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Abstract

In this paperwe presentan extensionto our QoSopti-
mizationalgorithm,Q-RAM[7][11], that canimproveopti-
mizationtimebyseveral ordersof magnitudewhenmanag-
ing highly con�gurabletasks.A highly con�gurabletaskis
onewith a large numberof QoSdimensionsand/ora large
numberof quality levelson thosedimensions.For example,
an applicationthat hastenQoSdimensionswith tenqual-
ity levelseach will have ���	��
 setpoints,or waysin which
it canbecon�gured. While theexistingQ-RAMalgorithm
hasbeenshownto bea veryeffectiveresourcemanagement
tool, it muststill explicitly performcomputationson all of
the setpointsfor each task. For taskswith ���	��
 setpoints
or more, this is clearly impractical. Thekey ideapresented
here is a new approximationalgorithmfor theconcavema-
jorant stepin Q-RAM.By using this algorithm in a �lter -
ing step,thebestperformingsubsetof thesetpointscanbe
quickly found without explicitly examiningall of the set-
points. The idea is validatedusinga phasedarray radar
systemasanexampleapplication.

1 Intr oduction
Resourcemanagementis an importantconsiderationin

any large heterogeneoussystemin which taskscompete
for resources.Without effective resourcemanagement,re-
sourcescan be overburdenedleading to poor and unpre-
dictabletaskperformance.Onepart of the resourceman-
agementproblemis QoSoptimization.In QoSoptimization
wehavea collectionof taskscompetingfor resources,with
eachtaskreceiving somebene�t from thoseresources.The
goal is to allocatethe resourcesto tasksin sucha way as
to optimizethe total bene�t receivedby all the tasks.This
bene�t is oftencalled“utility”[6 ]. A largerQoSfor a task
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generallyrequiresa largeramountof resourcesandresults
in largerutility. Furthermore,theQoS-utility curve usually
saturatesat high QoSlevels with further increasesin QoS
yieldingsmallerincreasesin utility [11].

Many approachesto resourcemanagamenthave been
proposedwith varying systemmodels,goalsandapplica-
tion domains[1][5][13] [12][10][14]. The approachtaken
in this paperis an extentionof the methodologyproposed
by the Q-RAM project[11][8][4]. Q-RAM is a QoSman-
agementframework thatenablessystemdevelopersandap-
plication developersto quantitatively de�ne QoS, and to
analytically plan and allocateresources. The systemre-
sourcesgetdistributedamongmultiple applicationsat dif-
ferentquality levelssuchthat thenetutility thataccruesto
theend-usersis maximized.

In Q-RAM weassumethatapplicationshaveparameters
that canbe adjustedto tunethe QoSandthe resourcede-
mandsof theapplication.Eachparameterhasa �x ednum-
berof possiblevaluesandwe call eachcombinationof pa-
rametervalue settingsa “setpoint”. The basicQoS opti-
mizationgoal is to choosea setpointfor eachapplication
so as to maximizethe total bene�t to the system. As the
numberof parametersincreases,the numberof setpoints
increasesdramatically. For exampleif an applicationhas

��� parameterswith ��� possiblesettingsfor eachparameter
thentherewouldbe ������
 differentsetpoints.Clearly, this is
problematicfor any optimizationalgorithmif eachsetpoint
of eachapplicationmustbeexplicitly examined.

In this paperwe will show that in many casesit is pos-
sibleto prunethesetpointspacewithout explicitly examin-
ing mostof thepointsin thatspace.Thetechniquewill be
illustratedusinga phased-arrayradartrackingapplication
asan example. The radarsystemis modeledasa setcon-
sistingof a radarantenna,a sharedpower source,andan
bankof processorsto run signalandtrackprocessingalgo-
rithms. Resourcesmodeledin thesystemincludenot only
traditionalresourcessuchasCPUandradarbandwidth,but
constraint-modelresourcessuchasenergy utilization.

2 QoSModel

Let usassumea distributedsystemwith a setof shared
resourcesandasetof � independenttasks�

�����������

��� . Each
task is assumedto have a set of parametersthat can be
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changedto con�gure its QoS and resourcedemands.We
will call theseoperational dimensions. Someoperational
dimensionsmay alsobe QoSdimensions. A QoSdimen-
sion is a singleaspectof taskquality that is of direct rele-
vanceto the user; for example,the framerateof a video-
conferenceapplication.Otheroperationaldimensionsmay
be transparentto the userwith respectto quality, but may
affect resourcedemands.For example,the selectionof a
video coding algorithm, or the path throughthe network.
Still otheroperationaldimensionsmay affect both quality
andresourcedemand,but maynotbeof directrelevanceto
theuser. An exampleis thedwell periodof a radartracking
task.While a shorterdwell periodwill increasebothtrack-
ing quality andresourcedemand,thedwell perioditself is
not directly of interestto theuser. In suchapplications,the
QoSdimensionsmaynotbedirectlyalignedwith theopera-
tionaldimensions.In fact,thetaskqualitymayevendepend
on factorsin theenvironmentin additionto theoperational
settingof a task. For example,in a radartrackingtaskthe
trackingqualitycandependnotonly onthecon�gurationof
thetask,but on factorssuchasthedistanceto thetargetas
well asits speedandtype.

Becauseof thepossibiledisparitybetweentheQoSob-
jectivesof theuserandthecon�gurationoptionsof thetask
we separatelyde�ne anoperational space, a quality space
andanenvironmentspace. For a task ��� we de�ne theop-
erationalspaceas:

�

���

�

�

�

�����	�
�

�

����


�

(1)

where
�

��� is the � th operationaldimension,we de�ne the
qualityspaceas:

�

���

�

�

�

���������

�

�����

�

(2)

where
�

��� is the � th QoSdimension,andwe de�ne theen-
vironmentspaceas:

�

���

�

�

�

���	�����

�

�����

�

(3)

where
�

��� is the � th environmentdimension.Wealsode�ne
asharedresourcespaceas:

�

�

�

�

���������

���

(4)

where
���

is the  th sharedresourcedimension.
For sometypesof tasks,theoperationaldimensionsand

quality dimensionsmaybeequivalentandtheremaybeno
environmentdimensions(e.g., a videoconferencingtask),
but in generalwe say that thereis a quality function !

�#"

�

�

�

�

��$

�

� mappingeachpointin thecrossproductof the
operationalspaceandenvironmentspaceto a point in the
quality space.We assumethat the operationaldimensions
are discretehaving a �x ed numberof possiblevaluesfor
eachdimensions. The QoS and environmentdimensions
mayor maynotbediscrete.

Ratherthanconcernourselveswith thesemanticsof the
valuesthatcanbe takenon by theoperationaldimensions,
we assumeeachoperationaldimensioncan be character-
izedby anindex valuebetween1 and %'&)(+*

���

. For operational
dimensionsthataffect applicationquality (e.g.,frame-rate)
we assume1 to bethelowestquality with increasingindex
valuesrepresentingincreasingquality. For other typesof
operationaldimensions(e.g., the video compressionalgo-
rithm to use)themappingbetweenthe index valueandits
semanticsis arbitrary. We call eachpossiblecombination
of index values ,	%-�

� �

�����

�

%

���.


�0/

a setpoint. Thenumberof

setpointsfor a task � � is 1

�




�

�32

�

%4&)(3*

���

.

For eachtask, the user may specify a utility function
5

� "

�

� $76
mappingeachpoint in thequality spacewith

a real numberwhich we call the taskutility. Usually task
utility is de�ned in termsof the weightedsumof a setof
dimension-wiseutility functions 5

���#"

�

���8$96 . Thesys-
temutility is thensimply thesumof theindividual taskutil-
ities. Note that for a given environmentalcondition :

� , it
is straightforward to map a setpoint %

� in the operational
spaceto a utility valueusingthequality function ! andthe
utility function 5 . Usingthis mapping,a resourcemanager
canonly concernitself with selectinga setpointin theop-
erationalspaceandneednot directly considerpointsin the
qualityspace.

In order for a task to operateat a particular setpoint
%;� , it generallyrequiresresources.We de�ne a function

<

�
"

�

�
$

�

specifyingthe amountof resourcesrequired
for ataskto operateateachsetpoint.Wealsode�ne aquan-
tity =->

�

we call compoundresourcein termsof a compound
resourcefunction ?

"

�

$@6
mappinga resourcerequire-

mentof ataskto avaluerepresentingtheoveralldemandon
thesystemfor a particularsetof resourcerequirements.A
typical compoundresourcefunction[8] is:

?�A

�0B

�

CD

D

E

�

F

�
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A

���HGI�;B+J

(5)

where
G

is a penalty vector representingthe relative
scarcityof the resources.For brevity, we will also write

?�AK%
�

B

to representthecompoundresourcerequiredof a task
�

� operatingat setpoint%
� .

An operationaldimension
�

��� of task �L� is said to be
monotonicif for all pointsin theenvironmentspacean in-
creasein the operationalindex valueresultsin increasing
utility andnon-decreasingresourcerequirementsacrossall
resourcedimensions.All otheroperationaldimensionsare
said to be non-monotonic. Monotonicoperationaldimen-
sionstypically includedirectQoS-like dimensionssuchas
video frame-rate,aswell as indirect QoS-like dimensions
suchasthedwell periodin radartracking.
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We cannow de�ne the problemof QoS-basedresource
allocationasfollows.For eachtask �

� in theset �

�
���������

�
� ,

assignasetpoint%
� suchthatthesystemutility ismaximized

andnoresourceutilizationexceedsits maximum.Formally,
wewrite thisas:

maximize: 5

AK%

� ��� � � �

% �

B

subject to: E

�GF

�

F
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F
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While �nding the optimal resourceallocationis NP-hard,
the Q-RAM algorithm[4][7] is able to �nd a nearoptimal
solution to this problemwith � tasksand O setpointsper
taskin P A �(O QSR�T �(O

B

time. Q-RAM usesaconcavemajorant
computationasa pre-processingstepto reducethenumber
of setpointsthat mustbe consideredfor a task. The con-
cave majorantis computedin the spaceof compoundre-
sourceversusutility wherecompoundresourceis a value
representingthe total resourcedemandof a task. In the
context of Q-RAM, the concave majorantis the smallest
subsetof setpointsde�ning a concave curve underwhich
all of theothersetpointslay. An exampleis shown in Fig-
ure 1. Setpointsnot on the concave majorantneednot be
consideredsincethey representoperatingpointsfor which
an increasein utility can be achieved with no increasein
resourcerequirements[11].

The stepsof the basicQ-RAM algorithm[11][8][6][7]
canbesummarizedas:

1. For eachsetpointof eachtaskcomputethecompound
resource andutility values. The compoundresource
is measureof the impacton thesystemof a particular
resourcerequirementvector.

2. Computetheconcave majorantof thesetpointsin the
compoundresourcesversusutility spaceandeliminate
all setpointsnoton theconcavemajorant.

3. Eachtaskis initialized to thelowestutility setpoint.

4. Choosethe taskwith the highestmarginal utility be-
tweenits currentpoint andthe next point up its con-
cave majorantandmake thatthenew currentpoint for
that task. The marginal utility is de�ned as the in-
creasein utility divided by the increasein compound
resource.

5. Repeatthepreviousstepuntil all resourceshave been
allocated.

Thebasicalgorithmshown hereworksbestwhenall op-
erationaldimensionsaremonotonic.Extensionsto this al-
gorithmfor handlingnon-monotonicdimensionshave also
beenpresentedin the literature[4]. Theseheuristicshave
proven to be very effective at quickly �nding resourceal-
locationsthat are near optimal for taskswith reasonable
numbersof setpoints. However, for systemswith highly
con�gurabletasks(i.e., taskswith a “large” numberof set-
points)theoptimizationtimecanincreasedramaticallydue
to the time requiredto do the concave majorantcomputa-
tion. Eventhoughthenumberof setpointsremainingafter
theconcave majorantstepmaybesmall,a directcomputa-
tion requiresthatone�rst determinethecompoundresource
andutility valuesfor all of thesetpoints.Sinceanapplica-
tion with U operationaldimensionsand V index valuesper
dimensionhasatotalof O

�
VCW setpoints,thenumberof set-

pointscanquickly becomeunmanageablewhentherearea
largenumberof operationaldimensions.

3 Concave-Majorant Approximation
The bestknown algorithm for computingthe concave

majorantof a set of O points is P A�OXQYR�T7O

B

. Even though
this is a relatively benigncomplexity, when O is largeit can
still beprohibitively expensive. In this section,severalnew
heuristicsfor approximatingthe concave majorantwill be
presented.Theseheuristicscanbeappliedwithout explic-
itly performingcomputationson all of the setpoints. For
simplicity, we will �rst assumeall taskshave only mono-
tonic operationaldimensions.Laterwe discussthegeneral
casein which sometaskshave operationaldimensionsthat
arenon-monotonic.

Z�/21 60[A4�:]\!^`_aB(bX\�cedgf�B�h�\�fibXBj[lk�6�d5m

Let the minimum setpoint for a task �
� for which

all operationaldimensionsare monotonic be de�ned as
%4&0n o

�

�
, �

������� �

�

/

, and let the maximumsetpoint be
de�ned as % &)(3*

�

�
,	% &)(+*

�

�

���������

% &)(+*

����


�

/

. Clearly all of
the setpointsin the utility/compoundresourcespacethat
lie below a “terminating” line from A

5

AK% &0n o

�

B

�

?�A % &0n o

�

B+B

to
A

5

A % &)(+*

�

B

�

?�A % &)(+*

�

B+B

asshown in Figure1 cannotbeon the
concavemajorant.Thesepointscanbeeliminatedimmedi-
atelywithoutbeingpassedon to theconcavemajorantstep.
We call this heuristic“slope-basedtraversal” (ST). While
this heuristiccanreducethe time to computethe concave
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majorantby a constantfactor, it muststill scanall of the
setpointsto determineif they areaboveor below thetermi-
natingline.

Z�/�. �<B(b ; dgfiB�h�\�fibXBj[	� \�;�
74�cab

We now considera set of fast traversalheuristicsthat
do not requirecomputationson all of thesetpoints.Again,
for now we will assumethatall operationaldimensionsare
monotonic. The key observation is that when observing
theactualconcave majorantgeneratedusingall of theset-
points for typical tasks,the concave majoranttendsto be
comprisedof runsof setpointswhich vary in only onedi-
mensionat a time with occasionaljumpsbetweenrunsof
points.This suggestswe canuselocal searchto follow the
setpointsup theconcavemajorant.For all of thesemethods
weknow that % &0n o

�

will alwaysbethe�rst pointon thecon-
cavemajorantand % &)(3*

�

will alwaysbethelast. Thediffer-
ent methodspresentedherediffer primarily in the method
usedto performthelocal search.

As an example,considera task with threeoperational
dimensions. If we considerthe subsetof the setpoints �

�

�

�

�

��
 consitingof all thesetpointsfor whichdimensions
1 and2 have index value1, thesepointswill tendto form a
line asshown in Figure2. Theconcave majorantwill tend
to follow sucha line until it switchesto someotherline, in
thiscase� �

�

�

�

�
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�

�

�

�

�


 .
While the fasttraversalheuristicspresentedin this sec-

tion arenot guaranteedto �nd theexactconcave majorant,
in Section5 wewill show thattheseheuristicsproducegood
approximationsto the concave majorantandmore impor-
tantly thatthedropin systemutility from usingtheapprox-
imationsis negligible.

3.2.1 First-Order FastTraversal (FOFT)
In �r st-order forward traversal (FOFT) we keepa current
point %

� for eachtask �
� which we initialize to % &0n o

�

. We
thencomputethemarginalutility for all thesetpointsadja-
centto %;� . A setpointis adjacentif all of its index valuesex-

ceptfor oneareidentical,andtheonethatdiffersvariesby
only one(i.e., they have a Manhattandistanceof one).We,
in fact,needonlyconsiderpositiveindex valuechanges.We
thenchoosethe point that hasthe highestmarginal utility,
addit to theconcavemajorantandmake thatpoint thecur-
rent point. Formally, if % � is the currentpoint we choose
thenext currentpoint %��

�

� % ����� � where� maximizesthe
marginalutility:

5

A %;� ��� �

B��

5

A %;�

B

?�A %;� ��� �

B��

?�A %;�

B (6)

andwhere � � is a vectorthat is zeroeverywhereexceptin
dimension� whereit is equalto 1. We repeatthis stepuntil
we reach% &)(3*

�

. After we have generatedthis setof points,
the resultingcurve may not be a concave majorantso we
performa �nal concavemajorantoperation.

Thenumberof setpointsgeneratedbeforethe �nal con-
cave majorantstepwill betheManhattandistancebetween

%4&0n o

�

and % &)(3*

�

which is:
J

�




�

�32

�

A % &)(3*

���

�

% &0n o

���

B

. Ignoring
boundaryconditions,at eachpoint we consider���

�

possi-
blenext setpoints.This meansthatwhenwe have U dimen-
sionsand  index levelsperdimensionsthenthecomplexity
of thisalgorithmis P A  !U

J

B

.

3.2.2 Higher Order FastTraversalMethods
WecangeneralizetheFOFTalgorithmto an � -stepV -order
FastTraversalalgorithmas follows. Justas in the FOFT
heuristic,initialize thecurrentpoint %

� to %4&0n o

�

. Thenchoose
the next point %

�

�

�
%

��� � where �"!$#&%

�

suchthat the
marginalutility is maximizedand #

%

�

is de�ned as:
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*32
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/54

#

%/.
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(8)

Thatis, we look at theall next setpointsthatcanbereached
from thecurrentsetpointby increasingup to V dimensions
up to � steps.For theFOFTalgorithmdescribedabovewe
would use

#

�

�

. As with FOFT, we needto performa �nal
concavemajorantoperationon theraw pointsgeneratedby
this heuristic. In this paper, in addition to FOFT we will
only consider2-StepFirst-OrderFastTraversal( #

�

J ) which
wewill call 2-FOFT, and1-step,Second-OrderFastTraver-
sal( #

J

�

) whichwe will call SOFT.
Z�/ Z 6 4-D0^)� 4-D74�;�4-D<=87:9 =A>?\#D7b�=A4-D7b

The fast traversal algorithmsdescribedabove assume
that all of the operationaldimensionsaremonotonic. Un-
like monotonicdimensions,non-monotonicoperationaldi-
mensionsgenerallydo not have structurethatcanbeeasily
exploited.For thisreason,if someof theoperationaldimen-
sionsarenon-monotonic,wesimplyapplythefasttraversal
algorithmsaboveto thesubsetthatismonotonicfor all com-
binationsof index valuesof thenon-monotonicdimensions.
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Wethenform theunionof all theseresultsandapplyacon-
cave majorant. In the worst casethata taskhasonly non-
monotonicdimensionsthissimplyreducesto afull concave
majorantoperation.However, mosttasksof interesttendto
have moremonotonicdimensionsandfurthermoretasksin
whichmostor all of thedimensionsarenon-monotonicare
notwell suitedto Q-RAM optimizationanyway.

4 Radar Tracking Problem
To validate our Fast Traversal heuristics,we will use

radartrackingin aphasedarrayradarsystemasanexample.
Unlikeatraditional�x edantennaradar, aphasedarrayradar
hasanelectronicallycontrollablebeam.This allowsdiffer-
ent targetsto be tracked at differentupdateratesandwith
differentamountsof radarenergy dependingon their im-
portance.In anactualradar, therearedifferenttypestasks
including searchtasksfor acquiringtargetsandcon�rma-
tion tasksto determineif someradarreturnreally is a target
andif soto determineits type.Otherradarproblemscanin-
cludetrackmergingwhenwe determinethattwo tracksare
actuallythesametargetandtrackresolutionwhenwe must
decidebetweenmultiplecandidatetracksfor a target.Since
this paperis primarily concernedwith the resourceman-
agementissues,wewill ignoremostof this complexity and
concentrateprimarily on trackingtasksof known targets.

We assumea ship-boardradarsystemcomprisedof �

radarantennasorientedat 90� to eachother as shown in
Figure3(a).Wealsoassumethateachantennais capableof
trackingtargetsover a �
	 ��� arc. This meansthat thereare
regionsof thesky thatarecapableof beingtrackedby only
oneradarantenna,aswell asregionsthatcanbetrackedby
two antennas.Theantennasareassumedto sharea pool of

�
	
� processorsusedfor trackingandsignalprocessingal-
gorithmsanda commonpower sourceto supplyenergy to
theantennas.

A singleinstanceof sendingaradarsignalandreceiving
the echofor a particulartrackingtask �

� is calleda dwell
(Figure 3(b)). A dwell consistsof multiple short pulses
transmittedandreceivedoveraperiod.Thedurationof this
dwell is calledthedwell time ( � � ). Thetime betweentwo
successive dwells is calledthedwell period (

G

� ). For sim-

Dimension Values
Radar( � � ) 1,2,3,4
Algorithm ( � � ) Kalman,LeastSqr., �����

Period(
G

� ) 120ms,180ms,240ms,
�����

, 720ms
Dwell Time( � � ) 0.6ms,1.2ms,1.8ms,

�����

, 30ms
Power ( � � ) �

�

� U�� , �

�

	�U�� , �

�

�

U�� ,
�����

, �

�

U��

�<���-,�	 ��
�� *7	i� � "��������!,! ��) 	I��� � �����

plicity, we modelall short transmittingpulsesin the form
of a singlelong pulsesentovera transmit time ( ���

�

). Data
from theradarreturnis thenpassedto a trackingalgorithm
( � � ) that processesthe dataand computesbeamsteering
commandsfor thenext radardwell.

In our modelof theradartrackingproblemwe consider
the operationaldimensionsshown in Table1. The dimen-
sion �8� speci�es the radarantennato which the track is
assigned. Note that due to the orientationof the radars,
eachtarget canbe tracked by only oneor at most two of
theradarsdependingin its position.Thetrackingalgorithm

�
� is oneof threecommonlyusedtrackingalgorithms.The

period
G

� and dwell time �
� are as describedabove, and

the power �
� is the transmitpower in Watts. Note that

sincerequiredpower increasesasthe fourth power of dis-
tance,we specify the actualpower levels asa function of
thedistanceU (in miles) to thetarget. We alsouseanenvi-
ronmentallydependentmaximumpower coef�cient of �

�

.
The value of �

�

is chosenat the point whereincreasing
power has little additionalbene�t for a particular target.
Typically it is no larger thanabout1.5. This givesus up
to 	

�

�

�

� �

�

�

�

�

�

�

�
��"

�

�

� � setpointsfor targets
that canbe trackedby two radarsand24,750setpointsfor
targetsthatcanbetrackedby only oneradar.

Thedimensions
G

� , �
� and�

� aremonotonicoperational
dimensionsin that increasesin the valueon thesedimen-
sionsresult in increasedtrackingquality andincreasedre-
sourcedemand.Theradarselectiondimension�

� is clearly
a non-monotonicdimensionsince it is merely choosing
from amongasetof resources.Whileselectionof atracking
algorithm( � � ) affectstrackingquality, thebestalgorithmto
usealsodependsonenvironmentalpropertiesof thetargets.
For this reasonwe considerthis to bea non-monotonicdi-
mension.

Noneof thedimensionsfrom Table1 areof direct rele-
vanceto theuserin assessingthetrackingquality. For this
reasonwe modela trackingerrorQoSdimensionto assess
trackingquality. Thetrackingerror is a functionof theop-
erationaldimensionsaswell asa numberof environmen-
tal dimensions.We considerdistance,acceleration,noise
(e.g.,dueto electroniccounter-measures),speedandbear-
ing from the ship as environmentalpropertiesof the tar-
gets. Details of the track error computationare given in
AppendixA.

Theradarproblemresourcespaceconsistsof thefollow-
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ing resourcedimensions:radarbandwidth,radarpowerand
computingresources.Radarresourcesconsumptionis mod-
eledby a utilization value �

�

for eachradar  givenby:

�

�

�

F

�������

� �

G

�

(9)

where�

�

is thesetof tracksthataremappedto radar . We
assumethatfor eachradarthereis autilizationbound� &)(3*

�

suchthat �

�

cannot exceedthis bound. While �0&)(+*

� can
not exceed1 (correspondingto 100%utilization) in some
caseswe mayneeda valuelessthan1 to modellimitations
of the dwell scheduler. For the purposesof this paperwe
will assumethat ��&)(+*

�

� � .
In addition to utilization, radarstypically have limita-

tions on how muchpower canbe dissipatedaswell. Too
muchpower dissipationrisks damagingthe radarantenna.
There are typically both short-termand long-term con-
straints,but for simplicity in this paperwe will only model
thelong-termconstraints.We de�ne theaveragepower for
a radar  as:

�
�

�

F

�����
	

� �

�

� �

G

�

(10)

This power mustbe lessthansomespeci�ed bound
�

&)(3*

�

for eachradar.
In additionto the radarresource,eachtrackingtaskre-

quirescomputingresourcesto processthe radardata,and
predict the next locationof the target. The computingre-
sourcesrequireddependon thetrackingalgorithm ��� used,
and the period

G

� . We assumethat the requiredCPU is
of theform ���

�
�

G

� where ���

� is thecoef�cient represent-
ing thecomputationalcostof algorithm ��� . For simplicity
we treatthebankof �
	
� processorsasa singleprocessing
resource(QoSoptimizationwith processormappingis ad-
dressedin [4]). We thende�ne theCPUutilizationas:

���
�

F

�

���

�
�

G

� (11)

andde�ne ��&)(+*

�

astheresourceboundfor CPU.

5 Experimental Results
In order to validate the fast traversal methods,a se-

ries of experimentswere performedusing randomlygen-
eratedradartrackingscenarios.A 2.0GHzPentiumIV with
256MBof memorywasusedfor theexperiments.Thenum-
berof trackingtaskswasvariedbetween� and

�

�
	 with re-
sultsaveragedover �fty runs for eachscenariosize. The
track parametersweregeneratedrandomlyfrom the envi-
ronmentaldimensionsshown in Table2with themappingto
utility valuesbeingperformedasdescribedin AppendixA.

For the purposeof theseexperiments,the fasttraversal
algorithmswere implementedas a pre-processingstepto

Parameter Value(s)

Type helicopter, jet, missile
Distance �

�

� - ��� mi.
Acceleration �

�

� � �

< -
�

<

Noise � - � levels
�

� - �

�

� kts. (helicopter)
Speed �

�

� - "

�

� kts. (jet)
� � � -

�

	 � � kts. (missile)
Bearing � � -

���

� �

�<���-,�	 �C
-$'�#�(��� ����) 	I�#" �!,! ��) 	I��� � �����

theQ-RAM algorithm. We useda compoundresourceex-
pression:

=

>

��� A =��

�

=

&)(+*

�

B+J

� AK=��

�

=

&)(+*

�

B J

� AK=��

�

=

&)(+*

�

B J

to evaluatetheresourcecostof eachsetpointfor eachtask.
=

� , =
� and =

� are the total amountof radarbandwidth,
powerandcomputationalresourcerequiredby eachtaskir-
respective of the particularradarandcpu to which it was
mapped.=H&)(+*

�

, = &)(3*

�

and = &)(3*

�

arethetotal resourcecapac-
ities for radar, powerandcpu.
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The bar-graph in Figure 4 shows the averagenumber
of setpointsper task averagedfor all of the generated
tasksbothbeforetheconcave majorantgeneration(labeled
“All”), aftertheconcavemajorantgeneration(labeled“Ma-
jorant”), andaftereachof theof theconcavemajorantgen-
erationheuristics.The taskshadanaverageof 13,794set-
pointswhich wasreducedto 91 setpointsafter theconcave
majorantoperation.As expected,theST algorithmdid not
signi�cantly affect the numberof setpoints.Note that the
heuristicsFOFT, 2-FOFTandSOFTproducedapproximate
concavemajorantcurvesthathaveslightly fewerpointsthan
theactualconcavemajorant.

While thefactthattheheuristicconcavemajorantshave
fewersetpointsthantheactualconcavemajorantimply that

6



somedesirablesetpointshavebeeneliminated,experiments
show that theactualimpacton systemutility is negligible.
Figure5 shows thesystemutility asa functionof thenum-
berof tasks.Eachpointonthecurvesis theaverageoverthe
�fty runs.As canbeseenall of theperformancecurvesus-
ing theheuristicconcavemajorantswith Q-RAM arenearly
coincidentwith theperformancecurve generatedusingthe
full concavemajorant.Thisshowsthateventhoughthecon-
cavemajorantcurvesgeneratedby theheuristicsarenotex-
act,theeffectonoptimizationqualityareverysmall.
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Figure6 shows a plot of the overall executiontime in-
cludingconcavemajorantgenerationtimeandsolutiongen-
erationtime for Q-RAM usingeachof the concave majo-
rant techniques.The top curve is for a concave majorant
generatedusinga full concave majorantalgorithm,andthe
dotedline underneathis for theslope-basedtraversaltech-
nique. The slope-basedtraversaltechniqueresultsin ap-
proximatelya factorof two speedupover the full concave
majorantalgorithm.Theexecutiontimecurvesfor Q-RAM
usingthefasttraversalheuristicsarenearlyidenticalto each
otherandmuchlessfor Q-RAM usingthefull concavema-

jorant or the slope-basedtraversalmethod. For example,
with 512 tracking tasks,the executiontime using the full
concave majorantalgorithmis 134seconds,but is only 4.3
secondsusingtheFOFTheuristic.

6 Conclusion
In this paperwe have presenteda set of heuristicsfor

rapidly generatingan approximationto the concave majo-
rantof a setof taskoperatingpointsby exploiting structure
in the tasks'QoSspace.Of the threefasttraversalheuris-
tics FOFT, 2-FOFT and SOFT, it was found that all per-
formednearly identically andrequirednearlyan identical
amountof cpu time to execute. It was shown that for a
setof taskswith approximately14,000differentcon�gura-
tions,thetimerequiredto �nd a near-optimalcon�guration
for all of the taskswasreducedby a factorof over 30. It
wasalsoshown thatthequalityof thesolutionwasnegligi-
bly affectedby theuseof theheuristics.It is anticipatedthat
this performancegapwould beevenlargerwhenpresented
taskswith evenlargernumbersof possiblecon�gurations.

Appendix A Tracking Err or Computation

Since we are primarily focusedon evaluating the re-
sourcemanagementalgorithm,we assumea simplemodel
of tracking error. We make no effort to createa precise
modelof actualradartrackingerror but merelyto capture
thekey featuresto theextentnecessaryto evaluatethe fast
traversalheuristics. We make the following assumptions
abouttrackingerror:

0 Increasesin targetspeed( %-� ), target range( = � ), target
acceleration( � � ) or generatedtarget noise( ��� ) result
in increasedtrackingdif�culty .

0 The power ( � � ) required to obtain similar tracking
quality increasesasthe ��

� powerof therange( = � ).

0 Trackingcanbeimprovedby usingshorterdwell peri-
ods(

G

� ) and/orlongerdwell times( � � ). More distant
targetwill requirelongerdwell timesdueto speed-of-
light limitations.

0 The Kalmanalgorithmworks bestfor noisy but non-
maneuvering(low acceleration)targets. The � ��� al-
gorithm works best for maneuvering (high accelera-
tion) but non-noisy targets. The Least Squares al-
gorithm is a compromisewith moderateperformance
againstmaneuveringandnoise.

Basedon theaboveassumptions,we assumethefollow-
ing errorestimationequation:

�

�
�

G

�

�����

%;�
�

�

W

= �
�

�

M

� �

G

�
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�

�

��� �3A

� �

�

%

= �

�

� �

B

�

� �

���

=	�

� �

�

(12)

Wherethecoef�cients arethoseshown in Table3. Targets
generatedfor the experimentshave environmentaldimen-
sion valuesgeneratedat randomfrom thevaluesshown in
Table2. Threetypesof targetsaregenerated:helicopters,
�ghter-jets,andmissiles.We usea functionof theform:

� A

�

�

B

��� �3A �

�

:

.����
	

� B

(13)

where� is aconstantto mapthetrackingerrorinto autility
valueand

� � is aweightfunctionof theform:

� � �

�




A

% �

= � �

���

B

�

(14)

providing anestimateof the importanceof a particulartar-
get. The

� �

term representsthe importancebasedon the
target type,andtheright-mosttermrepresentsthe time-to-
intercept(i.e.,thetimethatwouldberequiredfor atargetto
reachtheshipif �ying directly towardit).

ConstantName Values
Speed(

�
�

) �

�

	

�

�

� �

.�


Distance(

�

W

) 	

�

���

.�


Kalman:
�

�

� �

.
�

Acceleration(

�

M

) LeastSquares:
�

�

� �

.��

����� : �

�

���




Kalman:
�

�

� �

.
�

Noise(

�

� ) LeastSquares:
�

�

� �

.��

� ��� : �

�

���

.�


Power (

�

%

)
�

�

���

.

J

Dwell (

���

)
�

�

���

.

J

Intercept(

�
�

)
�

(helicopter)1.2
Type(

�




) (jet) 1.4
(missile)1.6

�a���-,�	��j
0� ��� � " ���#")� ��� $'�
�
���%$��C���!" �����
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