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Abstract
In this paper, we focuson addressingthe tradeoffs be-

tweentimeliness,accuracyandcostfor applicationsrequir-
ing real-timeinformationcollectionin distributedreal-time
environments.In this scenario,informationconsumers re-
quiredatafrominformationsourcesat varyinglevelsof ac-
curacy and timeliness.To accommodatethe diversechar-
acteristicsof informationsourcesandvaryingrequirements
frominformationconsumers,weusean informationmedia-
tor to coordinateandfacilitate communicationbetweenin-
formationsourcesand consumers. We developalgorithms
for real-timerequestschedulinganddirectoryservicemain-
tenanceandcompareour techniqueswith several otherpro-
posedstrategies. Our studiesindicate that the judicious
compositionof our proposedintelligent policies can im-
provetheoverall ef�ciency of thesystem.Furthermore, the
proposedpoliciesperformverywell asthesystemscalesin
thenumberof informationsourcesandconsumerrequests.

1. Intr oduction

Recentdevelopmentsin mobilecomputing,communica-
tionsandembeddedsystemsarelikely to enablethedeploy-
mentof largescaleubiquitouscomputingenvironments.We
expectthat real-timeinformationserviceswill gain impor-
tancewith theemergenceof pervasive computingenviron-
ments.Examplesof applicationsthat requirereal-timeac-
cessto distributed information include network manage-
ment,stocktrading,air traf�c control,security/surveillance,
medicalalertsandpatienttracking.To facilitatesuchreal-
time applications,an information collection architecture
thatcanseamlesslyprovidereal-timeaccessto dynamically
changingdataregardlessof diverseuserrequirementsand
changingsystemconditionsis amust.

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

andaccurately. Secondly, usersrequiringaccessto this dy-
namicallychangingdatapresentvariableuserrequirements
in terms of accuracy of data and timelinessof the ser-
vice. Furthermore,network and serviceproviders would
like to ensureeffective utilization of underlyingcomputa-
tion, communicationandstorageresources.Ideally, appli-
cationswould like to obtainaccuratestateinformationin a
real-timemannerwith the leastcost.The underlyingmid-
dleware architecturemust deal with the issueof balanc-
ing thesecompetinggoalsof timeliness,accuracy andcost-
effectiveness.Many applicationsarewilling to toleratein-
formationimprecisionandboundeddelivery latencies.Our
strategy is to exploit theseaccuracy andlatency marginsto
ensurethatmostapplicationsreceive informationat thede-
siredlevelsof quality andtimelinesswhile minimizing re-
sourceconsumption.

The key componentof a real-time information collec-
tion architectureis an information mediator. Information
sourcescommunicatechangesin sourcevaluesto the me-
diatorandinformationconsumersforwardtheir requeststo
themediator. Giventhedataintensivenatureof thesystem,
therealtimeinformationcollectionarchitectureincludesan
information repository, i.e. directoryservice(DS) that re-
�ects the intensive datachangesas closely as possibleor
necessary. Maintaining the DS is not a trivial task,as the
datachangesconstantlyanddataupdatesarrive frequently.
In additionto processingsourceupdates,the systemmust
alsorespondto userrequestsin a timely fashion.Process-
ing sourceupdatesat theexpenseof userrequestswill mean
that fewer userrequestswill �nish on time, while delay-
ing sourceupdatesin favor of userrequestswill meanthat
the DS will not be representative of the stateof the exter-
nal environment.In additionto timelinessconstraints,user
requestsmayalsoprovideaccuracy constraints.Sinceinfor-
mationin theDS maynot beup to date,thereis a possible
mismatchbetweentheDS accuracy anduseraccuracy con-
straints.Wearefacedwith acost-accuracy tradeoff sincean
accurateDS makes it easierto satisfymore userrequests
with lessoverheadin a moretimely fashion,but couldalso
introducea highDS maintenancecost.



In this paper, we developstrategiesto addressthe time-
liness/accuracy/cost tradeoff in real-timeinformation col-
lection.We proposea middlewareframework for the real-
time informationcollectionprocessanddesignalgorithms
for real-timeschedulingandDS maintenance.Throughex-
tensiveperformancestudies,wedetermineajudiciouscom-
positionof mediationpoliciesthataddressthereal-timein-
formationcollectiontradeoffs undervaryingconditions.

Therestof this paperis organizedasfollows.Section2
presentsa middleware architecturefor real-timeinforma-
tion collection,Section 3 formulatesthe accuracy driven
real-timeinformationcollectionproblemandSection4 ad-
dressesa two-prongedsolutionvia thealgorithmsfor real-
time requestschedulingand DS maintenance.Section5
presentsexperimentalresultsandanalysis.We concludein
Section6 with relatedwork andfuturedirections.

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

Figure 1 depicts the architecturalcomponentsof our
real-time information collection framework. The frame-
work is designedtooperatein highly dynamicenvironments
andconsistsof � vecomponents:
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Figure1: A system architecture for real-time inf or-
mation collection

� InformationSource: This is the managedentity, suchas
the server, link, sensoror mobile/�x ed host.The informa-
tion sourcescanbe programmedto sendupdatesperiodi-
cally, or sendupdateswhensomethingabnormaloccurs.

� Information Repository:Information repositoryis used
to hold information about sourcesthat are of interest to
users.Theinformationobtainedfrom sourcesincludessen-
sor data,network parameters(suchas residuallink band-
width, end-to-enddelay on links etc.), server parameters
(suchasCPU utilization, buffer capacity, disk bandwidth,
etc.),andmobilehostparameters(suchasmobilehostloca-
tion, connectivity, power level etc.). In our system,we use

thedirectoryservice(DS)astheinformationrepository.
� InformationConsumer:This moduleconsumesdatacol-
lected from the information sources(storedin the direc-
tory service)for applicationandsystemlevel tasks.For in-
stance,resourceprovisioning consumesinformationabout
networkandsystemstatusto performadmissioncontroland
resourceallocation; traf�c monitoring applicationsobtain
datafrom highway sensorsperiodically to assistin traf�c
planningandrouting.

� RequestQueues: Two queues(consumerrequestqueue
andsourceupdaterequestqueue)aremaintainedto buffer
consumerrequestsandsourceupdaterequests.Therequests
areorderedby theirassignedprioritiessuchthatthe�rst el-
ementof thequeuehasthehighestpriority.

� InformationMediator:Thismoduleservesasthedecision
pointof theinformationcollection.It processesreportsfrom
sourcesandnoti�cations from consumersandinvokessuit-
ableactionssothatthedirectoryservicemaintainsinforma-
tion atasuitablelevel of accuracy to satisfythedataquality
andtimelinessneedsof consumers.Giventhattheinforma-
tion is thebasisof thesystem,policiesimplementedin the
mediatorcomponentsmustappropriatelyrepresentthe in-
formationin theDS,ef�ciently collecttheinformationfrom
sourcesandeffectively processrequestsfrom users.

The mediatorconsistsof threesub-components(sched-
uler, requestservicerandDS maintainer)that performthe
following tasks:serve requestsfrom consumers(i.e., as-
sign priorities to queriesanddispatchthe requests);serve
requestsfrom sources(i.e., prioritize databasedon their
urgency and popularity, and dispatchthem accordingly);
maintainadequateDS accuracy to serveconsumerrequests
andsourcerequestswhile reduingcollectionoverhead.

3. Problem Formulation

In this section,we describedataandrequestmodelsfor
the highly dynamicenvironments,characterizethe perfor-
mancemetricsQoS(Quality of Service)andQoD (Qual-
ity of Data) to be usedin evaluatingthe system,andpro-
videa formalde�nition of thereal-timeinformationcollec-
tion problem.Currently, weassumethepresenceof asingle
centralizedDS.We alsoassumethatusersonly askfor cur-
rentdata,nothistoricaldataat aspeci�edtime instant.

We assumethat the systemconsistsof a number of
datasources.Thedataobtainedis reportedby sourcesdis-
tributedin theenvironmentbeingmodeledandcollectively
describesthestateof thesystem.Examplesincludelink uti-
lization from the network managementdomain,stockand
commoditypricesfrom the �nancial tradingdomain,tem-
peraturesandpressuresfrom achemicalprocesscontroldo-
main. We speci�cally considersystemswherestateinfor-
mation changesrapidly generatinga large amountof up-
dates.Each sourcehas a current instantaneousvalue � ,



while its representationin the DS is a range ����� 	�

���

with 	 as the lower bound, � as the upper bound and
	�������� . The rangeis refreshedwith updates(write
only) to the DS from the source,andqueried(readonly)
from the DS by consumers.Oftentimesdatafrom certain
sourcesareaccessedmorefrequently, sowede�ne thepop-
ularity of source� ( ������� ) astheratioof thenumberof re-
questsaccessing� to thetotalnumberof requests.

Our systemincludestwo typesof requests:sourceup-
daterequestsandconsumerrequests.We �rst de�ne several
auxiliaryparameters( periodicity, urgency, relativedeadline
andrangeprecision).Theseparameterscharacterizetimeli-
nessandaccuracy constraintsof incomingrequests.

To provide more �e xibility to applications,we provide
two parameters(urgency anddeadline)to specifythetime-
linessconstraints.Theurgency of arequestis acoarse-level
qualitative descriptionof how quickly the requestmustbe
processed;the deadlineof a requestspeci�es the speci�c
time by which therequestmustbecompleted.Application
mayspecifyoneor bothof theseparameters(i.e., urgency
and deadline);when both are present,the deadlinetakes
precedence.Theurgency ��� of request� is de�ned as0,1
or 2 respectively whentheurgency is low, mediumor high.
Therelativedeadline����	 of request� is de�ned as:

����	��� "!$#

nodeadline
%

� is to be�nished in
%

timeunits
The precisionof a rangeis de�ned asthe reciprocalof

the rangesize,i.e., ����&('*)+	,
-��./ 0

13254 . Therefore,a
zero-widthrangecontainstheexactvalueandits precision
is in�nite, while anin�nite-width rangehasno information
abouttheexactvalueandits precisionis zero.

Eachconsumerrequestis accompaniedby a time con-
straint,andalsoa precisionconstraintspecifyingthemax-
imum acceptablewidth of theresult.Whenjoint constraint
satisfactionis not possible,we makeuseof a userspeci�ed
`Bias' factorthatindicatesthepreferencesof consumers.
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Usingthenotionsde�ned above,we de�ne a sourceup-
daterequestandaconsumerrequest.Sourceupdaterequests
arewrite-only requeststhat re�ect thecurrentstatusof the
real-world environment.

De�nition 1 A SourceUpdateRequest �C� is a tupleof six
elements:source � , requestissuetime D , real value � , peri-
odicity ��&�� , urgency��� andrelativedeadline����	 . i.e.,

�C�E�F EG/�H
ID

-�J
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-���L
M����	ON .

Oncea sourceupdaterequestis applied,theDS is updated
with 	 and � . Thecurrentvalue � lies at thecenterof the
range,i.e., if currentrangesizeis � , then �P ��RQS��T

B

and 	U V�VWX��T

B

. TheDS maintenancecomponentis re-
sponsiblefor adjustingandstoringtheranges.

Consumerrequestsareread-onlyrequestssubmittedto
thesystemto querycurrentvaluesof datasources.

De�nition 2 A Consumer Request Y
� is de�ned as a tu-
pleof thevalueof thedesiredsource � , requestissuetime D ,
periodicity ��&�� , urgency��� , relativedeadline�Z�[	 and
accuracyrequirements���Z&E' , accuracyor deadlinebias
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3.1. Characterizing QoSand QoD

To satisfytheprecisionconstraints,theprecisionof an-
swer ^ must be adequate,i.e., ���Z&E'`_bac����&('`:<� .
An implicit assumptionis that thecurrentsourcevaluere-
mainsinside the range.The answer�delity of the answer

^R�d� 	�
-�Z� for consumerrequestY
� is de�ned as:
e�7 %gf;h 7

D9ij)+^�
KY
�k.l "!

A

	\�m�[)+Y
�onF�H
MY
�on DI.`�\�

#

otherwise

where��)pY
�onF�]
KY
�o
IDI. is thecurrentvalueof source� at D .
Theeffectivenessof handlingconsumerrequestsis mea-

suredusing a QoS value, i.e., the probability of success-
ful consumerrequests.If consumerrequestdoesnot state
a preference,a successfulconsumerrequestnot only �n-
ishesby thedeadline(i.e., q,qr:<���s�Z�[	t:<� , whereq,qu:<� is
thetotal timetakento completeY
� ), but alsodeliversthean-
swerat thedesiredaccuracy; if consumerrequestindicates
abiastowardstimeliness/accuracy, weconsideraconsumer
requestto be successfulif the deadline(accuracy) is met.
Therefore,wede�ne QoSasfollows.

De�nition 3 The QoS of the systemis de�ned as in Fig-
ure 2. Where q,q

:<�9v is the total processingtime of con-
sumerrequestY
�xw , ����	

:<�9v is thedesired deadlineof Yx�xw ,
����&('

_yv is theprecisionof answerof Y
�Cw and ����&('
:<�zv

is thedesiredprecisionof Y
�Cw .

SinceQoSis maximizedwhenbothdeadlineandaccuracy
constraintsare met when no bias is speci�ed, we set {

0

to be greaterthan {�| or {~} ; in addition,the ideal caseis
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, i.e., all therequestssatisfytheir bias(if any). In
ourevaluation,we set {

0

 

#

n ‚ and {
|

 \{
}

 

#

n

B

‚ .
QoD is a metric of how “good” the datais. The metric

variesfrom onesystemto another. In our system,theQoD
is measuredby dataaccuracy. We characterizedataaccu-
racy by DS �delity andDS validity. The DS �delity mea-
suresthe divergencebetweenstoredrangein the DS and
the currentsourcevalue.In contrast,the DS validity with
respectto consumerrequestcomparesthe precisionof the
storedrangeof thedatawith theprecisionexpectationof the
consumerrequestaccessingthedata.A “good” or anaccu-
rateDS maintainsa rangethatnot only re�ects thecurrent
sourcestatus(i.e., it is faithful), but alsosatis�esthepreci-
sionexpectationof consumers(i.e., it is valid).

We de�ne theDS �delity of source� with currentvalue
� at time D andstoredDS interval )+	,
-��. as:



•�€k•

 

=ƒ

ƒ

ƒ

?

ƒ

ƒ

ƒ

@

{

0…„r†z‡

:<�9vCˆ ‰‹Š•ŒC�zŽ••

vC‘u‘j’”“ •5•

Ž+•

v;–y—j˜

4

Ž+•

v™“ š

Šœ›
•<žŸŠ¡ •¢;£¡_uŽ+•

vC¤+‘u‘

0

“ ¥u—j¦r§y¨

Ž+•

vg©

¥u—j¦r§

Ž••

v”ª

†

†z‡

:<� v ˆ ‰3ŠœŒx� Ž+•

v ‘r‘j’
ª

†

( for req.withoutbias)

Q�{ |

„

†z‡

:<� v ˆ ‰‹Š•ŒC� Ž••

v ‘u‘

0

“ •«•

Ž+•

v –y—j˜

4

Ž••

v ª

†

†z‡

:<�9vxˆ ‰‹Š•ŒC�zŽ••

vC‘u‘

0

ª

†

(for req.favoring timeliness)

Q�{~}

„

†z‡

:<�9vCˆ ‰‹Š•ŒC�zŽ••

v ‘u‘

|

“ š

Šœ›
•<žŸŠ¡ •¢;£¡_uŽ••

v ¤•‘r‘

0

“ ¥r—j¦r§y¨ v

©

¥u—j¦r§

Ž••

v ª

†

†9‡

:<� v ˆ ‰3ŠœŒx� Ž+•

v ‘r‘

|

ª

†

(for req.favoringaccuracy)

Figure2: Characterizing system QoS in terms of timeliness/accurac y satisfaction of incoming requests
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Therefore,theDS�delity of source� overacertaintimepe-
riod qU V� D Š 
ID­wx� is de�ned asfollows:
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This is equalto the percentageof time during q that � is
faithful. If we assumethat during q , � is uniformly ac-
cessed,thentheprobabilityof accessinga freshvalueof �

is equalto thepercentageof time that � is faithful [10], that
is ´5µ™ŠI)­�]
Mq�.J 

e�¬

›
�o)p�H
IqZ. . Hence,wecande�ne theaggre-
gateDS �delity over all sourcesduring theentiretime pe-
riod q asbelow:
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. Note that
whenthesystemperformancevariesover time,focusingon
a narrower time interval for q would allow applicationsto
tunetheir responsivenessto suchchanges.

TheDS validity for consumerrequestYx�;Š accessing� at
time D measuresif the DS precisionof source� meetsthe

Y
�”Š 's precisionexpectationat D . If thestoredDS interval is
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��. , thentheDS validity is de�ned asfollows:
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This is exactly theprobabilityof accessinga valid valueof
� during qË´5ÌxŒÁ)p�H
Mq�. . Therefore,theaggregateDS validity
canbede�ned asfollows:

^Z��^
›
�

)

•


IqZ.> 

¶

�9³9¸H¹

´
Œx:9:9•z�I�

)p�
Š

.

°

´
ÌxŒ

)p�
Š


Mq�.

 

¶

�
³

¸H¹

´
Œx:9:9•z�I�

)p�
Š

.

°

��^
›
�

)p�
Š


Iq�.

wheréyŒx:9:9•z�z�;)­�™Š­. is theaccessratio of �™Š (the ratio of the
numberof consumerrequesting�

Š to the total numberof
consumerrequests).

As statedbefore,DS accuracy is thecombinationof DS
�delity andDS validity.

De�nition 4 Theoverall QoD or AggregateDS Accuracy
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3.2. Problem Statement

Formallystated,givenasetof Î sources
•

 RÏo�

0


Cn•n¡n•
K� ž<Ð

andan input instance(requestset)
¬

, which is a collection
of Ñ incomingsourceupdaterequestsand Î consumerre-
quests

¬

 

•

�RÒÍ'��Ó ÇÏo�C�

0


Cn•n¡n•
K�”�™Ô(ÕKY
�

0


Cn•n¡n•
MYx�”Ö
Ð , our

objective is to maximizeEoS(Ef�ciency of theSystem)

&

€k•

 Ø×3Ù

¹dÚ

×3Ù

˜

§

Ù

�< 

Wheresourceupdaterequest,consumerrequest,QoSand
QoD are respectively de�ned in De�nitions 1, 2, 3 and
4. Thecommunicationoverheadinvolvedin theprocessof
servingall therequestsis representedby '

€

�”D which is the
averagenumberof messagesexchangedper request.The
cost includesall messagesexchangedfor maintainingthe
DS and for additionalprobing that may servicethe accu-
racy requirementsof consumerrequests. Therefore,ourob-
jectivesareto

� increaseoverall QoSindicatedby theprobabilityof suc-
cessfulconsumerrequeststhat meetdeadlineand/oraccu-
racy requirements.

� increaseoverall QoD indicatedby the probability of ac-
cessingaccuratedatain theDS.

� decreaseoverallCostinvolvedin thebackgroundprocess
of maintainingtheDS andalsoin servingrequests.

In practice,due to highly dynamicsystemand network
conditions,unpredictableapplicationworkloads,and fre-
quentlychanginginformationsources,the joint optimiza-
tion of thesethreefactorsis very complicated.Therefore,
we aim to �nd goodheuristicsthat addressesthe tradeoff
betweentimeliness(QoS),accuracy (QoD) andoverhead.
Ourapproachattemptsto achieveend-to-endQoSby fram-
ing the tradeoff astwo sub-problems.We manipulateQoS
by proposinganalgorithmto scheduleincomingsourceup-
daterequestsandconsumerrequests,aiming to maximize
their accuracy anddeadlineconstraints,hencedesiredQoS
is achieved.This is doneundertheassumptionthat thedi-
rectoryserviceis maintainedreasonablyaccurate.Simulta-
neously, we focuson adjustingQoD by presentingan ef-



�cient directoryservicemaintenancealgorithmthat works
in concertwith the schedulingmechanism.The DS main-
tenancealgorithmfocuseson maximizingQoD without in-
creasingthe managementoverhead.Combiningthesetwo
algorithms,theoverall EoSis expectedto improveandour
experimentsshow that the proposedapproachesresult in
very goodEoS.In the following section,we presentin de-
tail techniquesfor requestschedulingandDS maintenance.

4. Timeliness-AccuracyBalancedScheduling

Giventhatrequestscanarrivefrom bothdatasourcesand
consumers,the requestschedulermustvery carefully bal-
ancetherequirementsof consumerrequestsandtheirdead-
lines (QoS)againstthe needto keepthe DS entry that re-
�ects thesourceup-to-date(QoD).Missingdeadlinesmight
meanmissingopportunities,operatingon staledatamight
meanmakingwrong decisions.The schedulermust there-
fore determinetheorderin which the incomingsourceand
consumerrequestsarehandledsoasto maximizethepossi-
bility of meetingbothaccuracy anddeadlineconstraints.

Solutionsto addressthe con�ict betweenuser request
timelinessand datafreshnesshave beendevelopedin the
context of real-timedatabases(RTDB) [1, 6]. Thereare
somebasic issuesin mappingRTDB solutionsto the in-
formationcollectionscenario.Firstly, in theRTDB context,
consumerrequestscorrespondto transactions(a seriesof
read/writerequests),which typically take longertime to be
processed.Secondly, sourceupdaterequestsin the RTDB
context do not have deadlinesassociatedwith them, en-
ablingthemto betreateddifferentlyfrom real-timetransac-
tions.In our case,more�ne-grainedandtimely interaction
betweenthe consumerandsystemis needed.Both source
andconsumerrequestsrepresentasingleoperationonasin-
gledatasource.Furthermore,bothsourceandconsumerre-
questsmay specifytimelinessrequirementsanda uniform
mechanismfor assigningschedulingorderingto bothtypes
of requestsis needed.We proposea Timeliness-Accuracy
BalancedScheduling(TABS) mechanismto balancetime-
linessandaccuracy.

TABS attemptsto scheduleconsumerandsourceupdate
requeststo ensurethat deadlinesare met and sourceup-
daterequestsareprocessedrapidly enoughto maintainac-
curacy. Speci�cally, TABS addressesthe following issues
to obtaina balancebetweenQoSandQoD: (1) Decideon
anorderingof theincomingsourceupdaterequests(2) De-
cide on a relative orderingof sourceupdateandconsumer
requests.Basedon their periodicityanddeadline,we clas-
sify all incomingsourceupdateandconsumerrequestsinto
four categories:periodic deadlinebased(P-DL), periodic
non-deadlinebased(P-NODL), aperiodicdeadlinebased
(AP-DL) and aperiodicnon-deadlinebased(AP-NODL).
Thereare many different applicationsthat can be classi-
�ed into theserequesttypes.Evenfor thesametypeof ap-

plication,therequesttypesmayvary dueto environmental
changes.For example,considera toxic chemicaldetection
systemthat continuouslymonitorsthe densityof a certain
toxic chemicalin an area.Undernormalconditions,a pe-
riodic non-deadlinebasedquery is issuedto the system;
interestedusersmay issueaperiodic non-deadlinebased
queriesto check the density irregularly. When the den-
sity of the toxic chemicalis above certainthreshold,ape-
riodic deadline-basedquerieswith explicit deadlinesareis-
suedsothata chemicalthreatcanbequickly identi�ed and
falsealarmscanbeavoided.Oncea realthreatis identi�ed,
periodic deadline-basedqueriesmay be issuedto provide
timely andaccuratedensitylevel informationto aid emer-
gency responseteamsin mitigatingthehazard.

The objective of schedulingsourceupdaterequestsis
to determinedynamicallyan updateschedulewhich max-
imizestheoverall QoD. If multiple sourceupdaterequests
to thesamesourceexist, themostrecentupdatewill bepro-
cessed�rst (i.e. themostrecentvalueis thecandidatefor a
DS update).Theremainingrequestswill beprocessedwith
lowerpriority (for archivalpurposes).Wethenprioritizeup-
daterequestsfrom differentsourcesbasedonthepopularity
of thesource,urgency anddeadlineof therequest.

Theproblemof schedulinga mixedsetof hardperiodic
tasksandsoftaperiodictasksin adynamicenvironmenthas
beenwidely consideredwhen periodic tasksare executed
underan EDF algorithm[4, 5, 7]. The goal of suchEDF
basedjoint schedulingalgorithmshasbeen(a) to meetall
thedeadlinesof periodictasksand(b) to minimize theav-
erageresponsetime for aperiodictasks.A thoroughcom-
parisonof several schedulingtechniquesin termsof per-
formance,schedulabilityandimplementationcomplexity is
presentedin [16]. Among thosestudiedtechniques,the
Total BandwidthServer algorithm(TBS) exhibits superior
overallperformanceandlow implementationcomplexity. It
assumesthatall periodictaskshaveharddeadlines(i.e.their
periods),andall aperiodictasksdonothavedeadlines.

TABS considersreal-timejoint schedulingof sourceup-
daterequestsandconsumerrequestsusing the TBS algo-
rithm asa basisandassignsan absolutedeadlinefor each
incoming request.The following assumptionsand termi-
nologyareusedin TABS:

� eachperiodicrequest�
Š hasa constantperiod ��&��

Š and
aconstantworstcaseexecutiontime &

Š ;
� all periodicrequests�

Š
�
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MÎrŒ Û Ö]› donothavedeadlines;
� the worst case execution time of each aperiodic re-
quest& is known at its arrival time.

Assigning Absolute Deadlinesfor Aperiodic Requests:
We de�ne the utilization factor for periodic requestsas
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bandwidthserveras �J_
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. To improvetheresponsetime of
aperiodicrequests,we assigna possibleearlierdeadlineto
eachaperiodicrequestby applyingtheTBSalgorithm[16].
Therefore,eachtimeanaperiodicrequestentersthesystem,
weoptimisticallyassignit adeadlineassumingthatthetotal
bandwidthof theserver ( � _

¥

) canbe allocatedto that re-
questimmediately. Whenthe º

 +Ü aperiodicrequestarrives
at time DJ /^��

Å , it receivesa deadline
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where &

Å is the worst-caseexecutiontime of the request.
By de�nition ^���	
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. If the requestis aperiodic
deadlinebased,we comparethe assignedabsolutedead-
line ^���	

Å with its original absolutedeadline ��^���	

Å .
If ^,�[	

Å

NØ��^���	

Å , thenthe requestis rejected.Other-
wise, the requestis then insertedinto the readyqueueof
the systemand scheduledby EDF [11], as any other pe-
riodic instanceor aperiodicrequestalreadypresentin the
system.Intuitively, theassignmentof thedeadlinesis such
that in eachinterval of time the ratio allocatedby EDF to
the aperiodicrequestsnever exceedsthe server utilization

�
_

¥

, that is, the processorutilization of the aperiodicre-
questsis at most �

_

¥

[17]. Basedon thediscussionabove,
for eachincomingrequestof the system,we setan abso-
lute deadlineby which therequestmustbecompleted.Re-
questsareorderedin theircorrespondingqueues(sourceup-
dateandconsumerrequestqueue)by their absolutedead-
lines.Whentwo requestshave the samedeadline,we cal-
culate priority valuesto break the tie. The assignedpri-
ority value re�ects the popularity of the requestedsource
( �����

� ) andurgency of the request( ���
�z³ ) and is calcu-

latedas: ���

�z³<£œ�
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ç����
�I³ . A re-

questwith a higherpriority valuewill beassignedanddis-
patchedearlierthana requestwith a lowerpriority value.

Whenanew request(eitherfrom consumeror source)ar-
rives,theschedulerinsertsit into thecorrespondingqueue
so as to preserve deadlineorderingand additionally pre-
serve priority orderingfor multiple requestswith thesame
deadline.When a dispatchedrequest�nishes processing
(at the requestservicing module), the schedulerdecides
whichrequestto processby comparingthedeadlinesin both
sourceupdaterequestandconsumerrequestqueues:there-
questwith theearliestabsolutedeadlineor thehighestpri-
ority is thenext oneto bedispatchedto therequestservicer.
Figure 3 showsoutlinesof theschedulingalgorithm.

The requestserviceracceptsa sourceupdateor con-
sumerrequestselectedby thescheduleranddeterminesthe
speci�csof how individualrequestswill beprocessedin the
systemsoasto satisfythetimeliness/accuracy/costtradeoff.
Whentherequestserviceracceptsa sourceupdaterequest,
it forwardsthe requestto theDS maintenancemodulethat
ultimately determineswhetherthe DS shouldbe updated.
Whenthe requestserviceracceptsa consumerrequest, we
mustdeterminewhetherit is necessaryto probethesource
whencurrentvalue in the DS is not accurateenough.We
aimto supportbothtimelinessandaccuracy, andatthesame
time, tailor the resultsto the consumers'preference(de-
�ned as

6�798

� ) if bothconstraintscannotbesatis�ed at the
sametime.For detailsof how theconceptof `bias' is incor-
poratedin the requestservicersub-component,interested
readersmayreferto [9].

Lemma (TABS Schedulability): Given a set of ÎyÛ peri-
odicrequestswith processorutilization �

¥

, andaTB server
with processorutilization �
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, thewholesetof requestsis
schedulableif �

¥
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Proof: Supposethereis anover�ow at time D . Theover-

�o w is precededby aperiodof continuousutilizationof the
processor. Furthermore,from a certainpoint DMê on,only in-
stancesof requests(periodicor aperiodic)readyat DMê or later
andhavingdeadlineslessthanorequalto D arerun.Let & be
thetotalexecutiontimedemandedby theseinstances.Since
thereis anover�ow at time D , wemusthave DjW²DMê�Gé& . Let
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be the total executiontime requiredby aperiodicre-
questsarrivedat D or laterandprocessedwith deadlinesless
thanor equalto DIê , then &
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, a contradiction.

Dir ectory Service Maintenance for TABS The direc-
tory servicemaintenancemoduleis responsiblefor keep-
ing thedirectoryservice(DS)accurateenoughsothatmost
of theconsumerrequestscanbeserveddirectly by consult-
ing thedirectoryservicewithoutprobingthesources;hence,
bothcommunicationoverheadanddelayarereduced.Prior
work has presentedthe following approaches:Instanta-
neousSnapshotBasedInformationCollection(SS)[18] that
storesthestatusof thedesiredparameters(e.g.residueca-
pacity of network nodesandserver nodes)usingan abso-
lute valueobtainedfrom a periodicsnapshot;Static Inter-
val BasedInformationCollection(SI) [2] thatpartitionsthe
capacityof the collectedinformation into a �x ed number
of equalsize intervals and representsthe obtainedvalues
by correspondingindicesof the intervals insidewhich the
valuesfall; andDynamicRangeBasedInformationCollec-
tion thatholdsthemonitoredparameterin the information



TABS()
/* thread1: to managebothqueues*/
for eachincomingrequest�

Ï ���Z�, ·ä Û

Ù

Û ç…�������JQOä è �tç`����� ;
switch (requestcategory)

Ï

caseP-DL: /* Periodicwith Deadline*/
^���	 �  /DuQO����	 � ; break;

caseP-NODL:/*Periodicwithoutdeadline*/
^���	 �  /DuQO��&�� � ; break;

caseAP-DL: /* Aperiodicwith Deadline*/
caseAP-NODL: /*Aperiodicwithoutdeadline*/
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;
break;

Ð

call insert( � );
Ð

insert( � )
Ï switch (requesttype)

Ï case(sourceupdaterequest�”� ):
/* insertinto sourceupdaterequestqueue*/
/* soasto preserveEDF order */
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;
break;

case(consumerrequestYx� ):
/* insertinto consumerrequestqueue*/
/* soasto preserveEDF order */
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;
break;

Ð

Ð

/* thread2: to dispatch requestsin readyqueues*/
while (true)

Ï /* selecttherequestwith theearliestdeadlineor thehighestpriority*/
�]ø, ùÏ”�óú ^,��	
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call RequestServicing( �
ø
);

Ð

Figure3: The TABS algorithm
repositoryusingarangewith anupperbound� andalower
bound 	 ; the rangemay be modi�ed dynamicallybased
onthesampledinformation.Amongseveralpreviouslypro-
poseddynamicrangebasedstrategies, a throttle-basedap-
proach(TR) whererangesareincreasedor decreasedexpo-
nentiallyusinga pre-determinedthrottle factorwasshown
to performwell [8].

Traditionally, thegoalof theDS maintenancealgorithm
is to �nd an ef�cient way to adjustcollection parameters
(samplingfrequency andrangesize)so that desiredinfor-
mationaccuracy is maintainedwhile minimizing the com-
municationoverhead.In our scenario,requesttimeliness
addsanotherdimensionof complexity into the problem.
Our objective is to develop an algorithmthat cancaterto
a variety of sources(e.g., sensorswith very limited re-
sourcesand intelligence,or morepowerful network inter-
mediatecomponentslike routers).A DS that closely re-
�ects thechangeof real-world canlower theprobabilityof
probingsourcesfor currentexactvalues,therebysaving re-
questprocessingtimeandincreasingthechanceof meeting
the requestdeadlines.We proposea Minimized Cost DS
maintenancealgorithm(MC),a dynamicrangebasedcost-
drivenapproachwith restrictedsamplingthat balancesthe
cost/accuracy/timelinesstradeoffs. TheMC algorithmana-
lyzesall thecostfactorsin thewholeprocessof information
collectionandidenti�es anoptimalconditionto make sure
thecostis minimized.In addition,a curve �tting approach

is appliedto decidewhetherthe currentinterval shouldbe
relaxed, tightenedor moved to a new positionso that the
changesin sourcevaluescanbemoreaccuratelycaptured.
This is drivenby theconceptof `�delity'. Furthermore,the
samplingfrequency is reducedwhenthesourcevalueis sta-
ble for a long enoughperiod or when the interval is big
enoughto containmostof thechanges.SincetheDS main-
tenancealgorithmis not the focusof this paper, interested
readersmayreferto [9] for details.

Note that the proposedapproachis cognizantof both the
desiredQoSandQoD. The scheduler, whereTABS is im-
plemented,aimsto provide betterQoS;theDS maintainer,
whereMC (a Minimized CostDS maintenancealgorithm)
is realized,is responsiblefor datafreshness(QoD); there-
questservicersub-componentservesasa conduitbetween
the schedulerandthe DS maintainer. The requestservicer
determineswhetherthevaluesstoredin theDSareaccurate
enoughfor incoming requests,and noti�es the DS main-
tainerwhenaccuracy violationsoccur. Basedon this feed-
back, the DS maintaineradjustsits policy accordinglyso
thattheDS is maintainedat a reasonableaccuracy level. In
otherwords,via therequestservicer, QoDis maintainedby
theDS maintainerto assisttheschedulerin achieving bet-
ter QoS.This is becauseQoD hasa direct impact on the
frequency of future sourceupdaterequestsand consumer
requests,which affectsthesystemloadandschedulability,
thusindirectlyhasanimpactonQoS.



5. PerformanceEvaluation

Weevaluatetheperformanceof theproposedscheduling
andDS maintenancetechniquesundera variety of system
conditionsandheterogeneousrequestpatterns.Wecompare
TABS with the following schedulingalgorithms(proposed
in thecontext of real-timedatabases[1]): (1) Sourceupdate
requestFirst (SF) appliesthe sourceupdaterequestwhen
it arrivesinto thesystem;(2) ConsumerrequestFirst (CF)
appliessourcerequestupdatesonly whenno consumerre-
questsarewaiting; (3) Split Updates(SU)is a compromise
betweenCFandSF, andclassi�esdataobjectsasbeingpop-
ular andunpopular. Sourceupdaterequeststo populardata
will be appliedon arrival andupdatesto lesspopulardata
will beappliedwhennoconsumerrequestsarewaiting;and
(4) On-Demandsource requestupdates(OD) extendsthe
CF policy by giving precedenceto sourceupdaterequests
only if thereexistsaconsumerrequestthatencoutersastale
object(i.e. anobjectfor which thereexistsa sourceupdate
thathasnot yetbeenapplied).

We compareour proposedDS maintenanceapproach
(theMC algorithm)with threeotherapproachesmentioned
in previous sectionthat vary in samplingpolicy and data
representation.They are instantaneousvalues(SS), static
intervals(SI) anddynamicintervals(TR).

The Simulation Envir onment:Webuilt asimulatorthat
consistsof thevariouscomponentsdescribedin Figure 1,
including themediator(with theschedulingandDS main-
tenancesub-components),informationsourcesandtheDS.

Thesourcesarecharacterizedasfollows.Thenumberof
sourcesvariesfrom 25 to 200.Eachsourceholdsoneex-
actnumericvalue,andtheDSholdsall theinterval approx-
imations(whereappropriate).Sourcevaluesarepickedran-
domly and uniformly from the range �ŸW
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‚

#
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#

� ; source
valuesarechangedperiodically(initially setto beevery100
milli-seconds):someof thesourceschangetheirvaluesvery
slightly from û

#

n ‚ to û

A

n ‚ , while otherschangemoredra-
maticallyfrom û�‚ to û

A

‚ .
For eachsource,a sourceupdaterequestis sentout reg-

ularly andthe periodis uniformly distributedin the range
)

A

#H#

Ñ²�H
K‚

#

�;. . The arrivals of aperiodicsourceupdatere-
questsaredependentupontheir sourcevaluechanges:we
randomlypick sourcesthat sendout urgentsourceupdate
requestswhen their value reachcertain thresholds.With
deadline-basedrequests,the deadlinesare uniformly dis-
tributedin the range )­‚

#]#

Ñæ�H
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Îr. . All sourceshave an
equalprobabilityof generatinga sourceupdaterequest.

Oneperiodicconsumerrequestis issuedfor eachsource
and its period is uniformly distributed in )
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#H#

Ñ²�]
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�™. .
Aperiodicconsumerrequestarrival is modeledasaPoisson
processwith arrival rate
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#
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Y andwith inter-arrival times
beingexponentiallydistributed.Deadlinesassociatedwith
consumerrequestsare uniformly distributed in the range
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Îy� . It is randomlydecidedwhetherthe aperi-
odic consumerrequestis deadlineor non-deadlinebased.
Furthermore,eachsourcehasan equalprobability of be-
ing requestedby consumerrequests.The urgency of each
consumerrequestis randomlychosento be0, 1 or 2. Accu-
racy constraintsof consumerrequestsaremodeledasdevi-
ationsfrom a meanvalue [12].

Experimental Results: Our performancestudy evalu-
atesthe variouspolicy combinationsin termsof the over-
all EoS,QoS(De�nition 3), QoD( De�nition 4) andCost
(measuredasthenumberof messagesexchangedin thesys-
tem).Westudysystemrobustnessto sourcecapabilitiesand
applicationrequirements,aswell assystemscalability. For
moredetailedperformanceresults,interestedreadersmay
referto [9].

BasicPerformanceEvaluation:Figure4 shows thesys-
tem ef�ciency underall possiblepolicy combinations.We
observethatthefour combinationsof policies(TABS+MC,
TABS+SI,FCFS+SI,FCFS+MC)resultin betterEoSthan
theothers.Amongthese,we observe that the(TABS+MC)
combinationconsistentlyperformsbetter. This is because
TABS keepsa good balancebetweensourceupdatere-
questsand consumerrequests,thus renderingreasonably
goodQoSandQoD; MC keepsthe directoryservicerea-
sonablyaccuratewhile minimizing the maintenancecost.
We observe in a systemwith frequentincoming requests
from bothsourcesandconsumers,thesimplisticFCFSex-
hibits goodperformance,sincedecidingan orderin which
requestsshouldbe dispatchedand processedcould intro-
duceunwantedoverhead.We alsonoticethat thestaticin-
terval (SI) policiesperform betterthan SSor TR. This is
becauseaninterval basedrepresentation(asin SI) requires
no updateswhen valuesfall within the interval; further-
more, since the interval is static, no adjustmentof upper
andlowerboundsis neededwhich furtherreducestheover-
head.Figure5A indicatesthat the (TABS+MC) combina-
tion provideshigherQoD. We also observe that with this
combination(SeeFigure5B), theDS effectively maintains
theneededaccuracy, reducingthenumberof sourceprobes
for consumerrequests.

SystemRobustnessEvaluation:In ourbasicperformance
evaluation,we assumeall the sourcesareunintelligentor
passiveandthatthey only respondto probes,i.e.,whenthe
mediatorsendsqueriesfor their currentvalues,thesources
return the values,however they do not generatevalue re-
portsspontaneously. In therealworld, sourcesmaypossess
the intelligenceto report changesindependently. This ad-
ditional intelligencerelievesthe mediatorfrom the burden
of periodicsampling,however, it canalsorenderverypoor
systemperformancewhenthe frequency of sourcereports
doesnotaccuratelyre�ect thechangesin thesourcevalue.

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



Figure4: EoS comparison

A. QoDcomparison B. Thenumberof consumer-initiatedprobes

Figure5: Detailed comparison of four best polic y combinations

categories:(a) all of the sourcesare passive (all-passive-
sources);(b) half of thesourcesaresmartandtheotherhalf
arepassive(mixedsources);(c) all sourcesaresmart.As the
numberof intelligentsourcesincreases,theperformanceof
(TABS+MC) improves.Whenall of thesourcesareintelli-
gent,it clearlyoutperformstheothercombinations.

Figure6 (middle)depictssystemperformancewith dif-
ferent categories of consumerrequestdeadlines.In the
�rst category, dl-small, all thedeadlinesareuniformly dis-
tributedin therangeof 500msto 1 second;with dl-mixed,
all thedeadlinesareuniformly distributedfrom 500 ms to
1 minute;with dl-big, all the deadlinesareuniformly dis-
tributedfrom 50secondto 1 minute.We observethatwhen
all the deadlinesarevery small, noneof the combinations
exhibit veryhigh EoS,sinceDS accessesthemselvescause
deadlineviolations. As the deadlinesget bigger, EoS in-
creasesgreatly, (TABS+MC)exhibitsthehighestEoS,since
it schedulesthe consumerrequestsand sourceupdatere-
questsin a balancedway. It probesthesourcesonly when
necessary(i.e.,whentheDSdoesnothaveaccuratedataand
thedeadlinewill notbeviolated)andalsomaintainstheDS
accuratelywhile minimizing thecostinvolved.

SystemScalability Evaluation: Figure 6 (right) shows
the performanceof the policies with increasingnumber
of sources.In addition,we show the bene�ts of gradually
addingintelligenceto schedulerandDS maintenancemod-
ule. TheEoSis signi�cantly higherasmoreintelligenceis
addedto eachcomponent,asillustratedby thesuperiorper-
formanceof the(TABS+MC) policy. (The(FCFS+SS)rep-
resentsthe simplestpolicy combination.Adding more in-
telligenceto scheduler(i.e., replacingFCFSwith TABS)
improvesEoSsinceTABS ensuresfairnessamongthe re-
questsandeffectivenessof handlingeachrequest.In addi-
tion,addingintelligenceto DSmaintainer(i.e.,replacingSS
with MC) decreasesthe overheadinvolved in maintaining
the DS, thus further increasingthe EoS.)We observe that
asthe numberof sourcesin the systemincreases,the EoS
decreasesslowly sincethe systemis busy handlingmore
sourceupdaterequests.In otherexperiments,we alsoob-

serve that the(TABS+MC) policy exhibits superiorperfor-
mancewith increasein thenumberof consumerrequests.

In summary, our performancestudiesindicatethat the
policy combinationof (TABS+MC) exhibitshighestsystem
ef�ciency, this impliesthataddingintelligenceto themedi-
ator modulesis bene�cial. We also�nd that asthe system
scalesin termsof the numberof sourcesor the numberof
consumerrequests,this combinationcontinuesto perform
well. In addition,this combinationis very robust to source
heterogeneityandvariationsin consumerrequestdeadlines.

6. RelatedWork and Conclusions

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

The CORBA event service introducesthe conceptof
eventchannel,supplierandconsumer. In addition,thereex-
ist other CORBA-basedevent servicessuchas TAO [13]
and COBEA(CORBA-basedEvent Architecture)[14], as
well asnonCORBA-basedpublisher/subscriberservicear-
chitecturesuch as SIENA [3] and CMU Pub/Sub[15].
The architecturewe proposedin this paper is different
from the existing work reviewed above in several ways.
Firstly, unliketheeventchannelsin publisher/subscriberar-
chitectures,our mediatorcomponentsupportsspeci�cation
of QoSconstraints(coarseand �ne-grained timelinessre-
quirements,and accuracy constraints)from both publish-
ers (sources)and subscribers(consumers).The mediator
also supportsboth periodic and aperiodic requests.Fur-
thermore,themediatorcomponentincorporatesa sophisti-
catedrepositorymanagementsub-component,whichmain-
tainstherepositoryatacertainaccuracy levelsothatdesired
timelinessandaccuracy constraintsfrom consumerscanbe
achieved.Languagesandmethodologiesfor event compo-
sition, which is inherentin event-basedmiddleware,com-
plimentsoureffort andcanbeincorporatedasanadditional
layer/servicein themediatorcomponent.
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Figure6: System heter ogeneity and scalability

Several projectsaddressthe tradeoffs betweentransac-
tion timelinessand data freshnesssuch as the Stanford
Real-Time InformationProcessor(STRIP)project [1], [6]
andthe QMF project [19]; The tradeoff betweendata ac-
curacy and cache maintenanceoverheadis addressedby
approximatedata caching [12]. Our work addressesthe
tradeoffs in balancingall three factors-timeliness,accu-
racy and overheadin information collection for dynamic
distributedreal-timeenvironments.We alsoproposeamid-
dlewareframework within which thedevelopedalgorithms
canbeimplemented.Our real-timejoint schedulingof con-
sumer requestsand information sourceupdaterequests,
combinedwith our cost-effective DS maintenancealgo-
rithm perform very well underdifferent systemload and
input characteristics.The designdetails of a full-�edged
prototypesystemthat implementsthe proposedarchitec-
ture andthe implementationissuesthereinarebeyond the
scopeof this paper(See [9] for moredetails).We believe
that adaptive middleware techniquesfor servicemanage-
mentsuchasthosedescribedin this paperarekey to guar-
anteeingapplicationQoS in distributedreal-timeenviron-
ments.
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