US-Australiaworkshopon DefenceApplicatiors of SignalProcessingBarossa/alley SouthAustralia,16-2 Sept.200L

AVAILABLE BIT RATE TELETRAFFIC CONTROL USING MODEL PREDICTIVE
CONTROL

RobertR. Bitmead

Departmentf Mechanicalk Aerospacd=ngineeringUniversty of CaliforniaSanDiego
9500GilmanDrive, La JollaCA 92093-0411USA

Emailr bi t nread@icsd. edu

ABSTRACT

Model Predictive Controlis analyzel asa stratey for cop-
ing with the unkrown, variable and non-deterninistic ac-
tion and measurerant delayswhich canoccurin conges-
tion contrd of availablebit-rateteletrafic contiol for high-
speeddatanetworks. It is shavn that the state-feedbek-
plus-estimato certainy equivalerce natureof this contrd
law is particulaly amenale to copingwith thesedelays.
Boththeestimatoupdateuleandtherecedimg-holizoncon-
troller canbemodfied to accomnodateabsenhetwork mea-
suremets. Thisis standardor theestimator Butinvolvesa
novel appoachto therecedig-haizon contol law, which
for the congestednetwork resultsin diminishing the net-
work utilization objective in favor of quete stability.

1. INTRODUCTION

Teletrafic in highspeedATM networks consistof a num-
ber of bit-rateregimes depeding on the quality-d-service
(QoS) guaanteeagreel betweenthe senderand the net-
work serviceprovider. Constantit-rate (CBR) traffic and
variable bit-rate (VBR) areguarateedQoSoptiors which
have high-priority bit-rate assignmenin responseo de-
mand Availablebit-rate (ABR) traffic, by contrastjs abest
efforts servicein which traffic is assignedandwidh in re-
sponseo its availability, giventhedemand of the CBR and
VBR source andtheappeaanceanddisappeanaceof other
ABR traffic. Sincethebit-ratesassignedo ABR traffic may
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vary with availability, ABR represets the only partof the
traffic whichis amenake to feedtack contiol in resposeto
network congestion

Thecontrd objective hereis twofold; to maxinize network
utilization or traffic throudhput, andto minimize the rate
of lost paclets and conseqgent retransmissiorinefficien
cies. The feedbak contwol is appliedby commuicating
the maxinmum allowabletransmissiorbit-rateto eachABR
sourcein responsgo resouce mangement(RM) paclets,
whichareinterlearedwith the datatraffic in ATM networks
andconvey congestioninformation. See[1, 2, 3] for recent
suneys and analyseof the formulation of this stochastic
controlprodem. Thestochastimatureflows from the need
to includea mocel for the variation of ABR bandvidth —
an autorgressve modé is usedin [1] for exanple. Apart
from this stochastiovariability, the domirant featue of the
ABR congestioncontiol prodem is the presencef a non
negligible delayin thefeedbackpathlinking the bottlenek
constrainechodes notificationof capacityto the ultimate
control of the sourceABR datarate. The action delay or
round trip time is assumedoth fixed and knowvn in the
above referaces. Mascolo[2] usesthe Smith Predictorto
develop feedack contollers capatlte of yielding stability
with this delay Altman etal [1] geneate certaintyequiv-
alencecontollersbasedn optimal state-ariablefeedbak
combiredwith stateestimatiornwith delayedneasurerants
andagainestabliststability for theseschemes.

Our apprachhereis to studythe suitability of Model Pre-
dictive Control (MPC) apprachesfor ABR stability and
perfomancecontrol. In particula, we view MPC asa vari-
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antof certaintyequialercecortrol andshav how it is suited
to copng with variade andunkrown actiondelaysin this

circumstage. We usethefactthatMPC is compisedof a

stateestimatomandarecedim-holizonoptimalstate-feedhbzk
contrd law to develop separatalelaymanagerant modifi-

cationsto eachpart. The motivation for considering this

formulation of varialle anda priori unkrown delayis that

congestionin ATM networks leadsto redued ABR band-
width, whichin turnleadsto dynamicallydecreaedbit-rate

assignmenandincreaseaomnunicationdelay Theasym-
metryof traffic flowsin eachdirection alsocancausevaria-

tionsin rourd-trip delaybetweersoure anddestinatioror

intermedate noces.

2. NETWORK CONGESTION CONTROL MODEL

We consicer a store-ad-forward paclet switchednetwork,
onenock of which is depctedin Figurel. We follow the
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/
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. maindata stream
control/acknowledgement data stre

Fig. 1. Network noce with ABR sources.

formulation and notationof [1]. The quete length at the
nodeis dended by ¢, andhasa maximalvalueof Q). Pack-
etsarriving afterthe queueis full arelost andmustbere-
transmitted The availabledownstreanor servicebit-rete is

dendedby ¢, whichis astochastiprocessreflectingavail-

ablenetwork resouices.Thesourcedatarateatthenodedue
to sourcesS; is r; ;. Notethat, becausef transmissiorde-
lays, this sour@ rate is dueto datainjecteda number of

time stepsearlier Thetotal time for a sourceratedecision
from the nock to reachthe sourceandfor that datarate of

arrivals to reachthe nodeis d;. Thecommandedratefrom

thesourcedenotedv; ;, is thusgivenby

Vit—d; = Tit-

Thequete lengthatthenodeevolvesaccoding to

n n
Qt+1 = ¢ + Zri,t — Mt =gt — Z Vig—d; — bt (1)

i=1 i=1

In this framework, thespecificatiorof commauwledrate,v ; ¢
is thecontrolsignalto the sour@sandvariatin in p is the
stochastiadisturbare to the measurd processoutpd, gq;.
Theactiondelaysd;, plusthefactthatdownstreanbottle-
necled nodesneedto communicatetheir constrénts make
this adifficult contrd prodem,.

Stability of the systemcorrespadsto the property that

¢ <@, forall t>0. (2)

Thatis, stability correspndsto theabsencef quaie over-
flows andconsegantlost pacletsandretransmissions(In
practice,somesmall commnentof retransmissiormight
be acceptale.) Clearly, this might be achiesed by setting
vi¢ = 0. Theweforethe compeing network utilization or
performancebjectiveis statedas

g >0, forall ¢>0. 3

Suchanobjective courtermandshestabilizationsolutionof
settingall ABR sourceratesto zero.

The statedescription (1) is a linear system,which, when
combired with a similar mocel for the stochasticdistur
banceu; asin [1], yieldsanexpressionof the contiol prob>
lem aslinearfeedbak contiol of a systemwith delay This
is posedasa Smith Predictorin [2] andasLQG cortrol in
[1]. In bothcaseghe delaysareassumedixed andknown
a priori. In practice the delaysareunknown, time-varying
andnon-determiristic, sincethey themselesdepaxdonpre-
vailing network traffic.

We studyin this pape the applicalility of Model Predic-
tive Control (MPC) for the stabilizationandcontol of net-
work traffic in which the variabledelayin arrival of mea-
surementsrom distant parts of the network needsto be
accommadated. An appoachto dealingwith unavailable
measurenm@sis simply stated.

2.1. MODEL PREDICTIVE CONTROL

For agenerabystemwith inputsu,, outpusy; andstatez;,
MPC is commsedasfollows.

Step 1. At currert timet, afinite-horizon(IV), openioop,
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corstrainedoptimal contiol prodem is posedfrom
thecurentstateestimateg;_; -

t ot i _
{utaut-i-la .. aut-',-N—l} =
arg min
{“:’u§+1 7"'7"3+N—1

[J(@ee, N)], (@)

wherethe optimizationis givenby

J(z¢, N) = :ctT+NSN:ct+N
N-1
+ D (L4, teg)), (5)
1=0
subjectto  x(t+i+ 1) = f(Titir Ueti)
Utti € Ui, Tiyit1 € Xi+1, 7= O,N — 1,

wherelf; arethe setsof admnissible contrds and X’;
arethesetsof allowablestatevalues.

Step 2. Of {uf,uf,,,...,ul, y_,}, thetime+ finite-horizon
solutionsequene, only thefirst valueu! is appliedas
acontrd input.

Step 3: A systemmeasuremnty, = h(zg,u) + vg IS
taken (perhag corrupted by noisewv;) andthe next
stateestimate?, ., ; compued.

Thisloopis comgetedateachtimet. ThisdefinesaReced-
ing Horizon contrd stratgly becausealthowgh an N-step-
aheadinite horizoncontol is compued, only thefirst ele-
mentin the solutionsequeneis apgied asa contiol before
anew N-stepsequeneis computedwith asliding hoiizon.

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

veryusefulsuney is givenin [7]. Traditiorally, thefocusin

MPC hasbeenon the propertiesof the full-state, recedng

horizan contrd law. Theconnectio to a stateestimatothas
beensomavhat overlooked Therearemary appeéng fea-
turesof MPC, which hasits historicalgenesisn Chemical
Proces<ontrol.

e Thefinite-horizon,constraired,optimd controlprab-
lem hasanopenloop solution. This therebre admits
the solutionvia explicit criterion minimizatian, such
asmightbeachiered via directgradent method [8].

e Feedlackis effectedthrough the stateestimate— a
factor madeexplicit in our notation. The recedng

horizan control’s depemlencejust on the mostrecent
stateestimatemeansthat feedbackcortrol is imple-
mented

e Thecriterionminimizationis basedn the outpus of
a simulationmodel. This tight coupling betweena
modé, whichis frequentlyavailablebutis notusually
amenatle to directcontoller design andan ensuiry
contrdler achieved implicitly through the minimiza-
tion proaessis amajordravcard of themethod

e While MPCproceedsria successiefinite-haizonso-
lutions, it is aninfinite-horizoncontrd strateyy, since
the finite horizonproblem is re-pasedandre-soled
at eachinstantof time. Accordingly, one may pose
asymptdic stabilityquestiongor MPC. Themostpow-
erfully generakesultstemsfrom Keerth andGilbert
[9]. Subjectto otherreguarizing assumptias, if the
finite-haizon prodem usesthe exact statevalueand
hasthe corstraintthat

TN =0,

thenthe MPC contrd law ! is anasymptdically sta-
bilizing contrd law. This powerful result holds for
boththelinearandnonlirearcases.

e Inthelinearcaseathoraughconrectionbetweerthe
MPClaw andLQG cortrol is establishe@ndexplored
in [4]. Theasympotic stability propetiesarerelaxed
from theterminalconstrant to atermind penalty In
thenonlinearcaseMayne andMichalska[10, 11] ex-
ploreasymptoticstability of MPC with aredwcedter-
minal constraim.

3. MPC FOR ABR CONGESTION CONTROL

In the ABR congestiorcontiol prablem, the contrd delay
of asinglenode consistsof two compnentstheactionde-
lay in commuicatingto thenodeplusthereturndatatravel
time, andthe delayin downstreamdataRM cells arriving
at the node Both thesedelaysare variable. However, at
ary particdar decisiontime, thedelayapplyirg to thearriv-
ing datastreamis known throudh the arrival or non-arrival
of RM cells. We may therefae posethe contiol prodem
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asonein which datamight be missing,but is known at the
time whetherit is missingor not. The statez; of MPC is
identifiedwith target ABR ATM nodequele lengthg; and
the allowed rate u;, the contrd u, with commai source
ratev; ., andthemeasureranty; with (g¢, p).

As posedabore, the MPC contoller is comgised of two

parts;the finite-hoiizon statefeedtacklaw u! = F(@y4—1)

comingfromtheconstraind openrloopoptimalcontiol prob-
lem, andthe recursve stateestimatoryielding &1 In

thelinear case suchasthat proposedfor ABR congestion
contrd in [1], thesewould be a linear state-ariablefeed-
backlaw andthe Kalmanfilter — LQG contiol. Indeed,
this is preciselythe framework of [1, 3], wherethey adop

a certaintyequivaencecortrol appoach.Herewe shall ex-

plore mechanismgor accommadating delaysinto eachof

the statefeedlack law andthe stateestimator We begin

with the stateestimator

3.1. DELAYED MEASUREMENT STATE ESTIMATION

Kalmanfiltering theoryis well developedandunderstoodn
thelinearcase.With alinearmodel,the Kalmanfilter may
bewrittenastherecusionof time-ypdateandmeasurment
updde steps. The samestructurepertairs in norinear fil-
teringusingthe Extendtd KalmanFilter [12]. Theserecur
sionshave thefollowing form.

f(i“t\taut),
Top1e + Ke(ye — MEey11)),
measuementupdde. (7)

time updae, (6)

Tip1t =

Tit1jt+1 =

Here K, is the Kalmangain,compued from linearizatiors
of the systemfunctions f(-), h(-) andthe processandmea-
suremehnoisecovaiiancematrices) andR respectely.

In the casewheredatay; is unavalable, the appoachis
to compute successie time updatesvithout the associated
measurerant update step. The samesolutionariseswhen
themeasuremdamoisecovaiianceR is takenasinfinity. In
thelinearcasethisyieldsthe minimummeansquarecerror
solution. In the norinear case,the solution neednot be
optimalbut still yieldsaworkable estimator

Whenthe datay; arrives with known delay an updde is

still possibleto generatenimprovedstatepredction. This
canbe dore mostsimply by reprocessinghe datafrom the
correctlyalignedtime stepandthentaking further time up-
dates. Again, in the linear casethis prodwcesan MMSE
optimalstateestimate.

3.2. RECEDING HORIZON CONTROL WITH DELAY

The MPC contrd law proceels from the currert stateesti-
matez,;_, to genergethecontrd law

Uy = Ui(iﬁﬂt—l)-

This contrdler is the first elementof the recedinghorizan
solutionsequene {u},ul,,...,ul, v 1} (Ey—1). If we
supposehatmeasurem@ntswereavailableattime ¢, thenin
the absenceof measuremnt dataat time ¢ + 1 oneis left
with two possibleoptiors for the next contiol value.

Strategy 1: Onecouldusethebestcurrerily availablestate
estimateof z; 11 = gi41¢ — pe41)¢ and proceedto
applythestationaryfeecdbackcontrd law uii}

Strategy 2: Onecouldapplytheseconcelementof there-
cedinghorizan solution,u}_ ;.

Note that thesecontiol laws are not genericallythe same
unlesghehorizon NV is infinite. Both schemeslo, however,
rely on the samestateestimate which is producedby run-
ningthetime updatg6) alonewithout measuementupcate.
How might onechosebetweerthesetwo optiors?

We first prove that both strateyies produce asymptaically
stabilizingcontrdlers.

Theorem 1 Suppsetherecedinghorizoncontml solution
{uf,ufy,...,ul y_,} is constructedoy solving(4) sub-
jectto the terminal statecorstraint z;+x = 0. Thenead
of theinfinite-horizonfeedbak control lawsu; = ul =" (x;)
is asymptoticallystabilizingfor 0 < k¥ < N — d, whered is
thedimensim of the statex;.

Proof: For linear time-invariant systemsone may usethe
monotaicity argumentsof [4] (Chapted) with zerotermi-
nal stateconstraintwe seethateachof the cortrollersmay
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bewrittenasu; = Ly _x; for constant.Q gainL y_ de-
rived from the Riccati differerce equatim (RDE) solution
P;,. This RDE commeresat initial conditionP;' = 0
andyields P, mondonically decreasingn & for &k > d,
whered is the dimersion of z;. Accordirg to [4] Theo-
rem4.11], thisimpliesthestability propertiesof thetheorem
statement.For nonlinear systemsthe mondonicity of the
cost-to-@ senesasa Lyapwnov function andthe resultsof
[9] may be used,relying on the property thatg, = 0 is a
zero-ontrolequilibrium. \AYAY

To differentiatebetweenthesecontrd stratgies, we note
thatu!=*(z;) is the first compamentin an N — k-stepin-
putsequenewhich takesz, to theorigin. Thususingu}ty
leaves us at most N — 1 stepfrom the origin, while us-
ing u},, leavesusatmostN — 2 stepsaway. ThusStrat-
egy 2 brings uscloserin time to the origin atthe experseof
infinite-horizonperfamance— provableusingmorotonic-
ity arguments.Indeed allowing thefull sequene{u}  , (zx)}
to be appliedtakes us exadly to the origin with optimd
finite-haizon performane.

But this is preciselythe desiredstrateyy for the contol of
ABR bit-ratein a congestedhetwork when systemdelays
preventoutput measuremnt— network utilization, g; > 0,
needgo be sacrificedfor quete stability, ¢; < @, through
the adoptio of a zero-ateforcing contrd. The choiceof
horizan N may thenbe linked to the wind-down time re-
quiredfor a nodeto stopsendingnew datain responsdo
thenon+eceiptof RM paclets.

4. CONCLUSION

ABR congestionin high-speed networks involves coping
with significantdelaysin assertingcontrd actionandin re-
ceiving systemdata.Further we have arguedthatthesede-
lays will be variale whencongestionis prablematic. We
have presentedVIPC as an appoachto the managenent
of feedkack contol in suchsystemshrough modificatiors
to eachpart of its state-feedhck-plis-estimatorstructure.
For the contrd law, this correspondsto chaosing a stan-
dardzeroterminalstateconstraintandto sacrificingpartof

the perfamane objectie for improved stability whensys-
temmeasuementdail to arrive. In this way, we breakwith

certaintyequivalencedesign althoudn conrectionswith [1]
still needto beexplored.
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