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ABSTRACT

Model Predictive Control is analyzed asa strategy for cop-

ing with the unknown, variable andnon-deterministic ac-

tion andmeasurement delayswhich canoccur in conges-

tion control of available-bit-rateteletraffic control for high-

speeddatanetworks. It is shown that the state-feedback-

plus-estimator certainty equivalence natureof this control

law is particularly amenable to copingwith thesedelays.

Boththeestimatorupdateruleandthereceding-horizoncon-

trollercanbemodified toaccommodateabsentnetworkmea-

surements. This is standardfor theestimator. But involvesa

novel approachto the receding-horizon control law, which

for the congestednetwork resultsin diminishing the net-

work utilizationobjective in favor of queue stability.

1. INTRODUCTION

Teletraffic in high-speedATM networksconsistsof a num-

berof bit-rateregimes dependingon thequality-of-service

(QoS) guaranteeagreed betweenthe senderand the net-

work serviceprovider. Constantbit-rate (CBR) traffic and

variablebit-rate(VBR) areguaranteedQoSoptions which

have high-priority bit-rate assignmentin responseto de-

mand. Availablebit-rate(ABR) traffic, by contrast,is abest

efforts servicein which traffic is assignedbandwidth in re-

sponseto its availability, giventhedemandsof theCBRand

VBR sourcesandtheappearanceanddisappearanceof other

ABR traffic. Sincethebit-ratesassignedto ABR traffic may
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vary with availability, ABR represents the only partof the

traffic which is amenable to feedbackcontrol in responseto

network congestion.

Thecontrol objective hereis twofold; to maximize network

utilization or traffic throughput, and to minimize the rate

of lost packets and consequent retransmissioninefficien-

cies. The feedback control is appliedby communicating

themaximum allowabletransmissionbit-rateto eachABR

sourcein responseto resourcemanagement(RM) packets,

whichareinterleavedwith thedatatraffic in ATM networks

andconvey congestioninformation.See[1, 2, 3] for recent

surveys andanalysesof the formulation of this stochastic

controlproblem. Thestochasticnatureflows from theneed

to includea model for thevariation of ABR bandwidth —

an autoregressive model is usedin [1] for example. Apart

from this stochasticvariability, thedominant feature of the

ABR congestioncontrol problem is thepresenceof a non-

negligible delayin thefeedbackpathlinking thebottleneck

constrainednode’s notificationof capacityto the ultimate

control of the sourceABR datarate. The action delayor

round trip time is assumedboth fixed and known in the

above references.Mascolo[2] usestheSmithPredictorto

develop feedback controllers capable of yielding stability

with this delay. Altman et al [1] generatecertaintyequiv-

alencecontrollersbasedon optimalstate-variablefeedback

combinedwith stateestimationwith delayedmeasurements

andagainestablishstability for theseschemes.

Our approachhereis to studythesuitability of Model Pre-

dictive Control (MPC) approachesfor ABR stability and

performancecontrol. In particular, we view MPC asa vari-
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antof certaintyequivalencecontrol andshow how it is suited

to coping with variable andunknown actiondelaysin this

circumstance. We usethe fact thatMPC is comprisedof a

stateestimatorandareceding-horizonoptimalstate-feedback

control law to developseparatedelay-managementmodifi-

cationsto eachpart. The motivation for considering this

formulationof variable anda priori unknown delayis that

congestionin ATM networks leadsto reduced ABR band-

width,whichin turnleadsto dynamicallydecreasedbit-rate

assignmentandincreasedcommunicationdelay. Theasym-

metryof traffic flows in eachdirection alsocancausevaria-

tionsin round-trip delaybetweensource anddestinationor

intermediatenodes.

2. NETWORK CONGESTION CONTROL MODEL

We consider a store-and-forwardpacket switchednetwork,

onenode of which is depicted in Figure1. We follow the
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Fig. 1. Network node with ABR sources.

formulation andnotationof [1]. The queue lengthat the

nodeis denotedby ��� andhasa maximalvalueof � . Pack-

etsarriving after the queueis full arelost andmustbe re-

transmitted.Theavailabledownstreamor servicebit-rate is

denotedby � � , whichis astochasticprocessreflectingavail-

ablenetwork resources.Thesourcedatarateatthenodedue

to source��� is �	��
 � . Note that,becauseof transmissionde-

lays, this source rate is due to datainjecteda number of

time stepsearlier. Thetotal time for a sourceratedecision

from the node to reachthesourceandfor thatdatarateof

arrivals to reachthenodeis �
� . Thecommandedratefrom

thesource,denoted� ��
 � , is thusgivenby

����
 ��������� ����
 ���
Thequeue lengthat thenodeevolvesaccording to

� ������� � ���! " �$# � ����
 ��% � ��� � ��%& " �$# � ����
 ��������% � ��� (1)

In this framework, thespecificationof commandedrate,����
 �
is thecontrolsignalto thesourcesandvariation in � � is the

stochasticdisturbance to the measured processoutput, �'� .
Theactiondelays,� � , plusthefact thatdownstreambottle-

neckednodesneedto communicatetheir constraints make

this a difficult control problem,.

Stabilityof thesystemcorrespondsto theproperty that

�(�*) �,+ for all -/.10 � (2)

That is, stability correspondsto theabsenceof queueover-

flows andconsequent lost packetsandretransmissions.(In

practice,somesmall componentof retransmissionmight

be acceptable.) Clearly, this might be achieved by setting� ��
 � � 0 . Thereforethe competing network utilization or

performanceobjective is statedas

� � .102+ for all -*.30 � (3)

Suchanobjectivecountermandsthestabilizationsolutionof

settingall ABR sourceratesto zero.

The statedescription (1) is a linear system,which, when

combined with a similar model for the stochasticdistur-

bance� � asin [1], yieldsanexpressionof thecontrol prob-

lem aslinearfeedback control of a systemwith delay. This

is posedasa SmithPredictorin [2] andasLQG control in

[1]. In bothcasesthedelaysareassumedfixedandknown

a priori . In practice,thedelaysareunknown, time-varying

andnon-deterministic,sincethey themselvesdependonpre-

vailing network traffic.

We study in this paper the applicability of Model Predic-

tive Control(MPC) for thestabilizationandcontrol of net-

work traffic in which the variabledelayin arrival of mea-

surementsfrom distant partsof the network needsto be

accommodated. An approachto dealingwith unavailable

measurementsis simplystated.

2.1. MODEL PREDICTIVE CONTROL

For ageneralsystemwith inputs 4 � , outputs 5 � andstate6 � ,
MPC is composedasfollows.

Step 1: At current time - , a finite-horizon( 7 ), open-loop,
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constrainedoptimal control problem is posedfrom

thecurrentstateestimate,86 �:9 ���;� .
< 4 �� +=4 ����>� + �	�(� +=4 �����?@�A�	B �C�DFE G,H$IJ=KMLL 
 KMLL$NPO 
RQRQRQ 
 KMLLSNUT>VWOYX[Z]\_^ 86 �:9 � +=7a`cb�+ (4)

wheretheoptimizationis givenby

\_^ 6 � +=7d` � 6
e���A? � ? 6 ���A?
� ?f�;�"
�g#;h ^ji@^ 6 ��� � +Y4 ��� � `Y`�+ (5)

subjectto 6 ^ - �lk��nm ` �po ^ 6 ��� � +Y4 ��� � `4 ��� �rq,st� + 6 ��� � ��� qvu*� �>� + k�� 02+=7 %3m +
where s � arethe setsof admissiblecontrols and u �
arethesetsof allowablestatevalues.

Step 2: Of
< 4 �� +Y4 ����>� + �(�	� +Y4 ����A?f�;� B , thetime-- finite-horizon

solutionsequence,only thefirst value 4 �� is appliedas

acontrol input.

Step 3: A systemmeasurement 5 �w�yx ^ 6 � +Y4 � ` � � � is

taken (perhaps corrupted by noise � � ) and the next

stateestimate86 ���>�(9 � computed.

This loopis completedateachtime - . ThisdefinesaReced-

ing Horizoncontrol strategy because,although an 7 -step-

aheadfinite horizoncontrol is computed,only thefirst ele-

mentin thesolutionsequenceis applied asa control before

a new 7 -stepsequenceis computedwith a slidinghorizon.

Much hasbeenwritten aboutMPC recently, [4, 5, 6]. A

veryusefulsurvey is givenin [7]. Traditionally, thefocusin

MPC hasbeenon the propertiesof the full-state,receding

horizon control law. Theconnection to astateestimatorhas

beensomewhat overlooked. Therearemany appealing fea-

turesof MPC, which hasits historicalgenesisin Chemical

ProcessControl.

z Thefinite-horizon,constrained,optimal controlprob-

lem hasanopen-loopsolution.This thereforeadmits

thesolutionvia explicit criterionminimization, such

asmightbeachieved via directgradientmethods [8].

z Feedback is effectedthrough the stateestimate— a

factor madeexplicit in our notation. The receding

horizon control’s dependencejust on themostrecent

stateestimatemeansthat feedbackcontrol is imple-

mented.

z Thecriterionminimizationis basedon theoutputs of

a simulationmodel. This tight coupling betweena

model, whichis frequentlyavailablebut is notusually

amenable to directcontroller design, andanensuing

controller achieved implicitly through theminimiza-

tion processis amajordrawcardof themethod.

z WhileMPCproceedsviasuccessivefinite-horizonso-

lutions,it is aninfinite-horizoncontrol strategy, since

the finite horizonproblem is re-posedandre-solved

at eachinstantof time. Accordingly, onemay pose

asymptotic stabilityquestionsfor MPC.Themostpow-

erfully generalresultstemsfrom Keerthi andGilbert

[9]. Subjectto otherregularizing assumptions, if the

finite-horizon problem usestheexactstatevalueand

hastheconstraintthat

6 ����?p� 0{+
thentheMPCcontrol law 4 �� is anasymptotically sta-

bilizing control law. This powerful result holds for

boththelinearandnonlinearcases.

z In thelinearcase,a thoroughconnectionbetweenthe

MPClaw andLQGcontrol isestablishedandexplored

in [4]. Theasymptotic stabilitypropertiesarerelaxed

from theterminalconstraint to a terminal penalty. In

thenonlinearcase,MayneandMichalska[10, 11] ex-

ploreasymptoticstabilityof MPCwith a reducedter-

minalconstraint.

3. MPC FOR ABR CONGESTION CONTROL

In the ABR congestioncontrol problem, the control delay

of a singlenode consistsof two components;theactionde-

lay in communicatingto thenodeplusthereturndatatravel

time, andthe delayin downstreamdataRM cells arriving

at the node. Both thesedelaysarevariable. However, at

any particular decisiontime,thedelayapplying to thearriv-

ing datastreamis known through thearrival or non-arrival

of RM cells. We may therefore posethe control problem
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asonein which datamight bemissing,but is known at the

time whetherit is missingor not. The state 6 � of MPC is

identifiedwith targetABR ATM nodequeue length �W� and

the allowed rate � � , the control 4 � with command source

rate � ��
 � , andthemeasurement 5 � with ^ �(� +=� � ` .
As posedabove, the MPC controller is comprisedof two

parts;thefinite-horizon statefeedbacklaw 4 �� �|o ^ 86 �:9 ���;� `
comingfromtheconstrainedopen-loopoptimalcontrol prob-

lem, and the recursive stateestimatoryielding 86 �����}9 � . In

the linear case,suchasthat proposedfor ABR congestion

control in [1], thesewould be a linear state-variablefeed-

back law andthe Kalmanfilter — LQG control. Indeed,

this is preciselythe framework of [1, 3], wherethey adopt

a certaintyequivalencecontrol approach.Herewe shallex-

plore mechanismsfor accommodatingdelaysinto eachof

the statefeedback law and the stateestimator. We begin

with thestateestimator.

3.1. DELAYED MEASUREMENT STATE ESTIMATION

Kalmanfiltering theoryis well developedandunderstoodin

thelinearcase.With a linearmodel,theKalmanfilter may

bewrittenastherecursionof time-updateandmeasurement

update steps.The samestructurepertains in nonlinear fil-

teringusingtheExtendedKalmanFilter [12]. Theserecur-

sionshave thefollowing form.

86 ���>�(9 � � o ^ 86 �:9 � +Y4 � `}+ timeupdate+ (6)

86 �����}9 ���>� � 86 �����}9 � �l~�� ^ 5 ��%�x ^ 86 ���>�}9 � `=`�+
measurementupdate� (7)

Here ~�� is theKalmangain,computed from linearizations

of thesystemfunctions o ^Y� ` , x ^:� ` andtheprocessandmea-

surement noisecovariancematrices� and � respectively.

In the casewheredata 5 � is unavailable, the approachis

to computesuccessive time updateswithout theassociated

measurement updatestep. The samesolutionariseswhen

themeasurement noisecovariance � is takenasinfinity. In

thelinearcase,thisyieldstheminimummeansquarederror

solution. In the nonlinear case,the solution neednot be

optimalbut still yieldsa workable estimator.

When the data 5 � arrives with known delay, an update is

still possibleto generateanimprovedstateprediction. This

canbedone mostsimply by reprocessingthedatafrom the

correctlyalignedtime stepandthentakingfurther time up-

dates. Again, in the linear casethis producesan MMSE

optimalstateestimate.

3.2. RECEDING HORIZON CONTROL WITH DELAY

TheMPC control law proceeds from thecurrent stateesti-

mate 86 �:9 ���;� to generate thecontrol law

4 � � 4 �� ^ 86 �:9 ���A� ` �
This controller is the first elementof the recedinghorizon

solutionsequence
< 4 �� +Y4 ����>� + �(�	� +=4 ����A?f�A� B ^ 86 �:9 ���;� ` . If we

supposethatmeasurementswereavailableat time - , thenin

the absenceof measurement dataat time - ��m oneis left

with two possibleoptions for thenext control value.

Strategy 1: Onecouldusethebestcurrently availablestate

estimateof 6 ���>� � � ���>�(9 � % � ���>�}9 � andproceedto

applythestationaryfeedbackcontrol law 4 ���������� .
Strategy 2: Onecouldapplythesecondelementof there-

cedinghorizon solution, 4 ������ .
Note that thesecontrol laws are not genericallythe same

unlessthehorizon 7 is infinite. Bothschemesdo,however,

rely on thesamestateestimate,which is producedby run-

ningthetimeupdate(6)alonewithout measurementupdate.

How mightonechoosebetweenthesetwo options?

We first prove that both strategiesproduceasymptotically

stabilizingcontrollers.

Theorem 1 Supposethereceding-horizoncontrol solution< 4 �� +Y4 ����>� + �(�(� +Y4 ����A?f�;� B is constructedby solving(4) sub-

ject to the terminalstateconstraint 6 ���A?�� 0 . Theneach

of theinfinite-horizonfeedback control laws 4 ��� 4 ������ ^ 6 � `
is asymptoticallystabilizingfor 0 )3��) 7 % � , where � is

thedimension of thestate6 � .
Proof: For linear time-invariant systemsonemay usethe

monotonicity argumentsof [4] (Chapter4) with zerotermi-

nal stateconstraint,we seethateachof thecontrollersmay
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bewrittenas 4 ��� i ?f��� 6 � for constantLQ gain i ?f��� de-

rived from the Riccati difference equation (RDE) solution� � . This RDE commencesat initial condition
� �;�h � 0

and yields
� � monotonically decreasingin � for � .�� ,

where � is the dimension of 6 � . According to [4] Theo-

rem4.11, this impliesthestabilitypropertiesof thetheorem

statement.For nonlinearsystems,the monotonicity of the

cost-to-go servesasa Lyapunov function andtheresultsof

[9] may be used,relying on the property that � �,� 0 is a

zero-controlequilibrium. ���,�
To differentiatebetweenthesecontrol strategies, we note

that 4 ������ ^ 6 � ` is the first component in an 7 % � -stepin-

put sequencewhich takes 6 � to theorigin. Thususing 4 ���>����>�
leaves us at most 7 %�m stepfrom the origin, while us-

ing 4 ����>� leavesus at most 7 %�� stepsaway. ThusStrat-

egy 2 brings uscloserin time to theorigin at theexpenseof

infinite-horizonperformance— provableusingmonotonic-

ity arguments.Indeed,allowingthefull sequence
< 4 ������ ^ 6 � ` B

to be applied takes us exactly to the origin with optimal

finite-horizonperformance.

But this is preciselythe desiredstrategy for the control of

ABR bit-rate in a congestednetwork whensystemdelays

preventoutput measurement— network utilization, �2� .30 ,
needsto besacrificedfor queue stability, �W��� � , through

the adoption of a zero-rate forcing control. The choiceof

horizon 7 may thenbe linked to the wind-down time re-

quiredfor a nodeto stopsendingnew datain responseto

thenon-receiptof RM packets.

4. CONCLUSION

ABR congestionin high-speednetworks involves coping

with significantdelaysin assertingcontrol actionandin re-

ceiving systemdata.Further, we have arguedthatthesede-

lays will be variable whencongestion is problematic. We

have presentedMPC as an approach to the management

of feedbackcontrol in suchsystemsthroughmodifications

to eachpart of its state-feedback-plus-estimatorstructure.

For the control law, this correspondsto choosing a stan-

dardzero-terminalstateconstraintandto sacrificingpartof

theperformance objective for improvedstability whensys-

temmeasurementsfail to arrive. In this way, we breakwith

certaintyequivalencedesign,although connectionswith [1]

still needto beexplored.
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