ects thesourceup-to-datgQoD). Missingdeadlinesnight

meanmissingopportunities operatingon staledatamight
meanmakingwrong decisions.The schedulemustthere-
fore determinghe orderin which theincomingsourceand
consumerequestarehandledsoasto maximizethe possi-
bility of meetingbothaccurag anddeadlineconstraints.

Solutionsto addressthe con ict betweenuserrequest
timelinessand datafreshnesdhave beendevelopedin the
contet of real-timedatabase¢RTDB) [1, 6]. Thereare
somebasicissuesin mappingRTDB solutionsto the in-
formationcollectionscenarioFirstly, in the RTDB context,
consumerequestscorrespondo transactionga seriesof
read/writerequests)which typically take longertime to be
processedSecondly sourceupdaterequestsn the RTDB
context do not have deadlinesassociatedvith them, en-
ablingthemto betreateddifferentlyfrom real-timetransac-
tions.In our case more ne-grainedandtimely interaction
betweenthe consumerand systemis needed Both source
andconsumerequestsepresenasingleoperatioronasin-
gle datasource Furthermorebothsourceandconsumere-
guestsmay specifytimelinessrequirementsand a uniform
mechanisnfor assigningschedulingorderingto bothtypes
of requestds neededWe proposea Timeliness-Accurag
BalancedScheduling(TABS) mechanisnto balancetime-
linessandaccurag.

TABS attemptdo scheduleeonsumerandsourceupdate
requestgo ensurethat deadlinesare met and sourceup-
daterequestsare processedapidly enoughto maintainac-
curag. Speci cally, TABS addresseshe following issues
to obtaina balancebetweenQoSandQoD: (1) Decideon
anorderingof theincomingsourceupdaterequestg2) De-
cide on a relative orderingof sourceupdateandconsumer
requestsBasedon their periodicity anddeadline we clas-
sify all incomingsourceupdateandconsumerequestsnto
four cateyories: periodic deadlinebased(P-DL), periodic
non-deadlinebased(P-NODL), aperiodicdeadlinebased
(AP-DL) and aperiodicnon-deadlinebased(AP-NODL).
There are mary different applicationsthat can be classi-

ed into theserequestypes.Evenfor the sametype of ap-

plication,therequestypesmay vary dueto ervironmental
changesFor example,considera toxic chemicaldetection
systemthat continuouslymonitorsthe densityof a certain
toxic chemicalin an area.Undernormal conditions,a pe-
riodic non-deadlinebasedquery is issuedto the system;
interestedusersmay issue aperiodic non-deadlinebased
gueriesto check the density irregularly. When the den-
sity of the toxic chemicalis above certainthreshold,ape-
riodic deadline-baseduerieswith explicit deadlinesareis-

suedsothata chemicalthreatcanbe quickly identi ed and
falsealarmscanbe avoided.Oncearealthreatis identi ed,

periodic deadline-basedjueriesmay be issuedto provide
timely and accuratedensitylevel informationto aid emer

geng responséeamsn mitigatingthe hazard.

The objective of schedulingsourceupdaterequestss
to determinedynamicallyan updateschedulewhich max-
imizesthe overall QoD. If multiple sourceupdaterequests
to thesamesourceexist, themostrecentupdatewill bepro-
cessedrst (i.e.themostrecentvalueis the candidatefor a
DS update).Theremainingrequestsvill be processedvith
lower priority (for archival purposes)Wethenprioritize up-
daterequestdrom differentsourcedhasecdn the popularity
of thesourceurgengy anddeadlineof therequest.

The problemof schedulinga mixed setof hardperiodic
tasksandsoftaperiodictasksin adynamicervironmenthas
beenwidely consideredvhen periodic tasksare executed
underan EDF algorithm[4, 5, 7]. The goal of suchEDF
basedjoint schedulingalgorithmshasbeen(a) to meetall
the deadlinesof periodictasksand(b) to minimize the av-
erageresponsdime for aperiodictasks.A thoroughcom-
parisonof several schedulingtechniquesn termsof per
formance schedulabilityandimplementatiorcompleity is
presentedn [16]. Among those studiedtechniquesthe
Total BandwidthSener algorithm (TBS) exhibits superior
overall performanceandlow implementatiorcomplexity. It
assumethatall periodictaskshave harddeadlinegi.e.their
periods)andall aperiodictasksdo not have deadlines.

TABS considerseal-timejoint schedulingpf sourceup-
daterequestsand consumerequestasing the TBS algo-
rithm asa basisand assighsan absolutedeadlinefor each
incoming request.The following assumptionsand termi-
nologyareusedin TABS:

eachperiodicrequest hasaconstanperiod and
aconstantorstcaseexecutiontime

all periodicrequests
therasspeci ed
P-NODL;

the arrival time of the

have deadlinesi-
for P-DL or asits period for

periodicinstanceis given by

the absolutedeadline of the
given by

periodic instanceis
for P-DL or

for P-NODL,;

all aperiodic deadline basedrequests



have relative deadlines , SOits original ab-
solutedeadline ;
all aperiodicnon-deadlinebasedrequests
donothave deadlines;
the worst case execution time of each aperiodic re-
quest is known atits arrival time.

Assigning Absolute Deadlinesfor Aperiodic Requests:
We de ne the utilization factor for periodic requestsas
, andthe capacityof thetotal
bandwidthsener as . Toimprove theresponseime of
aperiodicrequestsye assigna possibleearlierdeadlineto
eachaperiodicrequesby applyingthe TBS algorithm[16].
Thereforegachtime anaperiodicrequesentershesystem,
we optimisticallyassignt adeadlineassumindghatthetotal
bandwidthof the sener ( ) canbe allocatedto thatre-
guestimmediately Whenthe aperiodicrequestarrives

attime , it recevesadeadline

where is the worst-caseaxecutiontime of the request.
By de nition . If the requestis aperiodic
deadlinebased,we comparethe assignedabsolutedead-
line with its original absolutedeadline

If , thenthe requests rejected.Other

wise, the requestis then insertedinto the ready queueof
the systemand scheduledoy EDF [11], as ary other pe-
riodic instanceor aperiodicrequestalreadypresentin the
system Intuitively, the assignmenof the deadlineds such
thatin eachinterval of time the ratio allocatedby EDF to
the aperiodicrequestmever exceedsthe sener utilization
, thatis, the processoutilization of the aperiodicre-
guestdgs atmost [17]. Basedon thediscussiorabove,
for eachincoming requestof the system,we setan abso-
lute deadlineby which the requesimustbe completed Re-
guestsareorderedn theircorrespondingueuegsourceup-
dateand consumerequestgueue)by their absolutedead-
lines. Whentwo requestshave the samedeadline we cal-
culate priority valuesto breakthe tie. The assignedpri-
ority valuere ects the popularity of the requestedsource
( ) andurgeng of the request( ) andis calcu-
latedas: .Are-
qguestwith a higherpriority valuewill be assignedanddis-
patcheckarlierthanarequeswith alower priority value.
Whenanew reques{eitherfrom consumenr sourcear
rives,the scheduleiinsertsit into the correspondingjueue
so asto presere deadlineorderingand additionally pre-
sene priority orderingfor multiple requestavith the same
deadline.When a dispatchedrequest nishes processing
(at the requestservicing module), the schedulerdecides
whichrequesto procesdy comparinghedeadlinesn both
sourceupdaterequestindconsumerequestjueuesthere-
guestwith the earliestabsolutedeadlineor the highestpri-
ority is thenext oneto bedispatchedo therequesservicer
Figure 3 shaws outlinesof the schedulingalgorithm.

The requestserviceracceptsa sourceupdateor con-
sumermrequesselectedy the scheduleanddetermineghe
speci csof how individualrequestsvill beprocesseth the
systenmsoasto satisfythetimeliness/accuraecosttradeof.
Whentherequesserviceracceptsa source updaterequest
it forwardsthe requesto the DS maintenancenodulethat
ultimately determinesvhetherthe DS shouldbe updated.
Whenthe requestserviceracceptsa consumerequestwe
mustdeterminewhetherit is necessaryo probethe source
when currentvaluein the DS is not accurateenough.We
aimto supportothtimelinessandaccurag, andatthesame
time, tailor the resultsto the consumers'preference(de-

ned as ) if both constraintscannotbe satis ed atthe

sametime. For detailsof how the concepbf “bias'is incor

poratedin the requestservicersub-componentinterested
readersnmayreferto [9].

Lemma (TABS Schedulability): Given a set of
odicrequestsvith processoutilization
with processoutilization
schedulabléf .
Proof. Supposéhereis anover ow attime . Theover
o w is precededy a periodof continuouautilization of the
processarFurthermorefrom a certainpoint  on,only in-
stance®f requestgperiodicor aperiodicyeadyat orlater
andhaving deadlinegessthanorequalto arerun.Let be
thetotal executiontime demandedby theseinstancesSince
thereis anover ow attime , we musthave . Let
be the total executiontime requiredby aperiodicre-
questsarrivedat orlaterandprocessedavith deadlinedess
thanor equalto , then (Lemma2in
[16]). We alsoknow that

peri-
,andaTB sener
, thewhole setof requestss

It followsthat , acontradiction.

Directory Sewice Maintenance for TABS The direc-
tory servicemaintenancenoduleis responsiblefor keep-
ing the directoryservice(DS) accurateenoughsothatmost
of theconsumerequestsanbe seneddirectly by consult-
ing thedirectoryservicewithoutprobingthesourceshence,
bothcommunicatioroverheacanddelayarereducedPrior
work has presentedthe following approachesinstanta-
neousSnapshoBasednformationCollection(SS)18] that
storesthe statusof the desiredparameterge.g.residueca-
pacity of network nodesand sener nodes)usingan abso-
lute value obtainedfrom a periodic snapshotStatic Inter-

val BasednformationCollection(SI)[2] thatpartitionsthe
capacityof the collectedinformationinto a x ed number
of equalsize intervals and representghe obtainedvalues
by correspondingndicesof the intenals inside which the
valuesfall; andDynamicRang BasedinformationCollec-
tion that holdsthe monitoredparametein theinformation



TABS()
[* thread1: to manaye bothqueues/
for eachincomingrequest

switch (requestategory)

caseP-DL: /* Periodic with Deadline*/

; break;
caseP-NODL /*Periodic withoutdeadline*/

; break;
caseAP-DL: /* Aperiodicwith Deadline*/
caseAP-NODL: /*Aperiodic withoutdeadline*/

break;

callinsert( );

insert( )
switch (requestype)
case(sourceupdaterequest ):
[* insertinto source updaterequesgueuer/
[* soasto preserveEDF order*/
suchthat
or
break;
case(consumerequest ):
[* insertinto consumerequesiueue*/
[* soasto preserveEDF order*/
suchthat
or

break;

[* thread?2: to dispatd requestsn readyqueues/
while (true)

and
call RequestSevicing( );

[* selecttherequestwith the earliestdeadlineor the highestpriority*/

Figure3: The TABS algorithm

repositoryusingarangewith anupperbound andalower
bound ; the rangemay be modi ed dynamically based
onthesamplednformation.Amongseveralpreviously pro-

poseddynamicrangebasedstratgies, athrottle-basedp-
proach(TR) whererangesareincreasear decreasedxpo-

nentially usinga pre-determinedhrottle factorwas shovn

to performwell [8].

Traditionally, the goal of the DS maintenancalgorithm
isto nd anefcient way to adjustcollection parameters
(samplingfrequeng andrangesize) so that desiredinfor-
mationaccuray is maintainedwhile minimizing the com-
municationoverhead.In our scenario,requesttimeliness
addsanotherdimensionof compleity into the problem.
Our objective is to develop an algorithmthat can caterto
a variety of sources(e.g., sensorswith very limited re-
sourcesand intelligence,or more powerful network inter
mediatecomponentdike routers).A DS that closely re-
ects the changeof real-world canlower the probability of
probingsourcedor currentexactvaluestherebysaving re-
guestprocessindime andincreasinghe chanceof meeting
the requestdeadlinesWe proposea Minimized CostDS
maintenancealgorithm(MC),a dynamicrangebasedcost-
drivenapproachwith restrictedsamplingthat balanceghe
cost/accuragitimelinesstradeofs. The MC algorithmana-
lyzesall thecostfactorsn thewholeproces®f information
collectionandidenti es anoptimal conditionto make sure
the costis minimized.In addition,a curve tting approach

is appliedto decidewhetherthe currentinternval shouldbe
relaxed, tightenedor moved to a new positionso that the
changesn sourcevaluescanbe moreaccuratelycaptured.
Thisis drivenby the conceptof * delity’. Furthermorethe

samplingfrequeng is reducedvhenthesourcevalueis sta-
ble for a long enoughperiod or whenthe interval is big

enoughto containmostof the changesSincethe DS main-

tenancealgorithmis not the focus of this paper interested
readersnayreferto [9] for details.

Note thatthe proposedapproachs cognizantof both the
desiredQoSandQoD. The schedulerwhere TABS is im-
plementedaimsto provide betterQoS;the DS maintainer
whereMC (a Minimized CostDS maintenancalgorithm)
is realized,is responsibldor datafreshnesgQoD); the re-
guestservicersub-componensenesasa conduitbetween
the schedulermandthe DS maintainer The requestservicer
determinesvhetherthevaluesstoredin theDS areaccurate
enoughfor incoming requestsand noti es the DS main-
tainerwhenaccurag violationsoccur Basedon this feed-
back,the DS maintaineradjustsits policy accordinglyso
thatthe DS is maintainedat areasonablaccurag level. In
otherwords,via therequesservicer QoD is maintainecby
the DS maintainerto assistthe schedulein achiezing bet-
ter QoS. This is becauseQoD hasa directimpacton the
frequeng of future sourceupdaterequestsand consumer
requestsywhich affectsthe systemload and schedulability
thusindirectly hasanimpacton QoS.



5. PerformanceEvaluation

We evaluatethe performancef theproposedscheduling
and DS maintenancéechniquesundera variety of system
conditionsandheterogeneougquespatterns\We compare
TABS with the following schedulingalgorithms(proposed
in thecontext of real-timedatabasef]): (1) Souceupdate
requestrirst (SF) appliesthe sourceupdaterequestwhen
it arrivesinto the system;(2) Consumerequest-irst (CF)
appliessourcerequestupdatesonly whenno consumere-
guestsarewaiting; (3) Split Updates(SU)is a compromise
betweerCFandSF, andclassi esdataobjectsasbeingpop-
ular andunpopular Sourceupdaterequestgo populardata
will be appliedon arrival andupdatego lesspopulardata
will beappliedwhenno consumerequestarewaiting; and
(4) On-Demandsource requestupdates(OD) extendsthe
CF policy by giving precedencéo sourceupdaterequests
only if thereexistsaconsumerequesthatencouters stale
object(i.e. anobjectfor which thereexists a sourceupdate
thathasnotyetbeenapplied).

We compareour proposedDS maintenanceapproach
(theMC algorithm)with threeotherapproachementioned
in previous sectionthat vary in samplingpolicy and data
representationThey are instantaneousalues(SS), static
intervals(Sl) anddynamicintervals (TR).

The Simulation Envir onment: We built asimulatorthat
consistsof the variouscomponentslescribedn Figure 1,
including the mediator(with the schedulingandDS main-
tenancesub-componentsiformationsourcesandthe DS.

Thesourcesarecharacterizedsfollows. The numberof
sourcesvariesfrom 25 to 200. Eachsourceholdsone ex-
actnumericvalue,andthe DS holdsall theinterval approx-
imations(whereappropriate)Sourcevaluesarepickedran-
domly and uniformly from the range ; source
valuesarechangederiodically(initially setto beevery100
milli-seconds)someof thesourceshangeaheirvaluesvery
slightly from to , While otherschangemoredra-
maticallyfrom  to

For eachsourcea sourceupdaterequesis sentoutreg-
ularly andthe periodis uniformly distributedin the range

. The arrivals of aperiodicsourceupdatere-
guestsare dependentpontheir sourcevalue changeswe
randomlypick sourceshat sendout urgentsourceupdate
requestswhen their value reachcertain thresholds.With
deadline-basedequeststhe deadlinesare uniformly dis-
tributedin the range . All sourceshave an
equalprobability of generatinga sourceupdaterequest.

Oneperiodicconsumerequests issuedfor eachsource
and its period is uniformly distributed in
Aperiodicconsumerequestrrival is modeledasa P0|sson
proceswith arrival rate andwith inter-arrival times
being exponentiallydistributed. Deadlinesassociatedvith
consumerrequestsare uniformly distributed in the range

. It is randomlydecidedwhetherthe aperi-
odic consumerrequestis deadlineor non-deadlinebased.
Furthermore eachsourcehasan equal probability of be-
ing requestedy consumerrequestsThe urgengy of each
consumerequesis randomlychoserto be0, 1 or 2. Accu-
ragy constraint®f consumerequestsremodeledasdevi-
ationsfrom ameanvalue [12].

Experimental Results: Our performancestudy evalu-
atesthe variouspolicy combinationsn termsof the over
all EoS, QoS (De nition 3), QoD( De nition 4) and Cost
(measure@dsthenumberof messageaxchangedn thesys-
tem).We studysystenrobustness$o sourcecapabilitiesand
applicationrequirementsaswell assystemscalability For
more detailedperformanceesults,interestedreadersmay
referto [9].

BasicPerformanceEvaluation: Figure4 shaws the sys-
tem ef ciency underall possiblepolicy combinations\We
obsenethatthefour combinationof policies(TABS+MC,
TABS+SI, FCFS+SIFCFS+MC)resultin betterEoSthan
the others. Amongthesewe obsene thatthe (TABS+MC)
combinationconsistentlyperformsbetter This is because
TABS keepsa good balancebetweensourceupdatere-
guestsand consumerrequeststhus renderingreasonably
good QoS and QoD; MC keepsthe directory servicerea-
sonablyaccuratewhile minimizing the maintenanceost.
We obsenre in a systemwith frequentincoming requests
from both sourcesand consumersthe simplistic FCFSex-
hibits good performancesincedecidingan orderin which
requestsshould be dispatchedand processedould intro-
duceunwantedoverheadWe alsonoticethatthe staticin-
tenal (SI) policies performbetterthan SSor TR. This is
becauseanintenal basedrepresentatiofasin Sl) requires
no updateswhen valuesfall within the interval; further
more, sincethe interval is static, no adjustmentof upper
andlower boundss neededvhich furtherreducegheover
head.Figure 5A indicatesthat the (TABS+MC) combina-
tion provideshigher QoD. We also obsene that with this
combination(SeeFigure5B), the DS effectively maintains
theneededhccuray, reducingthe numberof sourceprobes
for consumerequests.

SystenRolustnes&valuation:In ourbasicperformance
evaluation,we assumeall the sourcesare unintelligentor
passiveandthatthey only respondo probesj.e.,whenthe
mediatorsendsqueriesfor their currentvalues the sources
returnthe values,however they do not generatevalue re-
portsspontaneouslyn therealworld, sourcesnay possess
the intelligenceto reportchangesndependentlyThis ad-
ditional intelligencerelievesthe mediatorfrom the burden
of periodicsampling however, it canalsorendervery poor
systemperformancenvhenthe frequeny of sourcereports
doesnot accuratelyre ect thechangesn the sourcevalue.

Figure 6 (left) illustrateshow thefour bestpolicy combi-
nationsadaptto sourceheterogeneityn thefollowing three



A. QoD comparison

Figure4: EoS comparison

catgyories: (a) all of the sourcesare passie (all-passve-
sources)(b) half of the sourcesaaresmartandthe otherhalf
arepassve (mixedsources)(c) all sourcearesmart As the
numberof intelligentsourcesncreasesthe performancef
(TABS+MC) improves.Whenall of the sourcesareintelli-
gent,it clearlyoutperformghe othercombinations.

Figure6 (middle) depictssystemperformancewith dif-
ferent categories of consumerrequestdeadlines.In the
rst cateory, dl-small all the deadlinesareuniformly dis-
tributedin therangeof 500msto 1 secondwith dl-mixed
all the deadlinesare uniformly distributedfrom 500 msto
1 minute;with dl-big, all the deadlinesare uniformly dis-
tributedfrom 50 secondo 1 minute.We obsene thatwhen
all the deadlinesarevery small, noneof the combinations
exhibit very high EoS,sinceDS accessethemselescause
deadlineviolations. As the deadlinesget bigger EoS in-
creasegreatly (TABS+MC) exhibitsthehighestEoS,since
it scheduleghe consumenrequestsand sourceupdatere-
guestsin a balancedway:. It probesthe sourcesonly when
necessarfi.e.,whentheDS doesnothave accuratelataand
thedeadlinewill notbeviolated)andalsomaintaingheDS
accuratelywhile minimizing the costinvolved.

SystemScalability Evaluation: Figure 6 (right) shavs
the performanceof the policies with increasingnumber
of sourcesIn addition,we shawv the bene ts of gradually
addingintelligenceto scheduleandDS maintenancenod-
ule. The EoSis signi cantly higherasmoreintelligenceis
addedo eachcomponentasillustratedby the superiomer
formanceof the (TABS+MC) policy. (The (FCFS+SSYyep-
resentghe simplestpolicy combination.Adding morein-
telligenceto scheduler(i.e., replacingFCFSwith TABS)
improvesEoSsince TABS ensuredairnessamongthe re-
guestsandeffectivenesf handlingeachrequestin addi-
tion, addingintelligenceto DS maintainel(i.e.,replacingSS
with MC) decreasethe overheadnvolved in maintaining
the DS, thusfurtherincreasingthe EoS.) We obsene that
asthe numberof sourcedn the systemincreasesthe EoS
decreaseslowly sincethe systemis busy handlingmore
sourceupdaterequestsin other experimentswe also ob-

Figure5: Detailed comparison of four best polic y combinations

sene thatthe (TABS+MC) policy exhibits superiorperfor
mancewith increasen the numberof consumerequests.

In summary our performancestudiesindicate that the
policy combinationof (TABS+MC) exhibits highestsystem
ef ciency, thisimpliesthataddingintelligenceto the medi-
ator modulesis bene cial. We also nd thatasthe system
scalesin termsof the numberof sourcesor the numberof
consumerequeststhis combinationcontinuesto perform
well. In addition,this combinationis very robustto source
heterogeneitandvariationsin consumerequestleadlines.

6. RelatedWork and Conclusions

In this section,we review existing work in the areas
of event-driven/real-timemiddlevareanddatamanagement
andcompardt with our work.

The CORBA event service introducesthe conceptof
eventchannelsupplierandconsumerin addition,thereex-
ist other CORBA-basedevent servicessuchas TAO [13]
and COBEA(CORBA\-basedEvent Architecture)[14], as
well asnon CORBA-basedpublisher/subscribeservicear-
chitecturesuchas SIENA [3] and CMU Pub/Sub[15].
The architecturewe proposedin this paperis different
from the existing work reviewed above in several ways.
Firstly, unlike theeventchannelsn publisher/subscribear-
chitecturespur mediatorcomponensupportsspeci cation
of QoS constraintgcoarseand ne-grained timelinessre-
guirementsand accurag constraints)from both publish-
ers (sources)and subscribergconsumers)The mediator
also supportsboth periodic and aperiodic requests.Fur
thermore the mediatorcomponenincorporatesa sophisti-
catedrepositorymanagemergub-componentyhich main-
tainstherepositoryatacertainaccuray level sothatdesired
timelinessandaccurag constraint§rom consumerganbe
achieved. Languagesand methodologiedor eventcompo-
sition, which is inherentin event-basedniddlevare,com-
plimentsour effort andcanbeincorporatechsanadditional
layer/servicen themediatorcomponent.

B. Thenumberof consumetinitiated probes
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Figure6: System heterogeneity and scalability

Several projectsaddresghe tradeofs betweentransac-
tion timelinessand data freshnesssuch as the Stanford
Real-Time InformationProcesso(STRIP)project [1], [6]
andthe QMF project[19]; The tradeof betweendata ac-
curacy and cache maintenanceoverheadis addressedy
approximatedata caching[12]. Our work addresseghe
tradeofs in balancingall three factors-timeliness,accu-
racy and overheadin information collection for dynamic
distributedreal-timeernvironmentsWe alsoproposea mid-
dlewareframeawork within which the developedalgorithms
canbeimplementedOur real-timejoint schedulingof con-
sumer requestsand information source update requests,
combinedwith our cost-efective DS maintenancealgo-
rithm performvery well underdifferent systemload and
input characteristicsThe designdetails of a full- edged
prototype systemthat implementsthe proposedarchitec-
ture andthe implementationissuesthereinare beyond the
scopeof this paper(See [9] for moredetails).We believe
that adaptve middleware techniquedor servicemanage-
mentsuchasthosedescribedn this paperarekey to guar
anteeingapplicationQoSin distributedreal-timeernviron-
ments.
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