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Chapter 1

Intr oduction

1.1 Towards high speednetworks

In therecentyears Internethasbecomehestandardetwork infrastructureo allow a
globalcommunicationn theworld. Now Internetis notonly world-wide,but it is also
“content-wide”sinceit supportsa very large numberandvariety of communication
services.

Born asa researchand university network, providing basicserviceslike e-mail
andfile transfer Internethasbeengrowing at an exponentialrate. Importantre-
searchandcommercialefforts have supportedhis expansion.Furthermorea “new-
economy”hasarisento exploit the possibilitiesof this nev meanof communication,
abletoreachalot of peoplein theworld atlow costs.Lately, Internethasalsochanged
the communicatiorhabitsof millions of people,nowadaysfamiliar with sendinge-
mails andwith browsing the World Wide Web (WWW). During the last couple of
years,Internethasbeenproposedlsoasa feasiblealternatve to the Public Switch-
ing Telephory System(PSTN),throughtransportservicedik e “Voice Over IP”.

The Americaneconomicactrisisduring2001hasshawvn alsothe limit of Internet
asmeanof businessinternetwasinitially designedasalow costandglobalcommu-
nicationmean,but its intrinsic featuresseemnow to limit its scalabilityin termsof
dimension,servicesandbusiness.For example,Internetis a “best-efort” network;
this impliesthatserviceprovidescannotaskusersto pay a significantfee, giventhat
the quality of serviceover time is not guaranteed On the contrary advancedcom-
municationsystemslik e videoandaudiodistribution, requireaminimumguaranteed
level of servicequality to be practical.In generalwheneer the network canaccom-
modatehecommunicatiomequirementsf “Quality-of-Service”(QoS),Internetwill
improve its businesgotentials.

Startingfrom its birth, severaltechnicalconsiderationsosedoubtsthat Internet
would have collapsedafterfew years,dueto the very large numberof usersandthe
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1 —Introduction

constantlygrowing traffic. Internetis a paclet switchednetwork basedon the “sta-
tistical multiplexing” paradigm,which meansthat the resourcesare sharedamong
usersandnot dedicated.Hence,Internetcould collapseif the offeredtraffic would
becomegreaterthanthe traffic thatthe availableresourcesreableto sene. Since
no “admissioncontrol” mechanisnis adoptedto limit usertraffic, this risk is real.
Several solutionshave beenervisagedto dealwith this foreseercollapse.Onesolu-
tion is a morethoughtfuldesignof the network architecturemaybeexploiting some
fair resourcesharingand admissioncontrol systems.Anothersolutionis the conti-
nousincreaseof communicatiorinks andswitchingsystemsto increasehe overall
bandwidthavailablein the network.

Themaintopic of myPh.D.work hasbeenthedesignof high performanceswitch-
ing systemsableto accommodatéhe exponentialtraffic growthin Internetby guar-
anteeinghigh throughput

1.2 Roleofroutersin Inter net

Internetis avery large paclet switchednetwork, built arounda large variety of trans-
missionand switching systems.The informationto transferthroughthe network is
aggreatedinto paclets;eachpacletis individually forwardedandswitchedtowards
its destinatiorthroughthe paclet switchingsystems.

The mostimportantswitchingsystemsn Internetaretherouters. The maintasks
of arouterareto receve the pacletsfrom input ports, to find their local destination
port on the basisof theroutingtable (built by exchangingnformationrelatedto net-
work topologythroughrouting protocols)andfinally to transferthe pacletsto output
ports. Thesetwo basicfunctions,routing andswitching, arevery difficult to imple-
mentwhenthe aggregatebandwidthis very large, sincecomplec algorithmsshould
runin avery shorttime. Furthermoreroutersmustdealwith differentlink technolo-
gies,mustdistribute routingtablesandcanprovide paclet classificatiorandfiltering
services.For all thesereasonshigh performanceoutersarevery comple systems,
whosedesignis moreandmorepushedo the edgeof the latesttechnology

Being able to designhigh performanceroutersis particularly important, given
thattoday’s Internetis composedy a relative small numberof very fastbadkbone
networks which connecta very large numberof smallernetworks. Backbonelinks
ratesare evolving from today’s OC-48 (2.5 Gbps)to OC-192 (10 Gbps)andeven
OC-768(40 Gbps)[16], with a rate of increaseof about30% per year[16]. This
meansthat, for a minimum size TCP/IP paclet of 40 bytes,the numberof paclets
to be processeds evolving from 8 to 32 andeven 125 million of paclets/s. Sothe
averagetime spentto elaboratea singlepaclet (doing at leastroutingandswitching)
is decreasindrom 125nsto 30 nsandeven8 ns: hencetheswitchingprocessathigh
speednustbeimplementedn hardware.



1.3-Schedulingn high performanceouters

1.3 Schedulingin high performancerouters

This Ph.D.dissertations onthedesignof high performanceouterswith avery large
aggregatebandwidth.Differentswitchingarchitectureganbe employedin high per
formanceouters.Thisstudiedocusesnainly ononeof themostpromisingswitching
architecturewith paclet buffersatinput ports;this architecturewill beintroducedn
Section2.2.2anddiscussedleeplyin Chapter3.

For very fast switching architectureswith buffers at input ports, the main per
formancebottleneckis given by the schedulermodule,which selectsthe pacletsto
transferthroughthe switchingfabric. In this dissertationt will be discussednainly
theproblemof designingvery efficient schedulingalgorithms which shav very good
performancendcanbeimplementedn hardware. Theschedulearchitecturewill be
discussednly from the algorithmic point of view, independenfrom ary particular
electronictechnologyto implementit.

Themaintopicsandresultsdiscussedn this dissertatiorarethefollowing:

e designof implementableschedulergor unicasttraffic: we will proposealarge
classof algorithmsableto achieve very good performancewith a low imple-
mentationcompleity;

e designof schedulerdor multicasttraffic: we will definethe optimal sched-
uler andshov someintrinsic performancdimitations for switcheswith input
buffers;

e designof schedulerdor variable-sizepaclets: we will shov how to integrate
efficiently the schedulingunctionwith the processingf variablesizepaclets,
like IP paclets.

This Ph.D.dissertatioris organizedinto chapters.Chapter2 discusseshe main
designissuesinvolved in designinghigh performancdP routersand motivatesthe
needfor high performancewitchingfabrics.It introduceghemainfeaturesof differ-
entcatgoriesof routersandalsohighlightssomeof the mostsignificantbottlenecks
in their performanceln addition,it providesa taxonomyof the switchingfabrics.

Chapter3 describedeeplythe problemof scheduling.It is a sort of prefaceto
all the subsequenthapterssinceit describeshe methodologicahpproachegbased
mainly on the performanceanalysisthrough simulationsand stochasticmodeling)
to studythe schedulingproblem. The final part of that chapterrecallssomewell-
known resultsof stochastienodeling,essentiatlo understandhetheoreticamodeling
approactusedin the otherchapters.

Chapterst, 5 and6 discussrespectrely eachof the threemaintopicsof our re-
searchwork, presentecearlierin this section. Eachchaptermotivatesthe outlined
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1 —Introduction

approachcomparingit with resultsknown in literature. The approachs then de-
scribedandits performanceare discussedirst by theoreticalmodelsandthenwith
simulationstudies.

After theconclusionsandthebibliography anappendixeportssomeof theproofs
which wereskippedin the maincontext of this dissertatiorfor aneasiereading.



Chapter 2

The designof high performance
routers

As we saw in the Introduction,one stratgy to dealwith the exponentialgrowth of
thetraffic in Internetis to designrouterwith higherandhigherswitchingcapacity In
this chapterwe will describehemainissuesnvolvedin designinghigh performance
routers,taking into accounttheir positioninside the network. We will alsoexplain
the modelto abstracthe switchingprocessof arouter Thelastpartof this chapter
will be devotedto ataxonomyof thearchitecturegor paclket switching.

2.1 Designissuesof Inter netrouters

Internetis a very large network, world-wide. It is very difficult to give a precise
descriptionof its architecture but someflavor of its architecturecan be given by
exploiting thefactthattoday’s Internetis quite hierarchicallystructured.

Internetis composedy hundredf badkbonenetworkswhich connecsometen
of thousand®f smallernetworks, called enterprisenetworks Enterprisenetworks
arecomposedy smallernetworks, wherethe single hosts(or users)areconnected.
Large serviceproviders can have an accessnetworkto collect the traffic from the
usersandto sendtheir traffic to the network.

Routerstransferthe pacletsthroughall thesenetworks, hencecan be classified
mainly in threecateyories: badkbonerouters, enterpriserouters andaccessouters.
Thereadershouldreferto [50] to understandhe mainissuesandtrendsin thedesign
of all thesekindsof routers.

We now discusssomeissuesof thosethreecateyoriesof routers. This division
in categoriesis loose,sincesomerouterscan sharesomedesignissuesof different
routercategories.
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2.1.1 Backbonerouters

As we saw in theintroduction,backboneoutersswitch the traffic amongenterprise
networks, allowing the communicatioramongendpointsocatedin differententer
prise networks. In the backbonehe traffic is given by aggregatinglow speedchan-
nels. Hence backboneoutersarebuilt to connectfew links at very high speed]ike
0OC-48(2.5Gbps)upto OC-768(40 Gbps).

The mainissuesin their designis their reliability andtheir speed.Reliability is
achiezedasin thetelephoneswitches by usinghot-sparessedundanpower supplies
andduplicatedata-paths.

Speedn theseroutersis usuallylimited by thesefactors:

e Routingoperations When a paclet arrives, the router readsits headerand
chooseghe destinationon the basisof the routing information obtainedby
routingtables Routingtablesarevery large anda paclet canmatchmultiple
destinationsthepacletis forwardedfollowing somerules,lik ethelongestpre-
fix matding. The mainapproacho dealwith fastroutingis to usefastlookup
caching,usuallyimplementedn hardware. The efficiency of cachingdepends
on the correlationof the traffic traveling the network. Anotherapproachuses
protocolslik e IP-switching andtag-switding, which areableto reducethe di-
mensionof theroutingtablesby allowing wider coordinationat network level.

e Memorybandwidth Packets are storedin electronicbuffers (optical buffers
cannotbe adoptedsincetheir technologieshave not beenwell establishedo
far) to be processe@ndto solve contentionsvhenmultiple pacletstry to ac-
cessto the sameswitchingresource .Electronicmemoriesarenot ableto deal
with the fasterandfasteroptical communicationinks. StaticRAM (SRAM)
memoriesoffer fasteraccesdimesthan Dynamic RAM (DRAM) memories,
but their densityis lower. Whereaghe densityof memoriesis always grow-
ing andtheir priceis droppingby 60 percen{50] every yeat their accesgime
is almostthe sameduring the last years,with aboutl ns for SRAM and 10
ns for DRAM. The main approacheso dealwith insufficient memoryband-
width is to usememoriesn parallel[45] andto combinetheuseof SRAM and
DRAM [46].

e Switdhing architecture. As we will discusdaterin Section2.2.1,thequeueing
architectureandthe schedulingalgorithmsaffect the throughputof the overall
system.If notwell designedthethroughputof a switchingarchitecturecanbe
verylow (alsolessthan60%).

An additionalissuein thedesignof backboneoutersis the stability of routingtables
when backboneroutersare connectingsmaller networks running different routing
protocols.Thisis notyetawell understoogroblem,accordingto [50].

6



2.2—Routerarchitecture

2.1.2 Enterprise routers

Enterpriseroutersconnectendpointsor segmentsof endpoints(like Ethernetsey-
ments) allowing to partitionthe network in severalbroadcastiomains.They usually
have a high numberof ports,with a lower speedhanbackboneouters. Their main
designissuesarerelatedio thepacletclassificatiorandthepacletfiltering; theclassi-
ficationis aimedto satisfythe QoSrequirement®f the paclets,whereaghefiltering
is usuallybuilt to provide native securityfeaturesn therouter Lookuptablesrelated
to routing and classificationcan supportan updaterate on the orderof hundredsof
updategpersecond16]. At thesametime, enterpriseouterssupportmultiple proto-
colsandtunnelingfeatures.In enterprisenetworks, alsothe availableadministratve
tools (in software) are very important,sincethey allow to configurethe numerous
featuresnvolved.

2.1.3 Accessouters

Accessrouters connectcustomersat home or at work with an Internet Service
Provider (ISP).In the past,non-intelligentconcentratorsverecollectingthecommu-
nicationsfrom poolsof modemsconnectedo the Public Switching Telephory Net-

work (PSTN).Now, a large variety of accesgechnologiedo Internetareemployed

(like high-speednodemsADSL modemsor cablemodemsyandtransmissiorspeeds
aregrowing. Furthermoreyoice anddataaretransmittedon the samephysicalchan-
nel,andsomeaccessoutersarenow ableto bypasghevoicesignal.Hence all these
servicerequirementsanbemetonly throughspecializedouters.Themaindesignis-

sueof accessoutersis to provide theconnectioramongavery large numberof ports,

atdifferentspeedandrunningheterogeneousccessechnologiesandprotocols.

2.2 Router architecture

Although differentdesignapproachesharacterizall the cited routercategyories,the
maincomponent®f agenericrouterare,accordingto [50, 72, 95]:

e Network/r outing processor It manageshe overall routing process.It com-
putestheforwardingtablesjmplementgherouting protocolsandrunsthe soft-
wareto configureandmanageherouter

e Input/output ports. They receve andtransmitpacketsthroughthe communi-
cationchannels.They provide data-linkencapsulation/decapsulatiand can
classify pacletson the basisof somerulesspecifiedby the routing processar
In somecasesaport processorandaprocessingenginearepresentn eachport

7



2 — Thedesignof high performanceouters

andthey areableto performactive processingf incomingpaclets: they pro-
vide flow classificationassignatagto eachpaclet, sgmentincomingpaclets
into fixed-sizecellsandreassembleellsto constitutethe outgoingpaclets.

e Forwarding engines They areoptionalmodulesdesignedo find quickly the
destinatiorportof apaclet,onthebasisof thepacletdestinatioraddressandof
someclassificatiorrules. Forwardingenginesprovide fastlookup, usinghigh
speedcachingsystems.To improve the throughput,multiple enginescanrun
independentlyand concurrently For example,the Cisco 12000 Seriesback-
bonerouters[23] canuseup to 15 forwardingenginesandthe JuniperM160
backboneaouterupto 4.

e Switch. It transfergpacletsfrom oneportto anotheyon the basisof informa-
tions derived by the forwardingengines.Section2.2.1reportsan overview of
themainswitchingarchitectures.

Note thatall thesecomponentsanbe combinedinto oneor multiple cards,and
their role canbe differentdependingon the actualrouterarchitecture Furthermore,
the communicationamongall the describedmodulesis supportedeither by some
specializedhardware architectureor by the sameswitch usedto transferthe data
units.

2.2.1 Switching architectures

Severalarchitecturesiave beenproposedor paclet switches someof theminspired
by the telepholy world. For agoodsuney of thesearchitecturethereadercanrefer
to two books[42, 79 andto sometutorial papers[13]. All the architecturedor
paclet switching are constitutedby a switch fabric and somebuffers. The switch
fabricforwardthe pacletsat the inputsto their destinatiorports. The mostcommon
architecture®f switchfabricsarethefollowing:

e crossbar: this architecturds inspiredon the old electro-mechanitelepholy
crossbarswith N2 contactpoints,if N isthenumberof ports. Thecrossbais a
strictly non-blockingswitchingfabric, sincewheneer afreeinput port should
be connectedo a free outputport, they canbe connectedalways (propertyof
“non-blocking”) andwithout reconfiguringall the otherconnectiongproperty
of “strictly non-blocking”). Althoughthe crossbadoesnot scalevery well for
alarge numberof ports,it is consideredisthe basicswitchingfabricfor high
speedouters.A crossbais ableto transferin parallelupto N paclketscoming
from differentinputsanddestinedo differentoutputsithesetof thepacletsthat
aretransferrecaccordingto the crossbarconstraintss calleda non-conflicting
set Whenthe rate of transferin a crossbalis comparablewith the aggreate

8



2.2—Routerarchitecture

arrival rate(this casewill bereferredaterwith theconcepbof speedumneé), the
performanceéottleneckis mainly the controlwhich coordinateshe transferof

paclets, especiallywhenpacletscomingfrom differentinputsaredestinedo

the sameoutput. In this case,a contentionfor the commondestinatiorarises,
andit is solved by the scheduler:only oneof the contendingpacletsis trans-
ferredto thedesiredoutput,whereasll theothercontendingpacletsarestored
in somequeues.

e multistage switch : this architecturess non-blockinglike a crossbar but it
scaleswell with the dimensionsof the switch. Although, from the scalability
point of view, a multistagefabric is betterthan a crossbarit requiressome
internal coordinationto transferpaclets from one stageto another From a
modelpoint of view, a strictly non-blockingand bufferlessmultistageswitch
(like a Clossnetwork or a BatcherBarnyan network [42]) is functionally the
sameasacrossbarsinceit is ableto transferin parallelanon-conflictingsetof
paclets. Hence all the resultsobtainedin this Ph.D.dissertatiorhold alsofor
amultistageswitchingfabric,whichis bufferlessandstrictly non-blocking.

e bus: thisarchitecturas strictly non-blocking but it allows at mostonepaclet
to be transferedat the sametime, henceit requiresa coordinationamongthe
ports. The performancef a busaremainly limited by the bus capacitancand
thearbitrationprocess.

Fromnow on, we consideronly a non-blockingandbufferlessswitchfabric, like
acrossbarTheswitchingfabricis integratedwith abufferingschemeo storepaclets
contendingor thesameswitchingresourcdfor example,anoutputportor theingress
of theswitchingfabric). We canclassifythe switchingarchitecturesnthepositionof
the bufferswith respecto theinputor outputports. The main buffering schemesre
input-queuedIQ), output-queuedOQ) or combinedinput-output-queuedClOQ).
In the next Sections2.2.2,2.2.3and2.2.4we will discussthesebuffering schemes
andtheir integrationwith the switchfabric.

Notethatbuffers canbe sharedamongdifferentports,atinput or outputlevel; in
thiscasesharedmemoryfabricsarereferred13]. Usually, themainlimit of thebuffer
performanceas thememorybandwidthasdiscussegreviouslyin Sectiorn2.1.1.Here
we arenot consideringhesekindsof architectures.

Whentheswitchingarchitecturaes implementedn hardwareatvery high speedit
usuallyworkswith data-unitof fixedsize,calledcells. For padetwe meanadata-unit
of variablesize, like an IP-datagranor an TCP/IP paclet. For a clearerexposition,
thebasicswitchingarchitecturesvill bereferredascell-switthes whereagheoverall
switchingsystenmof arouterwill bereferredaspadet-switt. Section2.2.5will shav
how to build the paclet-switcharounda basiccell-switch. Note alsothat Chapter6

9



2 — Thedesignof high performanceouters

will proposean optimized architectureto integrate cell-switchinginside a paclet-
switchingsystem.

2.2.2 Input queuedcell-switches

1 Matching, M

X

1
Input N
]ji>—> ) \Ommi
"’ -

Figure2.1. Logicalstructureof aninput-queuedell switch

Fig. 2.1 shows the logical structurefor an input-queued1Q) cell switch. The
switch operaten fixed-sizedataunits, which canbe ATM cells, or have ary other
cornvenientformat. Borrowing from the ATM jargon, we shall usethe term cells to
identify theinternalfixed-sizedataunits. Actually, our resultsdo not strictly require
thatfixed-sizecellsareused but moregenerallyreferto any switchthattakesswitch-
ing decisionat equally-spacedime instants. The distancebetweentwo switching
decisiongs calledslot, andtheslotis thegranularityin allocatingswitchresources.

We do not dealwith the problemof partial slot filling dueto the variablesize of
IP pacletsarriving at inputs, evenif its impacton performancamay be significant,
dependingon the slot sizeandtheinput packet lengthdistribution.

We considera switch with N inputsand N outputs(indeed,oneinput andone
outputinterfaceusuallyresideonthesaméline card”). We alsoassuméor simplicity
thatall inputandoutputlinesrun atthe samespeed.

Paclets are storedat input interfaces. Eachinput manage®ne queuefor each
output,henceatotal of N x N = N? queuesarepresent.Eachqueuecanstoreup
to L cells and excesspaclets are dropped. This queueseparatiorpermitsto avoid
performancelegradationslueto head-of-the-lindlocking [49], andis calledVirtual
OutputQueuing(VOQ) or DestinationQueuing[10, 61,89, 88].

The switch fabric is non-blockingand memorylessandintroducesno delay: at
most one cell can be removed from eachinput and at mostone cell canbe trans-
ferredto eachoutputin every slot. Sincethe speedat which cellsarefed into output
interfacesis equalto the speedat which cells are fed to input interfaces,we have

10



2.2—Routerarchitecture

a speedupequalto 1. The schedulingalgorithmdecideswhich cells aretransferred
from theinputsto the outputsof the switchin every slot. Schedulingalgorithmswill
bediscussedhn detailsin Chapter3.

2.2.3 Output queuedcell-switches

Outputqueued(OQ) cell-switch needsno input buffers (neglecting buffers usedat
the inputsto storethe newly arrived cell) becausehe switching fabric hasenough
capacityto transferto the desiredoutputall the cells recevedin onetime slot. In
theworstcase(i.e., whena cell arrivesat eachinput, andall cellsaredirectedto the
sameoutput),this meanghatthe bandwidthtowardseachoutputmustbe equalto the
sumof the bandwidthsavailable on all input lines. We thus say that the switching
fabric musthave a speedupequalto N. This internal speedupcan be obtainedin
differentmannersWe assumeéherethatit is achiezedin thetime domain,by setting
the switching fabric clock N timesfasterthanon input/outputline interfaces. We
thereforeassumethat the slot time is subdvided into N mini-slots, and that each
input canusea differentmini-slot to transfera cell to a givenoutput. The allocation
of mini-slotsto inputscanbefixed,time-varying,or random.We implementedafixed
round-robinof inputsin our simulationprograms.

At eachoutput, cells are storedin a single FIFO queue. For a fair comparison
with input-queuedswitches we assumehatthe total amountof buffer spaceis kept
constantj.e., thatthe FIFO outputqueuecanstore N x L cells. This assumption
givessomeadwantageto the OQ schemeswhich canexploit somedegreeof buffer
sharing.

2.2.4 Combinedinput-output queuedcell-switches

Combinedinput-outputqueuedCIOQ) architecturesrea compromisebetweenQ
andOQ), for which somedegreeof speedups available,but notasmuchasfor OQ.
Thesearchitecturesequirebuffering at bothinput andoutputline interfaces.

The buffer spaceat eachinput can be organizedin eitherone FIFO queue,or
severalqueueslikein the caseof VOQ. We call S;,, thenumberof cells perslot that
canbereadfrom thequeue(sateachinput,ands,,; thenumberof cellsperslotthat
canbewritten into the outputqueueat eachoutput.

Several CIOQ architecturesvere proposedn the literature. Unfortunately dif-
ferentauthorsoftenassumalifferentdefinitionsof speedupThefollowing casesare
possible.

e S;, = 1landS,,; = S [18, 36,44,75, 76]. The switch cantransferupto S
cellsto the sameoutput, but no morethana cell canbe readfrom eachinput
in oneslot. This definition SV of speedupderivesfrom input bus switching

11



2 — Thedesignof high performanceouters

architecturesin which a sharedbus canbe readby all outputports, but can
be accessetby eachinput for the transmissiorof at mostonecell perslot. A
well-known exampleof this architecturas the Knodout switch [97].

Analytical models[13] show thatthe maximumthroughputor S = 2 equals
0.885 in uniform traffic conditionswhen N — oo. To achieve a throughput
largerthan99%, S mustbelargerthan4. Only with S = N it is possible
to reachthe maximumthroughputn generatraffic conditions.

e S;, =S andS,, = S [76, 22]. Whenthis speedus® equalsS, upto S cells
canbereadfrom eachinputandwrittento eachoutputof theswitchin onetime
slot.

e S;, = S andS,,; = 1. Thisdefinition S of speedugvasinvestigatedn [30].
It is dualwith respecto S, in thesensehatat mostonecell perslotcanreach
anoutputcard. Whencoupledwith suitableschedulingalgorithmsfor variable-
sizepaclet switching,this form of speedugasthe advantageof preventingthe
interleaving of cellsbelongingto differentpaclets.

Of coursewhenS® =1, or S® = 1, or S® = 1, we have an1Q architecture We
definethe speedupaccordingto S in the remainderof the dissertation.A CIOQ
architecturavith VOQ andspeedugs® = S is shawvnin Fig. 2.2.

It is well-known that the maximumnormalizedthroughputachiezablein an IQ
switchusingoneFIFO queueperinput port, with uniformtraffic andaninfinite num-
ber of ports,is limited to 0.586 by the head-of-the-linéblocking phenomenoij49].
Onecanamguethat,by executingthe schedulingalgorithmtwice in eachslot, thereby
usinga speedups® = 2, the maximumthroughputoecomes 00%[76], asit is for
OQ architecturesThis simplestatemenholdsonly for uniform traffic, anddoesnot
provide guaranteeselatedto delays.

It hasbeenshavn [22] thata CIOQ architecturavith VOQ andspeedus® = 2
canmimic exactly the OQ behaior, undergeneralraffic patternsusinga quitecom-
plex schedulingalgorithm; the samearchitecturecan achieve the work-conserving
propertyof anOQ switchthrougha simplerschedulef55].

In thisdissertatiorwe shallcompardQ andOQ architecturegin thefinal chaptey
alsoCIOQ). With theaim of beingfair in thecomparisonye acceptigh scheduling
compleity for 1Q, high hardwarecompleity (i.e.,speedupV) for OQ, andinterme-
diateschedulingandhardwarecompleity for CIOQ. We therefordimit our attention
to ClIOQ switcheswith limited speedugncreaseS® = 2, andvery simple FIFO
scheduling.

Althoughamoredetaileddiscussiorof schedulingalgorithmsfor 1Q architectures
will beprovidedin Section3.2,we anticipateherethe descriptionof the simplealgo-
rithm thatwe considerin the CIOQ case We assumeéhateachinput andeachoutput
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Figure2.2. ClOQarchitecturavith VOQ andspeedus® = §

of the ClOQ switchmaintainsa singleFIFO queue andthatthefollowing scheduling
algorithmis executedwice in eachslot.

At every executionof the algorithm,inputsarecyclically scannedstartingfrom
a differentinput every time, selectedby a round-robinscan. In this scaneachinput
attemptdo transferthe cell atthe headof its input FIFO queue.lf the corresponding
outputwas not alreadyengageddy a precedinginput in the round-robinscan,the
transferis enabled,otherwiseit is deferredto the next executionof the algorithm.
Sincethe algorithmis executedwice in eachslot time, at mostthefirst two cellsare
removedfrom inputqueuesandat mosttwo cellsaredeliveredto eachoutputqueue
in eachslot. We call this schedulingalgorithmFIFO-2.

2.2.5 Integration of the cell switch inside a router

Giventhecell-switchlogicalarchitectureslescribedn previoussectionsye cannow
build a paclet switch aroundthem. We useasa referencanodelthe caseof a high-
performancdP router built aroundan ATM cell-switch, but the sameanalysiscan
be referredalsoto a routerbuilt arounda generic(possiblyproprietary)cell-based
switch.

Eachrouterport hasline interfaceswhereary data-linkandphysicallayer pro-
tocol canbe usedto receve andtransmitlP datagrams.The IP protocolsits on top
of the data-link protocolat the input and at the outputof the router Within the IP
layerat theinput, routing functionsareactivatedto associat@n outputport with the
destination P addresgwe negglecthereissuegelatedto the implementatiorof these
functions,suchastablelook-up). Input IP datagram&resegmentednto ATM cells,
thatwill betransferredo outputportsby a high-performingATM switchingfabric.

13



2 — Thedesignof high performanceouters

Oncecellsaredeliveredto anoutputport, they arereassemblethto thelP datagram,
which s transmittedbn the outputline accordingto possiblydifferentline formats.

router | P
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Figure2.3. Speedumefinitionsfor the paclet switch built arounda cell switch

Fig. 2.3emphasizethe possiblespeedvariationsinsidethe architectureof an IP
routerincorporatingan ATM switchingfabric. We take asareferencehebit rateson
theinput andoutputlines,which we assuméo bethe sameandequalto 1.

e SPEEDUP-IP-IN is the speedat which cells are transferredrom the input IP
moduleto the input of the ATM switch. Unitary SPEEDUP-IP-IN meanghat,
if aninputIP datagranis segmentedn & cells, all thesecells aresequentially
transferredto the cell-switchinput in £ time slots. Note that this takesinto
accountsggmentatioroverheadsndpartialfilling of thelastcell.

e SPEEDUP is thenumberof cellsperslotthatcanbereadfrom theinputsof the
cell-switch. Sincewe assumehedefinition S of speedugor thecell-switch,
thisis alsothe numberof cellsperslotthatcanbewritten ontoa switchoutput.

e SPEEDUP-IP-0OUT is thespeedatwhich cellsaretransferredrom the outputof
the cell-switchto the outputIP module.

InputandoutputlP modulesn Fig. 2.3consistof queuedor variable-sizgaclets,
andoperatan store-and-fonard mode;they comprisesegmentatiorandreassembly
functions.ATM modulescomprisecell queuesattheinputand/oratthe outputof the

switch.
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Chapter 3

Schedulingin input queuedswitches

In this chapterwe discussthe schedulingproblemin IQ cell-switches. In the first
two sectionswe defineformally the schedulingproblemanddescribesomeknown
solutionsproposedn literature. Section3.3 examinesthe simulationmethodology
adoptedin the following chapters. Section3.4 presentshe theoreticalfoundation
of the analyticalapproachadoptedandintroducesthe main mathematicahotations
referredin this dissertation.

3.1 Problemdefinition of scheduling

This sectiondescribeschedulingalgorithms,which avoid blocking and solve con-
tentionwithin the switchingfabric. We assumea VOQ buffering schemeThequeue
storingthepacletsfrom input: to output; is calledV OQ);; andits occupations X;;.

The schedulingalgorithmselectsa matding M, i.e., a setof input-outputpairs
with no conflicts, suchthat eachinput is connectedwith at most one output, and
eachoutputis connectedvith at mostoneinput. In eachslot, if input: is connected
with outputy, acell is removedfrom VOQ;;, andtransferredo output; by properly
configuringthe non-blockingswitchingfabric.

In the technicalliterature,schedulingproblemsin IQ switchesare modelledas
matchingproblemsn bipartitegraphs.Theswitchstatecanbedescribedsabipartite
graphG = [V,E] (seeFig. 3.1) in whichthe NV left-mostnodescorrespondo the N
input interfacesof the switchingfabric, whereaghe N right-mostnodescorrespond
to the N outputinterfaces Edgesndicatetheneeddor cell transferdrom aninputto
anoutput(anedgefrom left-nodei to right-nodej indicateghe needfor cell transfers
from input: to outputj), andcanbe labeledwith a weight (denotedoy w;;), whose
intuitive meaningis the “urgeng” of servingqueuel’ OQ);;. The adoptedmetricsto
assignweightsto edgeds akey partof theschedulingalgorithm,aswe shallsee.The
weightcanbe binaryto simply indicatethatat leastonecell to be transferrecexists,
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3 - Schedulingn input queuedswitches

Matching M

Figure3.1. Bipartitegraphdescriptionof the schedulingproblem

or it canreferto thenumberof cellsto betransferredto thetime waitedby theoldest
cell, or to otherstateindicators.

A matchingM is a subsetf edgesof G suchthatno vertex hastwo connected
edgesandrepresentanadmissibleswitchingconfigurationf acell is transferedrom
input+ to output; whenthe edgefrom left-node: to right-nodej is presentindeed,
it cannever happerthattwo cellsareextractedfrom the sameinput, or thattwo cells
aretransferredo the sameoutput. Theweightof a matchingis thesumof themetrics
correspondingo the edgesncludedin the matching.A matchinghasmaximunsize
if the numberof edgess maximized;a matchinghasmaximumweightif its weight
is maximized. A matchingis heavierthananothematchingif its weightis greater
than the otherone. The compleity is O(N?) for the maximumweight matching
(MWM) [90, Chapt.8] algorithm,thatcanbe provedto yield the maximumachiev-
ablethroughputusingasmetricseitherthe numberof cellsto be transferredpr the
time waitedby the oldestcell; it is O(N°/2) for the simplerandlessefficient maxi-
mum sizematchingalgorithm[28]. Well known maximumsizematchingalgorithms
wereproposedy Dinic [90] andHopcroft[40].

The N x N matrix whoseelementsarethe edgemetricsin graphG = [V,E] is
calledtheweightmatrix, denotecby W' = [w;;]. This weightmatrix W varieswith
time, accordingto the changesn the systemparameterérom which its elementsare
computed We assumav;; = 0 for missingedgesn G, i.e.,whenno cellsfrom input
1 to outputj arewaiting in inputqueues.

We call 4;; thearrival processatinput: for outputj; the averagearrival rateis
denotedby \;;. Theaggreationof all arrival processess A = {4;,1 <i < N}.

Definition 1. Thearrival processA is termedadmissibles noinputandno outputis
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3.2—-Schedulingalgorithms

overloadedij.e.:

OtherwiseA is inadmissible

For later use,we definethe averagecell arrival rate matrix A = [);;], andthe
normalizedcell arrival rate matrix I' = [;;], with 7;; = )\ij/(zijil Zj.vzl Aij). The
maximuminputloadis p = max;{} ; Ai;}.

3.2 Schedulingalgorithms

Therearetwo mainquantitiesfor measuringhe performancesf aswitchscheduling
algorithm:throughputinddelay Pasttheoreticalvorkson pacletswitcheshave been
concernedvith studyingalgorithmsthatachieze 100%throughput.Suchalgorithms
arereferredto as“stable” algorithms.In particular the paperd62, 92|, shovedthat
underBernoullii.i.d. paclet arrival processeshe MWM s stableso long asthe ar
rival processs admissible. More recently otheralgorithmshave beenproposedor
providing exact delaybounds[22, 55, 82]. Thesealgorithmsin fact provide some-
thing muchstronger:they allow a switchwhosefabricrunsat a speedumf between
2 and4 to exactly emulatean output-queueg@witch. Thus,they arestableandpermit
the useof sophisticatedlgorithmsfor supportingquality-of-servicgQoS).

But, all of the above algorithmsaretoo complicatedfor implementationin high
aggreyate bandwidthswitches. They requiretoo mary iterations(for example,the
MWM requiresO(N?) iterationsin the worst-case)andthe computatiorof weights
usedin thealgorithmsof [22, 55, 82] requirestoo muchinformationto be communi-
catedbetweennputsandoutputs.

Implementatiorconsiderationhave thereforeseenthe proposalof a numberof
practicableschedulingalgorithms; notably iSLIP [60], iLQF [61, 66], RPA [2],
MUCS [27] and WFA [88]. However, thesealgorithmsperform poorly compared
to MWM whenthe input traffic is non-uniform: they inducevery large delaysand
theirthroughputcanbelessthan100%.

More recently some particularly simple-to-implementschedulingalgorithms
have beenproposed17, 45 andprovento be stable. But, [17] introducesan extra

1Theweightsweretakento bethelengthof VOQ;; originally andlaterwork [68] took theweights
to betheageof theoldestpacletin VOQ);;.
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3 - Schedulingn input queuedswitches

paclet resequencingroblemand [45] needsmultiple switchingfabrics. Neverthe-
less,thesealgorithmsmalke a significantpoint: Delivering 100%throughputdoesnot
complicatethe schedulingoroblem.

Ontheotherhand,in orderto keepdelayssmall,it seemaecessaryo find good
matchings;and finding good matchingstakes mary iterationsand consumedime.
But, high aggrgyatebandwidthswitchesdo not leave muchtime for schedulingpe-
causehey areeitherconnectedo very high speedinesor they have too mary ports.

A numberof schedulingalgorithmsfor 1Q switcharchitecturehave appearedn
thetechnicaliterature.In thisdissertatiorwe consideonly iSLIP (for its simplicity),
iLQF andRPA (for beinganapproximatiorof theMWM with theweightequalto the
gueuelength,with goodperformancaunderunbalancedraffic) and,finally, MUCS
(for beinganapproximatiorof the MWM with theweightrelatednon-linearlyto the
gueuelength, with very good performanceunderunbalancedraffic). Thereaders
referredto the original works for a detaileddescriptionof thesealgorithms. In this
sectionwe recall the generaltaxonomyfor schedulingalgorithmsproposedn [7],
andclassifyaccordinglythe consideregroposals.

Theoutputof theschedulingalgorithmat eachtime slot & is a cell transfematrix
D = [d;;], whoseelementprovide theresultof the matchingcomputation:

(3.1)

_ )1 if acellistransferredrom: to j
“ 10 otherwise

Any 1Q schedulingalgorithm can be viewed as operatingaccordingto three
phases:

1. Metrics computation.Computationof the weightmatrix W. Eachoneof the
possibleN? edgesn thebipartitegraphis associateavith a metricsdepending
on the currentstateof the correspondingjueue. This metricswill actasa
priority for the cell transfer

2. Heuristic matding. Computationof the cell transfermatrix D. Sinceit is
know [65] thatthe MaximumWeightMatchingis the optimalpolicy for unicast
traffic (the precisestatements reportedin Section3.4.3). Hencethis phase
musttry to maximizethefollowing sum,in orderto mimic the MWM:

i=1 j=1

with the constraints:

N N
Zdij <1 Zdij <1 (3.3)
i—1 =1
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Sincethe costfor the computationof the optimum matching(maximumsize
or maximumweight) is too high, all schedulingalgorithmsresortto heuristics
with variableeffectivenesandcompleity. Whenthematchings notoptimum,
but no cellscanbeaddedwithoutviolating theconstraintg3.3), thetermsmax-
imal sizematding andmaximalweightmatding areusedin theliterature.

3. Contentionresolution. In the executionof the heuristicalgorithmfor the de-
terminationof a maximalmatch,a strat@y is necessaryo solve contentions
dueto edgeswith equalmetrics,sourceor destination.The contentionresolu-
tion typically is eitherrandom(RO, randomorder),or basedn a deterministic
schemeyoundrobin (RR) andsequentiasearch(SS) are frequentchoicesin
thelatter case the differencelying in the startingpoint chosenn the selection
processwhichis state-dependembdr RR, andstate-independemor SS.

Thefirst phases preliminaryto the othertwo, thatareinsteadnterlaced.

As we shav in [7], the phasehathasthe mostprofoundimpacton performance
is themetricscomputationwhereaghedifferentheuristicso obtaingoodmatchings
have a deepimpacton thealgorithmcomplexity. As regardsmetrics,we consideithe
following alternatves:

e QO (Queueoccupancy. In this casew;; = 1 iff X;; > 0, otherwisew;; = 0.
This is the metricsadoptedoy iSLIP. The adoptionof this metricsleadsto the
searchHor amaximalsizematch.

¢ QL (Queudength. Themetricsin this casas thenumberof cellsin thequeue:
w;; = Xj;. Thisis themetricsadoptedoy RPA andiLQF.

e CA (Cell age). Themetricsin this caseis the time alreadyspentin the queue
by thecell atthe queuehead.Thisis themetricsadoptedoy iOCFE

e ML (MUCSLength. MUCS usesa metricsthatis dervedfrom queueengths
as:

Xij Xij

- N N
D X DXy
k=1 k=1

As regardsthe heuristic matching, the choicesadoptedin the consideredlQ
schedulingalgorithmsarethefollowing:

e |S (Iterativeseach). In this caseduringafirst step,eachinputinterfacesends
all its transmissiorrequestswith the associatednetricsto the relevant output
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Algorithm || Metrics | Heuristics| Contentiorresolution
Input Output
iSLIP QO IS RR RR
iLQF QL IS RO RO
iOCF CA IS RO RO
MUCS ML MG SS RO
RPA QL RV RO SS

Table3.1. Characterizatiomwf theconsideredQ schedulingalgorithms

interfaces(w;; is sentfrom input interfaces: to outputinterfaceyj). Thesese-
lectoneamongthearriving requestdy choosingthelargestmetricsvalue,and
resolvingtiesaccordingto a contentiorresolutionschemeoutputcontention).
The acceptedequestsare then sentbackto the input interfaces. If aninput
interface receves more than one acceptanceit selectsone by choosingthat
with thelargestmetricsvalue,andresolvingtiesaccordingto a contentiorres-
olution schemeg(input contention). The successie stepsare equalto the first

one,but they concernonly thetransmissionmequestgrom inputinterfacesthat
receved no acceptanceaswell asthosethat were satisfiedin previous steps
(therepetitionof theserequestss necessaryo progressiely freezethe match
configuration).This heuristicsvasproposedn [61], andit is adoptedoy iSLIP,

iLQF andiOCF.

e MG (Matrix greedy. Considertheweightmatrix W. The algorithmconsists
of (upto) N stepsjn eachof whichthelargestelement(s)v;; of W' is (are)se-
lected,andthe correspondingell transmissionsre enabledprovided thatno
conflictarisedf tiesfor thelargestmetricsexist; otherwisea conflictresolution
is necessarybpeforereducingthe matrix by eliminatingthe entriescorrespond-
ing to enabledcell transfersThisis the heuristicsadoptecdoy MUCS.

¢ RV (Reservatiorvectol). In this casethealgorithmis basednasequentiahc-
cesdo aresenationvectorwith N recordswhereinputinterfacessequentially
declareheircell transfemeedsandtheassociatedhetrics possiblyoverwriting
requestswvith lower metricsvalues. A secondsequentiapassover the vector
allows the confirmationof requestsor the resenation of othertransfersfor
the inputswhoseoriginal resenationswere overwritten. This is the heuristics
adoptedby RPA.

Table3.1givesasynopticview of theconsideredQ schedulingalgorithmswhere
for eachalgorithmwe give the type of metricsused,the heuristicalgorithmadopted
for theidentificationof matchingsandthe approachusedfor contentionresolution.
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3.3 Simulation study

To evaluatethe performanceof IQ, OQ, andClOQ switchingarchitecturesywe con-
ductedquite a large numberof simulationexperiments.In IQ switches,eachinput
queueV OQ);; canstorea finite numberof cells Q.,.x; Wwhena cell directedto output
j arrivesatinputi, andqueueV OQ);; is full, thecellis lost. No buffer sharingamong
gueuess allowed.

Simulationrunswereexecuteduntil theestimateof theaveragecell delayreaches
with probability 0.95 a relative width of the confidencenterval equalto 2%. The
estimationof the confidenceinterval width is obtainedwith the batch meansap-
proach [80].

3.3.1 Software of simulation

A numericalsimulatorhasbeendevelopedto studythe performanceof all the con-
sideredarchitectures.The simulatorhasbeenwritten in C andis compiledunder
Linux (someolderversionsverealsotestedundenMndows95). It is freely available.
Main featuresof the simulator(which is about850 KBytes of sourcecode)arethe
following:

e supportof purelQ, pureOQ andCIOQ switchingarchitectures;
e supportof therouterarchitecture;

o flexible traffic generationat cell and paclet level, for unicastand multicast
traffic;

e supportof about25 differentfamiliesof schedulingalgorithms;
e automaticstatisticalanalysisof simulationresults;

e supportof large switcheqswitcheswith morethan1,000portswerestudiedfor
unicasttraffic; switcheswith morethan500,000outputportswere studiedfor
multicasttraffic).

3.3.2 Traffic scenarios

In thefollowing chaptersye considettraffic generateeitheratcell level or at padket
level. Whenthe studiedarchitecturas the overall routerswitchingsystemthetraffic
is generatedat paclet level. Section6.3.1will describehow thetraffic is generated
at paclet level. Whenthe studiedarchitectures the cell-switch,thetraffic is gener
atedat cell level. In this caseeachcell is generatecgccordingto ani.i.d. Bernoulli
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processsuchthatit satisfieghe constraintsaboutthe maximuminputload p andthe
normalizedcell arrival ratematrix I (bothdefinedin Section3.1).

We describedifferenttypesof traffic patternsthat were usedto testthe perfor
manceof the cell switches By |k| we denotethe computatiork mod N.

e Uniform scenaria This scenarias the commontest-bedn literature. In this
casefor thenormalizedarrival matrix I, v;; = 1/N? Vi,j.

e Diagonalscenaria In thiscasesy; = 2/(3N) andy;;;41) = 1/(3N) Vi. Forall
others,j, v;; = 0. Only two diagonalsof thetraffic matrix receve paclets,and
onediagonalreceveson averagetwice pacletsthanthe other This scenarias
derivedfrom theunbalancedraffic patternpresentedn [7].

e Logdiagonal scenaria In this casey;; = 27,41 arenon-zero,vs,j. For
example,for thefirst row v,; = 52V 7, wherep is a normalizationconstant.
Intuitively, everydiagonalof thetraffic matrixis loadedtwice thanits own right
diagonal.

e Sparsescenaria Thefollowing traffic matrix is consideredhere,in the case
N = 6). This matrix is designedto be very critical, aswe will seein our

simulations:
21 0000
01 2000
F—i 011100
3N 0 00 210
000O0T12
100 0 11

3.3.3 Performanceindexes

Resultsarepresentedvith graphswherethefollowing performancendicesareplot-
tedversusthe switchload. The latteris definedasthe ratio betweerthe input traffic
load andthe total capacityof input/outputlines (hence the switchloadis comprised
betweerD andl).

¢ 1Q length. Thisisthevalueof theoccupatiorof eachvOQ queue We consider
the averagevalue over time and over all queueswhich is denotedas Mean
IQ Len We also considerthe averageover time of the queuelength of the
maximumsizequeue denotecasMax |Q Len

e Cell delay. Thisis thetime spentby cellsin the cell-switchqueues.We con-
sidertheaveragedelayoverall paclets.Notethatwe canuseLittle’ sLaw (that
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holdsfor non-workconservingsystemdik e IQ switches)to computethe aver-
agecell delay D from theaveragelQ length . underaninputloadp (assuming
all theinputsuniformly loaded):D = NL/p.

e Relative weight. If M is the matchingcomputedoy our algorithm, the rela-
tive weightis definedas: weight of matchingM divided by the weight of the
MWNM. It is positive andalwayslessor equalto 1: whenits valueis 1 means
that M is amaximumweightmatching.

e Packet delay. Thisis the overall delayof a paclet, consideringhe ISM mod-
ule, the internal cell-switch queuesthe ORM module, and the final paclet
FIFO. It is computedonly for pacletscompletelydeliveredat switch outputs,
measuringhetime from theingressof the lastcell of the pacletinto the ISM
moduleuntil the egressof thatsamelastcell from thefinal paclet FIFO. Con-
stantdelay componentsare removed; hencea single-cellpaclet traversesan
empty paclet switchin null time, anda packet comprisingk cells hasa best-
casedelayequalto 2(k — 1) slots,dueto wait in the segmentatiorandreassem-
bly phasesWe shallconsideronly the averagevalueof paclet delay

Sincethe aim of the performanceevaluationis a comparisonof 1Q and CIOQ
architecturesvith OQ switches,we consideralsorelative performancendices,i.e.,
we divide the absolutevalue taken by a performancandex in the caseof 1Q and
ClOQ architecturedoy the value taken by the sameperformancendex in an OQ
paclet switchloadedwith the sametraffic pattern.

3.4 Theoretical study

Several analyticalapproachefiave beenusedto study1Q switches. An 1Q switch
canbe modeledasa controlledqueueingsystemand canbe studiedusingstochastic
modelingapproaches.

The mostcommontheoreticalquestionis if the queueingsystemis stable,that
it no queueis growing to infinity whenthe arrivals are “admissible”. To dealwith
thisquestionusuallythe“L yapuna” functionmethodis used.This methodhasbeen
alsoextendedo the estimationof delaysaspresentedn [57].

We introducenow the notationusedin the following proofs,in Section3.4.2we
show the basictheoremsaboutthe stability of controlled queueingsystems. Sec-
tion 3.4.3stateghe stability of switchingsystemsusingthe MWM for scheduling.

3.4.1 Referrednotation

Thefollowing notationis usedin the proofsin the subsequenthaptersNotethat, by
default, avectoris meantasrow vector
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e N isthesizeof theswitchand M is thetotal numberof queuesn the switch:
M = N2,

e t orn isthediscretetime variable.

e let X\Y € R*, with X = [z;] andY = [y]; XY = XYT = ¥ xy; is the
scalarproductamongvectorsX andY. || X|| is the Euclideannormof X, i.e.
X7 =2 7.

e X, isthequeueoccupanyg vectorattime ¢; its sizeis N? andthei-th element
is thequeueoccupanyg of thei-th queue.

e A, isthearrival vectorattimet; its sizeis N? andthe:-th elementis thearrival
atthei-th queueattime ¢t. Notethatit is abinaryvector

e D, is the departurevectorat time ¢; its sizeis N2 andthe i-th elementis the
departurdrom the i-th queueat time ¢. It is a binary vectorand corresponds
to amatching.Note thata completematchingcanbe seenasa permutatiorof
the N outputswith respectio the N inputs,hencethereis a bijective relation
betweenmatchingsof size N andpermutationof N elements.For example,
theidentity matchingjoining input: with outputi, 1 < ¢ < N, correspond$o
the permutationr = (7,72, ... ,my) = (1,2,...,N).

e M isthesetof all possibledeparturevectors,or possiblematchingsof size V;
clearly |[M| = N! .

e D% istheMWM with stateof thequeueX: D% X = maxpepm{DX}.

e X;.; = [X; + A; — D;]* describeghe systemevolution, with the following
corventionaboutthe time slot t: X; is sampledthenthe arrivals occur and
finally the departuresccur

e Pr(H) is the probability of event H and E(Z) is the expectedvalue of the
randomvariableZ.

e A = E[A] = E[A], with ), is the rate from input i to outputj, assuming

stationarytraffic.

3.4.2 Stability of controlled queueingsystems

We arenow readyto recallsomeusefulresultsaboutthestability of controlledqueue-
ing systems.
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Definition 2. A systemof queuesachiezes100%throughputor is ratestable if

with probability 1

g

| 2
I

| —
ES
S

!
[a)

Definition 3. A systemof queuess saidto beweaklystableif, for everye > 0, there
exists B > 0 suchthat

lim Pr{||Xi[| > B} < e
t—00
Definition 4. A systemof queuess saidto bestrongly stableif
lim sup F|| X|| < oo
t—00

We considemow thetheoremstudiedby Tweedie[93] in theform consideredy
Tassiulag91].

Theorem 1 (Tweedie). Supposethat {X;}°, is an aperiodic and irreducible
Markov chainwith countablestatespaceX’. Let f(X) andg(X) berealnon-ngative
functions.Consider? a finite subsebf X andT its complementlf

g(X)> f(X) XerT (3.5)
Elg(Xo)| X1 =X] <00, XeT (3.6)
Elg(Xy) — g(X1)| X1 = X] < —f(X), XeT (3.7)

thenthe Markov chainis ergodicand

EFf(X) < oo

wheee therandomvariable X hasthe steadystatedistribution of the Markov Chain
{Xe}2

We assumehat the stochastiqorocessdescribingthe evolution of the systemof
gueuess anirreducibleDiscreteTime Markov Chain(DTMC), whosestatevector
attimen is V;=(X,,K;), V; € N, X, e NM, K, ¢ N andM" = M + M'. Y,
is the combinationof the queuelengthvector X; andavector K; of integer parame-
ters.Most systemf discrete-timegueuesf practicalinterestcanbe describedvith
modelsthatfall in the DTMC class. The following generalcriterion for the strong
stability of systemdalling into this classis thereforeuseful.
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Theorem 2. Givena systenof queueswith statevectorY;=(X;,K;), anda function
V(X;) = X;W X[ (calledLyapuna function),if there existsa symmetriccopositivé
matrix W € RM*M andtwo positiverealnumbes e € RT and B € RT, sud that:

E[V(Xi1) | V] < o0 (3.8)
ElV(Xi1) = V(Xy) [ V3] < —€l| Xel|  VYi: [|Xyf| > B (3.9)

thenthe systenof queuess stronglystable In addition, all the polynomialmoments
of the queudengthsdistributionsare finite.

Proof. Thisisare-phrasingf theresultspresentedh [56, Sect.lV]andcanbeproved
using Theoreml. Considerg(X,K) = V(X), f(X,K) = €| X]| andT = {X :
V(X) < B}. Notethatfor X; € T,

9(Xe,Ky) = XWX, > eXy Xy > €| Xy|| = f( X3, Ke)
Now usingTheoreml we canstate:
Ele|X[]<oo =  E[IX]]<oo
whereX,; — X in distribution. O

Being the identity matrix / a symmetricpositive semidefinitematrix, hencea
copositve matrix, it is possibleto statethat:

Corollary 1. Givena systenof queueswith statevectorY;=(X;,K;), if there exists
e € RT, B € R* sud that:

ElXi11 X | Y] < o0 (3.10)
ElXi1Xpn — Xo Xy | V] < —€l| X3 VY[ Xef| > B (3.11)

thenthe systenof queuess strongly stable andall the polynomialmomentsf the
gueudengthsdistributionsare finite.

3.4.3 Optimal policy for unicasttraffic

Thanksto the previous theoremsjt wasproved[62, 65, 92] the following theorem,
which s thefirst significantresultaboutthe stability of 1Q cell-switches.

Theorem 3. In a switch with VOQ buffering scheme fed by admissiblei.i.d.
Bernoullitraffic, if theschedulercomputeshe MWM at eadh time slot, that s:

D, = Dx, = arg max{DX:}

thenthe systems stronglystable i.e. it achieves100%throughput.

2An M x M matrix Q) is copositivef XQXT >0 VX € R*M,
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Chapter 4

Learning schedulingalgorithms for
unicasttraffic

In this chapteywe discussanew approacho designpracticalandefficientschedulers
for high-speedswitching fabrics. We wish to answerto the following question:Is
it possiblefor an algorithmto competewith the throughputand delay performance
of MWM andyet be simpleto implement? If yes, what featureof the scheduling
problemshouldbe exploited?

Theansweliesin recognizinghemainfeatureof the high speedswitchschedul-
ing problem: the correlationof the stateof the systemalongthe time. Note that
pacletsarrive (departiatmostoneperinput(output)pertime slot. Thismeangjueue-
lengths,takento betheweightsby MWM, changevery little during successie time
slots. Thus,an heary matchingwill continueto be heary for a few moretime slots,
suggestinghatcarryingsomeinformation,or retainingmemory, betweeriterations
shouldhelp simplify the implementatiorwhile maintaininga high level of perfor
mance.In [91], Tassiulasvasthefirst to exploit this factto designa schedulefor an
IQ switch,aswe will seelater.

We shallseethatthis featureconsiderablysimplifiestheimplementatiorandpro-
videsa high-performance.We also usesomenovel techniquedor simplifying the
implementation.

Hardware parallelism: Findinggoodheary matchingessentiallynvolvesasearch
procedure requiring a comparisonof the weight of multiple matchings. In
Section4.8 we proposean algorithm, called APSARA, that exploits a natural
structureonthespaceof matchingsaandusesarallelismin hardwareto conduct
this searchefficiently. In particular it requiresa singleiteration, is stable,and
its delayis comparabldo thatof MWM.

Randomization: In avariety of situationswherethe scalability of deterministical-
gorithmsis poor, randomizedalgorithmsareeasierto implementandprovide a

27
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surprisinglygood performance.The mainideais simply stated:Basingdeci-
sionsupona few randomsamplesof a large statespaces oftena goodsurro-
gatefor makingdecisionswith completeknowledgeof the state. See[71] for

agenerakxpositionof randomizedalgorithms,and[70, 83] for applicationsof

load-balancingand of web-cacheeplacement.In [91], Tassiulagoroposeda
purerandomizedschemeor schedulingn IQ switchesandits stability prop-
ertieswerestated. This schemecanbe consideredne of the first simpleand
implementableschedulersvith 100%throughputandit is includedin ourgen-
eral framework of “learning algorithms”. Someother hybrid schemeswvere
also proposedto exploit randomizationin scheduling. For example,in [34]

the Shaleuptechniquewasintroducedwhich canbe usedin conjunctionwith

someotherschedulingalgorithm,in orderto improve the weightof the match-
ing. The Shaleuptechniqueis basedon the ideaof randomlychangingsome
edgesn theinitial matching,obtainedby the scheduler Fromthe complexity

point of view, this hybrid approachintroducesan additionalcompleity to the
tradition schedulerbut alsoanimprovementof the performanceln our work,

our goalis to exploit the possibilitiesof a purerandomalgorithm,with lower
compleity thantheknown algorithms.

Observation of arri vals: Sincethe increasen queue-lengthss entirely dueto ar
rivals,it mighthelpto useaknowledgeof recentarrivalsin finding a matching.
Being the arrival processa stochastigprocessarrivals canbe consideredalso
assourceof randomness.

Therestof this chapteexploitstheabove obsenationsandproposesomenew al-
gorithms.In Sectiond.1 a generalframevork to design100%throughputschedulers
is considered;jt is basedon a learningapproach. Section4.2 provestheoretically
that the learningapproachachiezes 100% throughput. Sections4.3 and 4.4 shawv
how to designsomeparticularmodulesof the architecturejn orderto achieve also
gooddelays. Section4.5 shav how to extendthe architectureandto considemul-
tiple storedmatchings.Thelastpartof the chapterdiscusseshreepossibleschemes
to implementthe learningapproach.The threeschemesare LAURA APSARAand
SEREM. They areindividually describedandtheir performancerediscussedrom
Section4.6to Section4.11. Thefinal section4.12discusseshe performanceof all
thetreeapproachetogetheralsofor very large switchsize.We shallcommentupon
the suitability of theseapproachefor usein differentcateyoriesof routers.

4.1 Thelearning approach
We startwith aformal definition:
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4.1-Thelearningapproach

Figure4.1. Basicarchitectureof alearningscheme

Figure4.2. Possiblaarchitecturéamplementinga stablelearningscheme

Definition 5. A schedulingalgorithmis definedlearningif D, X; > D;_, X, for all
t.

Intuitively, analgorithmbelongsto the learningapproachf, ateachtime, triesto
improve the weight of the matchingusedduring the previous time, which is stored
in memory Of course thisis avery generaldefinition of classof algorithms.From
somepointof view, it is akind of geneticapproach.

The schemen Fig. 4.1 representshe basicarchitecturalblock of the learning
approad. It implementsthe conceptof memory sincethe old matchingD; ; is
consideredandit is improved by meansof the given matching M;, called probe-
matching. Thisimprovementprocesss similar to a geneticprocesswherethefinal
solutionis obtainedby iterative stepsof improvement(or learning).

Informally, the probe-matchingVZ; shouldbe a “good” samplein M, the space
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4 — Learningschedulingalgorithmsfor unicasttraffic

of all possiblematchings.As goodsamplewe meanthatit canhit the MWM with a
finite probability, aswe will explainin detailsin Section4.2.3.

Thefirst exampleof learningapproactwasproposedy Tassiulag91], who stud-
ied thethroughputof the switchwhen M, is pickedrandomlyamongall the possible
N! matchingsandD; is theheavier amongM; andD;_,. Tassiulass schemechieves
100%throughputunderarny admissible.i.d. Bernoulli traffic pattern. From a prac-
tical point of view, it is alsovery simple to implement,but the paclet delayscan
be unacceptabléor realtraffic, aswe will shav in Section4.7. For this reasonthe
schedulein [91] canbeenconsidered notableschemebut notof practicalrelevance.

Our contribution hasbeento devise a generalframeavork to studylearningalgo-
rithms,leadingto new stableandpracticalschedulingalgorithms.

Considemow the diagramin Fig. 4.2. It represents generalscheme&o design
aschedulemlgorithmin hardware. Up to K modules(M!, ... ,M¥) runin parallel,
exploiting all the possibleparallelismdegreeavailablein the hardwarearchitecture.
Severalvariantscanbe ervisaged,dependingon computatiorof the probe-matching
M.

Thetwo functionalmodulesCompPl andComP2 arecalledweight-boostersand
have the generabropertythatthe weightof the outputmatchingshouldbe greateror
equalto the input matchings. Formally, given a setof matchingsH C M andthe
stateof the queuesX; asinputs,the outputmatchingY” € M of aweight-boosters
suchthatY X; > M X, forall M € H.

Somepossibleschemedor theweight-boosterare:

o MAX(H;X;): Y = argmaxycg{MX,}, i.e.theoutputmatchingis the heav-
iestamongall theinput matchings;

e MERGE(H; X}), i.e. the outputmatchingis obtainedby “combining” the best
edgesf theinput matchingsthis schemewill bedescribedn Section4.3.

e ARR-MERGE(H; A;; X;), i.e. the outputmatchingis obtainedby combining
theheaviestedgesf theinput matchingswith theedgeghathave justreceved
an arrival; this schemeexploits the informationpresentn the arrival process
andit will bedescribedn Section4.3.

TheMWM schedulingalgorithmbelonggo our learningframework, sincein this
caseM; = Dy andD; =MAX(D;_1,My; X).

Notethat,in Fig. 4.2, the feedbackof D, is necessaryo guaranteghe learning
propertyof the algorithm,despitethe mechanisnusedto compute; (thefeedback
of M, is optional).

A minorpointregardshow toinitialize D, whene&erthelearningschemas started
or reset. D, canbe setequalto eithera void matchingor a randommatching. The
averageperformancearenot affectedby this choice.
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Figure 4.3. To maximizethe matching,a nev moduleis addedat the egressof
ComPl.

4.1.1 Maximization of the matching

If the outputmatchingD; is not maximal,the performanceof the algorithmcanbe
improvedby making D; maximal,attheexpenseof anadditionalcomputationatom-
plexity. Fig. 4.3 shaws the additionalmoduleto maximizethe output matchingof
Compl.

Considerthe graphgiven by the set/ of unmatchednputsandthe setO of un-
matchedutputs.Let |I| = |O| = k bethenumberof unmatchednputs(or outputs).
Two mainapproachesanbe ernvisagedto maximizea matching:

e MAX-DEP. Thisis a state-dependemhaximization It finds a matchingM’
among/ and O suchthat eachedgeof M’ hasnon-null weight. The com-
plexity to implementthis moduleis O(k?) sinceit is necessaryo computea
maximal matchingprobingthe stateof £ queuegto checkif they areempty
or not). In the worst case,O(k?) comparisorare needed.Note that a maxi-
mal size matchingschedulelike iSLIP could be usedin this module,whose
time-compleity (exploiting a parallelimplementation)s O (log k).

e MAX-IND. Thisis a state-independemhaximization If finds a matchingM’
among/ andO without takinginto accounthe stateof the queues.The com-
plexity of this processs O(klogk), equivalentof computinga randomper
mutation. From a practicalpoint of view, sincethe matchingselectionis state
independentt caneasilypipelinedor it canbe obtainedoy statictablesof pre-
computedmatchings.In otherwords,therealcompleity candecreasalsoto
O(1), althoughk canvary with thetime.
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4 — Learningschedulingalgorithmsfor unicasttraffic

The modulesof matchingmaximizationare optional and their effect is significant
only for low traffic load,aswe will obsere later.

4.2 Stability of the learning approach

In this sectionwe prove formally thatthe learningapproachs ableto achieze 100%
throughputunderary admissiblei.i.d. Bernoulli arrival process.The following two

subsectionsstate some preliminary resultsto the main result, presentedn Sec-
tion 4.2.3. We refer alwaysto the notationsintroducedin Section3.4.1. A reader
uninterestedn theformal proof canjump directly to Sectior4.3.

4.2.1 Somepreliminary results

Thisfirstlemmais animportant(but easy)applicationof Birkhoff’s Theorenconsid-
eredin combinatoricd58]. The proofis well known in literature;hereit is reported
only for the sale of completeness.

Lemma 1 (Birkhoff 's). Let A = [);;] = E[A] betheratevectorand

)\M = max {Z)\U’Z)\”} .
i J

Assumehetraffic is admissiblei.e. Ay, < 1. Giventhe queuelengthvector X, it
existse > 0 sud thatit holds:

(A= Dx)X < —€||X]||.

Proof. Sincethetraffic isadmissible),, < 1 andit existsafinite set{D; : D; C M}
andafinite set{«; : 0 < o; < 1} suchthat:

1 .
A< mA < Z:azpi with Za =1 (4.1)
For definition, D% X > D; X, then:
AX — DX < \y (Z oziDi> X-DiX <
<Aw Y oiDxX — DX = Ay — )DxX < —(1 = )| X]| (4.2)
Choosenow € = (1 — A\jr)/2 andnotethat: — (1 — Ay ) || X || < —el| X || O
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Lemma 2. Givenamatding D’ € M, asetof z matdings{D;, 0 <i<z-1} C
M anda setof z arrival vectos {4;, 0 <i < z — 1}, for anyfinite z € N, it holds:

z—1

> (4 — Dy D!

=0
Proof. By Chauchysinequality assumingV > 2, we have:
(A—D)D' < ||A-=D|||D'| <V2NVN =+v2N < N*=M  (4.4)

Summingz termslessthan M, we obtainthelemma. O

<M (4.3)

Lemma 3. For anyfinite z € N, it holds:
D%, X, — Dy, Xi_i| < 2:M (4.5)

Proof. Fromonetime slot to anotheythe weight of the maximumweight matching
canincreaseor decreaséy, atmost,2/N. Hence,

z—1
D%, Xe — Dx,_ X 2| < D Dx,  Xe v — Dx,,  Xe k1| <
k=0

S}
—

<Y 2N <2zN < 2zN?=2zM (4.6)
0

By
Il

O

4.2.2 Stability of epoch-learning schedulingalgorithms

To studythe stability of thelearningapproachye needto studythe propertiesof the
classof epoch-learningchedulingalgorithms,to which learningalgorithmswill be
related. An epod-learningalgorithme worksthroughepods At the beginning of
the n-th epoch,at time ¢,,, the algorithm storesthe stateof the queueandthen, by
usingalearningapproachfindsthe MWM in subsequertime slots. At time s, > ¢,
it findsthe MWM, referredto the stateof the queuesattimet,. At times, + 1 the
algorithmstoresthe new stateof the queueanda new epochstarts.
Thefollowing definitionsdeterminebettertheseconcepts.

Definition 6. Sequences$t,,} and{s, } of stoppingtimesaredefinedasfollows:
to=0 so=20
sp =inf{t > t, : Ds, Xy, = D%, Xy} forn >1
tni1 = Sp+ 1 forn >0
Zn = Sp — ty, forn >0

Fig. 4.4 shavs anexampleof this definition of stoppingtimes.
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tn+2 tn+3
——— OO0 — O ——O— >

Sn+1 Sn+2 Sn+3 t

Figure4.4. Exampleof definitionof stoppingtimes:thedotis full whentheweight
of the currentmatchingis maximum,otherwiseis empty

Definition 7. Epod n-th is definedastheinterval [¢,,s,], for n > 1, andit lastsz,
time slots.

Definition 8. Tracking phasen-th, for n > 1, is definedastheintenal 2, = {i :
i >0,t, +i < s,}. Notethat|Z,| = z, andit canhappenthat Z, = () when
z, = 0. During this phase the algorithm searcheshe MWM referredto the state
of thequeueattime ¢, i.e. it is learning DY, . Notealsothatfor i € Z,, it holds:
Dy, +i Xy, < D%, X,

Theorem 4. If thealgorithm+) hasthefollowing properties:

JBeR" : B<oo and E[f]<B fork =1,2,3 (P1)

Dy, i Xs, > Dy, Xy, — ai? fori e 2, (P2)
Dy, X1, > Dy, -1Xt, = Ds(,_,, Xt (P3)
Dy, X, = D, Xy, (P4)

with o > 0, thenalgorithm is stable i.e. it achieves100%throughput,underany
admissibla.i.d. Bernoulli traffic pattern.

NotethatpropertiegP.2), (P.3) and(P.4) defineformally anepoch-learninglgo-
rithm. The meaningof this theoremis that, if for an epoch-learninglgorithmthe
durationof anepochhasthefirst threemomentdinite, thenthe algorithmis stable.

Proof. Notethatthe sequencdt, } is properbecausef property(P.1). In this case,
the proof of this theoremhasa similar to the onedescribedn [4].
The systemevolution satisfieghefollowing equation:

Zn—1

th+1 = th + Z (Atn+'5 - Dtn"'l)

=0

Obserethat F[A; A;] < oo. By usingthe Lyapunw functionV (X;,) = X;, X, , we
wantto shaw thatit existse > 0 suchthat:

BV (Xt,,.) [ Xe,] - V(X4,)

Xty [ 00 | Xl

—€ 4.7)
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Considemow the numeratorof (4.7).

EV(Xe) | X0] = V(X,,) =

Zn—1 Zn—1
(xtn ST Dtm)) (th ST Dtm))
=0

i=0
Zn—1

=F

V(X)) =
=2F

> (Atsi — Disi) Xo, + 2aDs, Xy, — 20Dy, X,
=0

= 2E[zn](E[A] - Dsn)th + QE[DJ]Xt (48)

having used Wald’s Lemma [96, §2-13] and having defined: Dy = z,D;,
St Dy, i Wewantto shav now that D; = o(|| Xy, ||), thatis:

E[Ds) X
i ———— =0 4.9
1 Xenllro0 || X, || (*.9)
Becausef property(P2), D;, .;X;, > D; X; — ai?, i € Z,, we canstate:

Zn—1 Zn—1 Zn—1

Z Dy, i Xy, > Z Dy, Xy, — « Z i° = 2n Dy, Xy, — g(zn)
i=0 i=0 i=0

(4.10)
whereg(z,) = a(z, — 1)z, (22, + 3)/6 = O(22).
Hence:
Ds Xy, < z(Ds, — Dy, ) Xy, + 9(2n) (4.11)
Becausef property(P.3):
Z(n,1)71
Dy, Xt, > Dy, 11Xy, = Dy, 1 Xy, + Dy, 1 Z (Atgu_y+i — Digy_yyri) =
=0

> D}t(n_l)Xtm_l) — Zn-yM  (4.12)
wherethelastinequalityis dueto Lemma(2) andthepropertyD,, ; = Dx,

. Re-
(n—1)
callthatD,, = DY, ; by combiningequation(4.11)with (4.12)andusingLemma3:

Dsttn S Zn(D;(tnth - D}'}t(n—l) Xt(n—l)) + Z(nfl)M + g(Zn) S

< zn(zz(n—l)M) + Z(n—l)M + g(zn) = gl(zn)M (4.13)
whereE[¢'(z,)] = E[O(23)] = O(B), since{z,} arei.i.d. for definitionof {t,} as
stoppingtimesandfor property(P.1).
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Now we canfinally shov relation(4.9):

EIDIX,, Elf(=)]M  O(B)M
im n_ _ =0 4.14
A o ol - Xl (#14)

if property(P.1) holds.
By definitionof s,,, D;, X, = D%, Xi,, henceby combining(4.8), (4.14)and
Lemmal, we obtain:

. EV(Xe,n) | X, ] = V(X)) | —2eE[z]|| Xy, ||
1m <
Xt || =00 | X, | | Xl

< —2¢E[z,] (4.15)

whichis whatwe werelooking for. O

4.2.3 Stability of alearning schedulingalgorithm

Oneimmediateapplicationof the Theorem4 is the following Theoremb5, which is

the mainresultaboutlearningalgorithms. It statesa kind of “test-bed”by which a

learningalgorithmcanbe testedto understandf it is stable,in otherwordsit states
sufficient conditionsfor alearningalgorithmto bestable.

Definition 9. A schedulingalgorithm works off-line if the queueevolution of the
systemis givenby X; = X;_; = ... = Xy (nodeparturesandno arrivals effect the
stateof the system,“frozen” attime ¢t = 0) andthe departurevector D, is computed
ateachtime.

We areinterestedn thefirst time thealgorithm,working off-line, findsthe MWM
for theinitial (andfixed)stateof thequeueXj.

Definition 10. Given a schedulingalgorithm working off-line and a state of the
queuesX, € Z, with || X,|| < co andary initial matchingD,. Thetracking time
T (X,) is definedasfollows:

T(X()) = 1nf{t Z 0: DtXO = D}OX()}

Notethat,in generalthetrackingtime is a randomvariablewhich dependsalsoon
D,. Now we arereadyfor themainresult:

Theorem 5. Considera learningalgorithms workingoff-line. If for any X, € Z¥,
with || X, || < oo, andfor anyinitial matdiing Dy, T(X,) is sud that: E[T(X,)*] <
o0, k = 1,2,3, thenthe algorithm« is stable i.e. achieves100%throughputunder
anyadmissibleraffic pattern.
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4.2—Stability of thelearningapproach

Proof. The proof canbe donedirectly from Theorem4. We shav how why all the
assumptionaresatisfied.Property(P.2) of Theorem4d meanghatthe epoch-learning
behavedike working off-line during an epoch,since an epoch-learningalgorithm
“freezes”the stateof the systemat the beginning of the epochandall the D, ,; are
computedfor i € Z,, independentlyrom X; .; andA;_ .;. Thanksto thefollowing
Lemma4, assumptionP.2) is satisfied,with « = 2M. Accordingto the notation
of Theorem4, z, = T'(X,,) andassumptior(P.1) holds. The algorithmis learning,
henceassumptionP.3) holds. Sincethe learningalgorithmfinds the MWM after
T(X,), alsoassumptior{P4) holds.

O

Lemma 4. For alearningalgorithmit holds:
Dyw Xy > DX, — 2K M 0<k<oo

Notethatthistheoremis referred(implicitly, for £ = 1) by Tassiulasn Property(16)
of hispaperf91].
Proof. X;,, for k € N, canbewritten as:

k-1
Xivw = X¢ + Z(At—l—z’ — Dyyi) (4.16)

=0

Now evaluate:

k-1
Dk Xt — Dy 1.Xe = (Disk — Dygg1) (Xt+k — Y (A — Dt+i)> =

= (Dyk — Der—1)Xepr — (Dogk — Digp—1) Y (Apri — Digs) >
1=0
k—1
> —(Dysk = D) Y (Ari — Dyyi) > —2kM  (4.17)
=0

wherethelastline is dueto the learningpropertieS D, x X¢1x > Dy 1Xeyr ) @and
to Lemma2. Now we canexpandrecursvely:

Dyi1Xs > Dyopr Xy — 26M > (Dyppr Xo — 2kM) — 26M > ... (4.18)
Dy Xy > Dyyy Xy — j(2k M) for j € [0,k] (4.19)

By setting;j = k, we obtain:
D 1 Xy > DX, — 2k*°M (4.20)
O
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Figure4.5. An illustration of the MERGE appliedto matchingsM1 andM2. The
final matchingis the maximumweightmatchingonthe subgraptdefinedby edgesof
M1 andM2.

4.3 Architecture of the weight-boosters

In Section4.1 we presentedhree modulesto implementthe weight-booster The
simpleststructureis the MAX one, which finds the hearsiest matchingamongthe
input matchings. Here we describethe two other proceduresMERGE and ARR-
MERGE; they aremore complex of MAX but they canimprove the performanceof
thescheduler

4.3.1 MERGE procedure

Let M;,Ms; € M. Aim of this moduleis to combinethe bestedgesof M; and M,
to find the final matching; in otherwords, this algorithm finds all the possible
augmentingpathsin a graphthroughthe edgescorrespondingo two matchings. It
canbeshawn thatthefinal matchingis the MWM onthegraphgivenby meging M;
andM,.

Theinterestingpropertyof this proceduras thatit findsthe MWM computedon
the graphgivenby memging the edgesf M; with M,; its compleity is only O(N).

Givenabipartitegraphandtwo matchingsi/ 1 andM 2 for thisgraph the M ERGE
procedureeturnsamatching) whoseedgeselongeitherto M1 orto M2. MERGE
worksasfollows.

Color the edgesof M1 redandthe edgesof M2 green. Startat outputnode j;
andfollow therededgeto aninputnode,say:;. Frominputnodei; follow the(only)
greenedgeto its outputnode,say j». If jo = j;, stop. Elsecontinueto tracea path
of alternatingredandgreenedgesauntil j; is visitedagain.This givesa“cycle” in the
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subgraplof redandgreenedges.

Supposdhe above cycle doesnot cover all the red andgreenedges.Thenthere
existsanoutputj outsidethiscycle. Startingfrom j repeatheabove procedureo find
anothercycle. In this fashionfind all cyclesof red andgreenedges.Supposédhere
arem cycles,C,...,C,, attheend. Theneachcycle, C;, containstwo matchings:G;
which hasonly greenedgesandR; whichhasonly rededges.The MERGE procedure
returnsthe matching

m

M = Z_LJI arg Ser{réa;?%i} SX;

_ Fig. 4.5illustratesthe MERGE procedurelt is easyto seethatthefinal matching
M is the maximumweight matchingon the subgraphdefinedby edgesof M1 and
M2.

Thealgorithmcanbe alsodescribedn thefollowingway. Let G’ = M; U M,, in
otherwordsG" is abipartitegraphwith theedgesobtainedby theunionof matchings
M, andM,. Let M beinitially abipartitegraphwith no edges.

PhaseA. Markall N inputandoutputnodesof G’ asunmarled Repeathenext six
stepdtill all nodesn G’ aremarked aftervisiting at most2 /N edgesthe phase
ends:

(@) Let v be anunmarled input node. Setpath P, = 0. Let ¢)(P,) denote
weightof path P,. Initially, sety(P,) = 0.

(b) Let(v,w) € M;. Add (v,w) to P,, andsety(P,) = (P,) + ¥ (v,w).

(c) Let(w,u) € M,. Add (w,u) to P,, andsety(P,) = ¥(P,) — ¥ (w,u).

(d) If u = v stop. Else,repeat(b)-(c) for with « in placeof v, andupdatep,
accordingly

(e) Let M, (P,) denotetheedgesof M, thatbelongto P,, andsimilarly denote
My(P,). If (P,) > 0,setM = M U M, (P,); elseM = M U My(P,).

(f) If any nodeq is unmarled, startfrom (a) with ¢ in placeof v.

PhaseB. OutputM asthesolution,which hasproperty:

Y(M) > max{+p(My),p(Ms)}

Notethatthe compleity of this algorithmsis O(N), sinceeachoneof the2N edges
is visitedat mostonce.
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Figure4.6. An illustration of the ARR-MERGE proceduregiven the matchingM
andthearrival graphA.

4.3.2 ARR-MERGE procedure

ARR-MERGE runson a completematchingM andan arrival vector A; it returnsa
matching). Let G’ = M U A, thatis G is agraphwith edgesbtainedby theunion
of M andA. Goalof ARR-MERGE is to approximatehe maximumweightmatching
on G', by combiningthe bestedgesof M and A. WhereasM is a matching,A is
not necessarilya matching. This is becausanultiple edgescan be incidenton the
sameoutputnodedueto multiple arrivalsto thatoutput. Thereforewe cannotsimply
combineM andA by usingthe MERGE procedure.

Let U* be the outputsnot having arrivals, thatis, no input hasarrival for these
outputs.Notethat,if &/* = 0, then A formsa perfectmatching.Let M beinitially a
bipartitegraphwith no edges.Thefollowing stepsdescribehealgorithm:

(i) Markall N inputandoutputnodesof G' asunmarled
(i) ComputeM’ =ARR-AUGMENT(G'). Thiswill markall thenodesof 4*.

(i) Consider the input-output nodes of G’ that are unmarled after ARR-
AUGMENT(G"). Let G" be subgraphof G' inducedby theseunmarled nodes
andthe edgesof M, A amongthem. Note that, noneof the outputnodein G”
belongsto U/*. Hence,G" = M; U M,, with M; C M,M, C A andboth
M, M, areperfectmatchingson the nodesof G”.

(iv) ComputeM” =MERGE(M;,M,; X;).

(v) OutputM = M’ U M" assolution,which hasthe property:(M) > (M). Note
that, M’ and M" arematchingson disjoint setof input-outputnodes.
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The ARR-AUGMENT(G") procedurdollowsthe phasedelow:
1. Build-Path Phase. For eachoutputu in ¢/*, do thefollowing:

(0) SetpathP, = () andthepotentialof thepathy)(P,) = 0, ¥(u) = 0. Mark
u asvisited.

(@) Let (u,v) € M. Add (u,v) to P, andsety(P,) = ¥ (P,) + ¥ (v,u). Mark
v asvisited,andsety(v) = ¥(u) + ¥ (v,u).

(b) If nopacletarrivedto v, thatis, thereis no edgeincidentonv thatbelongs
to A, thenconsideredge(v,u). Closethe path P, by addingthis edge
andsety(P,) = ¥(P,) — ¥(v,u). Thisis acompletecycle with u asits
identifier Startfrom (o) with new u' € U*.

(c) elseif anarrival occurredthenlet (v,z) € A. Therearethreecasesas
follows:

(c.1) If z is unmarled (becausaoesnot belongto ary cycle),add(v,z)
to P, andsety(P,) = ¢¥(P,) — ¥(v,x),¥(z) = ¥(P,). Mark z as
visited.

(c.2) elseif x is marked andbelongsto P,. Thenclosethe path P, into
cycle by addingappropriateedge.Let y € P, be predecessoof z.

Consider

Vi = [¢(v) = ¢(v,u)|

Vo = [9(y) + ¥ (y,2) — (yu)l + [P(v) — ¢(v,x) — ¢(2)]

If V1 > V4, thenacycle is definedby addingthe edge(v,u) to Py;
theidentifier of the cycleis » andits potentialis setequalto ¢ (v) —
¥(v,u). Elseif V; < V3, thentwo cyclesarecreated.Onecycle has
identifieru with potentialsetto v (y) + ¥ (y,z) — ¥ (y,u). Theother
cycle hasidentifierz, andpotentialsetto ¢ (v) — 1 (x) — 1 (v,z). Note
that,edgelike (v,u)¢A wasused which we call asvirtual edge. Go
to (o) with new u' € U*.

(c.3) elsex is markedandz¢ P, but belonggto alreadycreatectycle with
identifier ¢ of potentialV'. Let predecessoof z in thecycle  is y.

Considerthefollowing:

Voren = |V +9(v) =¥ (v,z) + ¥ (y,x) — ¥ (y,u)l
Vewose = [¢(v) — ¢(v,u)| + V]

If Voren > VeiLose thenwe memge cycle ¢ with P,, by remaoving
(y,x) andadding(y,u), (v,z). We identify new cycle with «. Setthe
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potentialof cycleu to [V + ¢ (v) — ¢ (v,x) + ¥ (y,z) — ¥ (y,u)]. Else
if Voren < VecLose Createa new cycle with identifier v by adding
virtual edge(v,u) with potential[s)(v) — ¢ (v,u)]. Goto (0) with new
u e Uu*r.
(d) Let (z,w) € M. Add (z,w) to P,, setyy(w) = (x) + ¥(z,w),(P,) =
¥(w). Goto (b) by settingy = w.

2. Find-Best-Path Phase. By constructionn the previous phasethe nodesbelong-
ing to differentcyclesaredisjoint. This phasdindswhetherto useedgesrom
A or from M thatbelongto thesecyclesalternatvely, in orderto get higher
weight. This is doneasfollows:

|. Considerall the cyclescreatedn previous phaseoneby one. Let onesuch
cycleisC.

Il. If potentialof C is > 0 thenselectall the edgesof C belongingto M, else
selectall theedgesf C notincludedin M.

lIl. Add all theselectededgego M.

Thecomplity of ARR-MERGE procedurds O(N) sinceatmost3N areconsidered
andvisited.

4.4 Computation of the probe-matching

Severaltechniquesanbe ervisagedto computethe probe-matchingV/;. Betterthe
weightof M, is, lowerthedelayswill beexperiencedy pacletstraveling theswitch.
On the basisof the hardware compleity constraintsjt is possibleto find the best
compromiseamongperformanceandimplementatiorcompleity. In the following
subsectiongjifferentapproachearediscussedo computea “good” M;.

4.4.1 Exploiting the randomization

In a variety of situationswherethe scalability of deterministicalgorithmsis poor,

randomizedalgorithmsareeasierto implementandprovide a surprisinglygoodper

formance. The main ideais simply stated: Basing decisionsupon a few random
samplesof a large statespaceis often a good surrogatefor making decisionswith

completeknowledgeof the state.Dependingon the problemof schedulingtwo kind

of randomizedstratgiescanbeenvisaged:

1. A randomschemendependenirom the stateof theswitch(e.g.,theoccupation
of the queuesthe waiting time of the bufferedcells), sinceits implementation
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compl«ity is low (e.g.,it canbeimplementeddy usingpre-computedandom
matchings) For example,at eachtime amatchingis choseratrandomandit is
usedfor servingthe queues.But suchalgorithmperformsvery poorly, dueto
ignoranceof the stateof switchandhenceof theincomingtraffic.

2. A randomschemedependenbn the switch state.For example,the probability
of servinga queuecanbe setproportionalto its occupation.This givesbetter
performancéut expensve randomselectionschemeandhencet is notuseful
in reducingthe compleity of the schedulingalgorithm.

Fromthelasttwo obsenations,our goalis to comeup with arandomizedcheme
which is stateindependenbut givesa matchingefficient for the actualstateof the
switch.

In severalschedulingalgorithms,duringsomephase®f thealgorithmsomedeci-
sions(usually the contentionresolutionphase)aremadeby randomchoices(seg[7]
for agenerataxonomyandalist of algorithmsusingarandomcontentiorresolution).
But all theseschemesre deterministicheuristicsandthey userandomnessnly in
“negligible” phaseswhenarandomchoicecanbe emulatedoy adeterministicound
robin without affecting the performance.Few inherently randomizedschedulingal-
gorithmshave beenproposedofar.

We wantto discussheresomebasictechniquedo find a “good” randomprobe-
matching.

A randomized schedulerwithout memory

Beforedoingthat,in orderto understandbetterthe meaningof thelearningapproach,

considerthis simplealgorithm,called ALGO1: At eachtime ¢, let the matchingD;

usedby ALGO1 betheheariestof d (d > 1) matchingschoseruniformly atrandom.
Thefollowing theoremshavsthatALGO1 is notstable eavenwhend = O(N).

Theorem 6. Foran N x N switch andfor anyd < ¢N, wheec > 0, ALGO1 does
notdeliver 100%throughput.

Theproofcanbefoundin [31]. Notethattheabove theoremhasa muchstronger
implication: Any schedulingalgorithmthatonly usesd = O(N) randommatchings
cannotachieze 100%throughput.Further thereis no assumptioraboutthe distribu-
tion of the pacletarrival processpnly arateassumption.

RND-MATCH1

This previous results adds strengthto the learning approach,using Tassiulass
schemd91]. Let RND-MATCH1 amatchinguniformly picketatrandomin M.
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Corollary 2. Let M; be givenby RND-MATCH1. Thelearning approad is stable
underanyadmissibleBernoullii.i.d. traffic pattern.

Proof. Fix X, € Z!, with || X,|| < oco. Referringto Theorem5, if p = 1/N1,
P[T(Xo) = k] = (1 — p)¥~1p for ary X,; hencethe first threemomentsof 7" are
finite. O

RND-MATCH2(X})

Aim of procedureRND-MATCH?Z is to obtainunknovn heary edgeswith low com-
plexity, giventhe stateof the queuesX;. It is aniterative procedurevorking asfol-
lows. At eachiteration,it chooses randompermutatiorandretainsfew heary edges
of theselectegermutation.This givesa matchingwhichis weightmatrix dependent,
biasedtowardshigherweights.Notethat,thoughthe randomselectiondoneat every
stageis independenof the weight matrix, the final matchinghashigherweightthan
theinitial onewith high probability. It findsrandomsamplesiependenbntheweight
matrix. At the sametime, therandomschemeshouldhave low complexity, hencethe
randomselectionshouldbe doneindependentlyof the weight matrix. Our iterative
algorithmhasboth of thesefeatures.

Let F, (M) denotethe minimal setof edgesn a matchingM carryingat leasta
fractionn (0 < n < 1) of its weight. We shallcall  the selectionfactor.

RND-MATCH?Z is the following iterative procedure:lnitially, all inputsandout-
putsaremarked asunmattied The following stepsarerepeatedn eachof I itera-
tions,wherel is typically log, N:

(i) Let: bethecurrentiterationnumber Let & < N bethe numberof unmatded
input-outputpairs. Out of the k! possiblematchingsetweerntheseunmatched
input-outputpairs,a matchings; (k) is choseruniformly atrandom.

(i) If ¢ < I, retainthe edgescorrespondindo F,(.S;(k)) and mark the nodesthey
coverasmatded If ¢ = I, thenretainall edgesof S; (k).

Corollary 3. Let M; bea matding givenby RND-MATCH2(X;). Thelearningap-
proad is stable underanyadmissibleBernoullii.i.d. traffic pattern.

Proof. Let I bethenumberof iterationsandfix ary X, € Z*, with || X,|| < co. The
probability of selectingall the edgescorrespondingo the MWM in k stepsis given
by:

P[T(Xo) = k] = Dk

(it cancomputedby a chain)with p, > 6 for all 1 < k < I. Hence,thefirst three
momentf 7T'(X,) arefinite andTheoremb canbeapplied. O
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We now discusghe compleity of this procedureSincethe selectionof eachran-
domsampleis independentrom the stateof the systemwe considerits complexity
equalto findingarandomsample Let ussupposehatthereare! iterationsin theran-
domsampleselection.In eachiteration,arandommatchingonthe“remainingnodes”
is choseruniformly at random. Sincethis randomselectiondoesnot dependon the
stateof the weight matrix, we assumehatit is a O(1) operation.If this assumption
cannothold, the compleity of finding arandompermutatiorof N elementss equal
to O(N log, N), but this doesnot affect the overall compleity of thealgorithm.The
edgeghat constitutethe “heaviest” n fraction of this randommatchingarekeptand
therestof thenodesareusedfor thenext iteration. If it wasthelastiteration,thenthe
selectionof hearier edgess avoided. The selectionof the heary edgednvolves:

(a) Orderingtheedgesaccordingto their weights,whichis O (N log, N).

(b) Choosingthe heavier edgesthat constitutethe n fraction of the net weight,
whichis O(N).
Sincethereare I iterations,the RandomSelectionPhaseis O(/Nlog, N). If V
randomsamplesarechosenthenthetotal runningtime will be O(VIN log, N).

4.4.2 Exploiting the Hamiltonian walk

We now discussthe conceptof an Hamiltonianwalk on the set of all matchings.
Considera graphwith N! nodes,eachcorrespondingo a distinct matching,and
all possibleedgesbetweenthesenodes. Let Z(t) denotean Hamiltonianwalk on
this graph; thatis, Z(t) visits eachof the N! distinct nodesexactly once during
timest = 1,...,N!. We extendZ(t) for t > N! by definingZ(t) = Z(((t — 1)

mod N!) 4+ 1). Onesimplealgorithmfor suchanHamiltonianwalk is describedfor

example,in Chapter7 of [73]. This is a very simple algorithmthat requiresO(1)

spaceand O(1) time, to generateZ(t + 1) given Z(t). Underthis algorithm Z(t)

and Z(t + 1) differ in exactly two edges.For N = 3 this algorithmgenerateshe
matchinggpermutations)Z(1) = (1,2,3), Z(2) = (1,3,2), Z(3) = (3,1,2), Z(4) =

(3,2,1), Z(5) = (2,3,1), Z(6) = (2,1,3), Z(7) = Z(1),and Z(8) = Z(2), etc.. We
cannow definethefollowing probe-matching:

HAM-MATCH

TheprocedureHAM-MATCH returnsattime ¢t thematchingZ(t).

Corollary 4. Let M, be givenby HAM-MATCH. Thelearning approad is stable
underanyadmissibleBernoullii.i.d. traffic pattern.

Proof. Fix X, € Z, with || X,|| < oo. Referringto Theorem5, if p = 1/N1,
P[T(X,) = k] = (1 — p)*~!p; hencethefirst threemomentsf 7'(X,) arefinite. [
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4.4.3 Exploiting the arri vals

Arrivalsareasignificantsourceof randomnesandhelpto find heary edges.Theran-
domizationin LAURA is usedto obtainunknaovn heavyedgeswith low compleity.
Note thatan edgebecomeseavyif the correspondingiueuerecevesmary arrivals
but fewer servicesHenceprobingedgeghatrecevearrivalscanhelpin findingheavy
edges.Hence therandomnesgrovided by arrivals canbe capturedandexploitedto
find heary edges.

A quite complex way to exploit the informationin arrivals, is to usea special
weight-boosteprocedurecalled ARR-MERGE anddiscussedn Sectiord.3.2.

Anotherproceduras thefollowing:

RND-ARRIVAL

The simplestway to exploit arrivalsis to considerthe graphcorrespondingo A;. A;

is not necessarilya matching. This is becausenultiple edgescanbeincidenton the
sameoutputnodedueto multiple arrivalsto thatoutput. When A4, is notamatching,
let /* denotecollection of outputswhich have one or more arrival edgesincident
on them. For every u € U* do the following: amongthe arrival edgesincidenton

outputu, pick theedge(for example,oneedgeatrandomor theedgewith the highest
weight) anddiscardthe remainingedges.At the endof this processgachoutputin

U* is matchedwith exactly oneinput.

Corollary 5. Let M; be RND-ARRIVAL appliedto A;. Thelearning approad is
stable underanyadmissibleBernoullii.i.d. traffic pattern.

Proof. Fix X, € Z¥, with || X,|| < oo. The arrival processis stationaryand
Bernoullii.i.d.. Hence thereis afinite probabilityé > 0 suchthat A; is the MWM.

Referringto Theoren®, if p = 4, P[T(X,) = k] = (1 — p)*~!p; hencethefirst three
momentsof T'(X,) arefinite. O

4.4.4 Exploiting the neighbors

A setof “good” candidategor M; is the setof all the possibleneighbos of D;,_;.
To defineformally the conceptof neighbor we usesomeconceptdrom the algebra
theory We considemow thetwo following definitions:

Definition 11 (Generator set). Let IT the groupof all possiblepermutation®of size
N; hencelll| = N!. If theset® C II is a generatorf the whole group I, @ is
calledgeneator set

Definition 12 (Neighbor in @). Giventwo matchingsM € M andM, € M. M is
saidto be neighborof M, with respecto the geneator set® if it existsm € @ such
thatm appliedto M, (seenaspermutationgivesM (seenmaspermutation).

46



4.5—-Schedulersvith parallellearningschemes

Let usconsidertwo examplesof generatoset:

e @ givenby generl swapping aneighborof M, € M is obtainedoy swapping
two edgesn My; |®| = (§) ~ N?/2. LetusdefineN (M,) thesetof neighbors
of My € M, with respecto &; notethat| N/ (M,)| = |®| ~ N?/2. Forexample,
thematching, for a4 x 4 switchgenerateshefollowing 6 neighbors:

My = (1,2,3,4) —
(2,1,3,4), (3,2,1,4), (4,2,3,1), (1,3,2,4), (1,4,3,2), (1,2,4,3)

e @ givenbyadjacentswapping aneighborof M, € M is obtainedy swapping
two adjacenedgesn My; |#| = N.

Mo = (1,2,3,4) —
(2,1,3,4), (4,2,3,1), (1,3,2,4), (1,2,4,3)

In thetheoryof algebraicgroups,severalgeneratosetsof 11 areknown. Notethatit
is nottrivial to find a generatoset. For examplethe setof all the N permutationsn
theform m; = |i + 1|y, Tiy1y = [¢ + 2|5 andm;12, = ¢ (Which correspondo N
“cycles” of size3) is nota generatoset.

Froma practicalpoint of view, referringto the architecturgresentedn Fig. 4.2,
eachmoduleM? couldcomputethei-th neighborof D, with respecto thesetd. The
numberof parallelmodulesrunningis ¢ andit canbe O(N?) if the generatoisetis
givenby generalswappingor canbe O(N) if the generatoisetis given by adjacent
swapping. Intuitively, larger @ is, smallerthe averagedelayis; the bestchoiceis
givenby the bestcompromiseébetweerhardwarecompleity andperformanceNote
alsothat M; could be either(at least)onerandomlychosemeighborof D,_; or the
heaiier amongall |®| possibleneighbors. At the sametime, the bestperformance
canbe achieved when@ is the setof all possiblepermutation;this is a trivial case,
it is usuallyimpractical,but for very small size switch it remainsthe best(simple)
solutionto theschedulingproblem.As we will seelater, in Sectiord.8.6,considering
only a numberof neighborsmuchlessthan N! cannotbe provedto be sufficient to
guaranteehe stability of the system.

4.5 Schedulerswith parallel learning schemes
Considerthe casethat multiple learning schemesare running in parallel, like in
Fig. 4.7.

Dy;y ... Dg;—y are S storedmatchings,which are tried to be augmented
throughM;, ... Mg,. The final matchingsD;; ... Dg; shouldbe “purged” to
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Figure4.7. Multiple learningschemesvorking in parallel. To exploit the multiple
memoriesit is necessaryo includea“purging” module.

avoid badcasedike: M;, ... Mg, areequalto the MWM attime ¢ andall the S
storedmatchingsbecomeghe samematching,hencethe multiple memoriesareuse-
less. To presere somedegreeof diversityamongthe storedmatchings, redundant”
matchingsarepurged.

Definition 13. The distanceamongtwo matchingsM; and M, (non, necessarily
complete)is equalto N minusthe numberof commonedgesthey share. Hence,
two completematchingsequalhave null distance whereagwo void matchingshave
distancesqualto N.

To purge redundantmatchings,we proposeto adoptthe following procedure.
Sincematchingswith highweightaredesirablestartwith thelowestweightedmatch-
ing, sayM . Considemnow in increasingrderof weightall thestoredmatchingshea-
ier than M. Assumethatthe storedmatchingis M’. If the distanceamong} and
M’ is notgreatethand,,;y (calledminimaldistancg, thentheprocedurgumes(re-
moves)M andinitializesthe correspondindearningscheme At theend,amongthe
retainednatchingsselectheheaiestoneasD;. In theworstcase(S?) matchings
arecompared.

4.6 LAURA approach

Considerthe learning approachwhere RND-MATCH1 computesM; and CompPl
is MAX; we call this schemeRANDOM. As showvn by Tassiulag91], RANDOM
achieves100%throughput.However, its delayperformances quite poor (aswe will
obserein Fig. 4.13). In RANDOM, whenthe weightof an heary matchingresides
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Figure4.8. Basicarchitectureof LAURA-M1

Figure4.9. Architectureof LAURA

in afew heavy edgesijt is moreimportantto remembethe heary edgeghanit is to
remembethe matchingitself.

ThelastobsenationmotivatesouralgorithmLAURA (Low-compleity Algorithm
Using Randomizeddugmentatiol, which is a schedulingalgorithmexploiting ran-
domization.LAURA iteratively augmentsheweightof thecurrentmatchingoy com-
bining its heary edgeswith the heary edgesof a (non-uniformly)randomlychosen
matching.Therearethreemainfeaturesn thedesignof LAURA:

1. learningscheme,;
2. non-uniformrandomsamplingthroughRND-MATCH2 (referto Section4.4);
3. weight-boostinghroughM ERGE (referto Section4.3.1).

Referto Fig. 4.8 for the “minimal” architectureof LAURA, calledLAURA-M1, i.e.
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Parameter Symbol| Value
switchsize N 32
storedmatchings S 2
iterations I 5
selectionfactor i 0.5
minimal distance| du v 16
buffer size Qmax | 10,000

Table4.1. Simulationparameterfor LAURA andMax-LAURA usedwith multiple
parallellearningschemes

with unitarymemory Let D, bethematchingusedby LAURA-M1 attimet. At time
t, LAURA-M1 doesthefollowing:

(@) M; =RND-MATCH2.
(b) Dt =M ERGE(Dt_17Mt; Xt)

Referto Fig. 4.9 for the “normal” architectureof LAURA, with S parallellearning
schemegseeSection4.5).

It canbe shawvn thatthe runningtime of LAURA is boundedby O(IN log, N +
N). In our simulationstudy we set! = log, N. Thusrunningtime of algorithmis
O(Nlogs N).

A variantof LAURA is Max-LAURA, which usesa MAX-DEP moduleto maxi-
mizethe matching.

4.7 LAURA performance

In the following sectionsve discusshe performancef LAURA (andits variant)for
stationarytraffic andfor transienttraffic. LAURA is simulatedwith the settingsof
Table4.1.

4.7.1 Stationary analysisof LAURA

In this section,we study the performanceof differentalgorithmson differenttest
casesjn termsof differentperformancaneasuresThetraffic patternausedto obtain
theseresultsarestationaryin distribution.

We study the performanceof the following algorithms: MWM, iSLIP, iLQF,
MUCS, RPA, RANDOM alongwith LAURA andMax-LAURA.

Firstwe considerthe uniformtraffic scenariowhich is the mostbasictraffic sce-
nario consideredn literature. Figs.4.10,4.11and4.12 presentperformanceof dif-
ferentalgorithmswith respecto differentmeasuresNote thatthe averagedelayin
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Uniform Traffic

1000

100

Mean delay

10 fooee

I ity
s

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Normalized Load

Figure4.10. Meandelayfor uniform traffic for LAURA andotherschedulingalgo-
rithms
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Figure4.11. MeanlQ lengthfor uniform traffic for LAURA andotherscheduling
algorithmsithis graphis relatedto the previous onethanksto Little’s formula

Fig. 4.10is relatedto the averagequeuelengthin Fig. 4.11,thanksto Little’s Law.
With respecto all measuresall algorithmsshav the samequalitatve behaior. The
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Figure4.12. MeanMax IQ lengthfor uniformtraffic for LAURA andotherschedul-
ing algorithms

following areinterestingresultsto note:

1. BothLAURA andMax-LAURA arestableandwell-behaed,whichisthebasic
propertyof efficientalgorithms.

2. For small valuesof load, LAURA performsworsethan mostof the otheral-
gorithms,but this misbehaior is practicallynegligible. But this canbe easily
explained:LAURA is arandomizedalgorithmwhich doesnot necessarilyind
a maximalmatchingat lower valuesof load. In Max-LAURA, we forceit to
be a maximal matching. Hence,it performsaswell asary otheralgorithm,
at lower load values. Furthernotethat, for high valuesof load, LAURA and
Max-LAURA behaeidentically, sinceLAURA is not maximal.

3. RANDOM is stablebut its delayis muchworsethanthe otheralgorithms.

We considernow diagonaltraffic, sinceit is more critical than uniform traffic
for testingthe performanceof schedulingalgorithms. With respecto the different
performancenetricsMeanlQ Len Max|Q Len(recallits definitionin Section3.3.3)
and Mean Delay, relative performance®f the algorithmsremainthe same. Hence
we will presentonly resultswith respecto MeanlQ Len Fig. 4.13plots Mean|Q
Lenfor differentalgorithms.iSLIP, iLQF, RFA areunstablefor highloadvaluesand
experiencesossesMUCS andMWM performidentically.

52



4.7-LAURA performance
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Figure4.13. MeanlQ lengthfor diagonaltraffic for LAURA andotherscheduling
algorithms

RANDOM startsto experiencdossedor aload0.4; this doesnot contradictThe-
orem5, sincethis theoremprovesonly the stability of RANDOM whenthe queues
arelarge enough. Hence,RANDOM experiencesunacceptableveragedelays(al-
thoughbounded coherentlywith Theorem5) from a practicalpoint of view. Note
alsothatthisis not a surprisingresult. Somestablealgorithmscanexperiencevery
large delays/queuéengths, muchgreaterthansomeotherunstablealgorithmsunder
particulartraffic patterns.For example,the schedulethatcomputeshe MWM only
amongthe queuedargerthananarbitraryz ,; x is stable,but of coursethe average
delaywill be greateror equalto Nz n/p, With p the maximumnormalizedioad
amongall theinputs.

Both LAURA andMax-LAURA areinsteadstableandperformalmostasgoodas
MWM. Also if they canbe consideredurerandomalgorithms,their performances
are much betterthan RANDOM. As before, LAURA performsworse than Max-
LAURA for lower load valuesbut performsidentical for highervalues. Note that
belon we deliberatelyomit our commentsaaboutRANDOM, whosebehaior is prac-
tically unacceptablen all the studiedtraffic scenarios.

Fig. 4.14 plots the Mean1Q Lenfor algorithmsunderlogdiagonalscenario.As
in diagonaltraffic scenario,iSLIP, iLQF and RPA are unstable. In this scenario,
MUCS performslittle worsethan Max-LAURA and LAURA. Again, LAURA and
Max-LAURA performalittle worsethanMWM.

Fig. 4.15 shaws the Mean 1Q Len for sparsescenario. This scenarioseparates
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Figure4.14.
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Figure 4.15.
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all algorithmsvery distinctively. In that respectthis traffic patternis very critical.
OtherthanMWM, LAURA andMax-LAURA, all otheralgorithmsare unstablefor
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Figure4.16. Meannumberf edgesaddedy Max-LAURA with respecto LAURA

high load values.LAURA andMax-LAURA performa little worsethanMWM but
their performancerecomparabléo MWM. As usual LAURA performsworsethan
Max-LAURA for smallerloads,but for higherloadsboth performsalmostidentical.

The only differencebetweenLAURA and Max-LAURA is in the extra edges
addedto make the matchingmaximal We plot the numberof edgesaddedon av-
erageby Max-LAURA with respectto the load in Fig. 4.16, underthe four traffic
scenarioconsidered.For very low load, sincethe queuesare almostempty only
few edgesareadded.For higherload, moreandmoreedgesareadded.But nearthe
saturatiorload, the numberof edgesaddedis almostnagligible, sincealmostall the
gqueuesarenon-empty

The stationaryanalysisshavs a very importantproperty LAURA and Max-
LAURA aretheonly two stablealgorithms(except,of course MWM) underall the
traffic scenariosve studied.

4.7.2 Transient analysisof LAURA

LAURA is alearningalgorithm. Henceby changingtraffic behaior, the old stored-
learnedmatchingbecomesuseless”.It is importantthat, whentraffic is not station-
ary, atthetime of transition,the algorithmlearnsnewv heary matchingsquickly. To
analyzethisfeatureof LAURA, we studythetransienbehaior of LAURA for acase
of highload(p = 0.99).
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Figure4.17. Relatve weightof thetwo storedmatchingsn LAURA
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Figure4.18. Degreeof similarity of thetwo storedmatchingsn LAURA

To simulatethis scenariothe switchrecevespacketsaccordingo the traffic ma-
trix 7'M till time ¢, andthenaccordingto the traffic matrix '®. In @), ) =
71.%)“' = 1/2N arethe only non-zeroelements.In I"'®, z'(ﬁlrz\ = f@rm = 1/2N
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arethe only non-zeroelements Intuitively, ') is thetraffic patternwhereonly the
first two diagonalsareloaded,while in the caseof I"®), the othertwo diagonalsare
loaded.

Call M, the usedmatding, i.e. M1 X; = max{D,:X;, D;;X;}, and M, the
other matding, i.e. M>X; = min{D,,X;, D,,X;}. Fig. 4.17 shows the relative
weight(for its definition,referto Section3.3.3)valuesof LAURA duringtheinterval
of time ¢ € [106000,114000], with the transitiontime beingt, = 110000. Thefirst
curwve presentsherelative weightof M, i.e. M, X,/ D%, X;, andtheseconcturvethe
relatve weightof M, i.e. M, X,/ D%, X,;. Notethattherelative weightof A/, is close
to 1 mostof thetime. Evenduring the transition, its higherthan0.8. This means
that the weight of the matchingusedis alwaysvery closeto the maximumweight
matchingandcanreactvery quickly to the change®f thetraffic in caseof suchnon-
stationaryscenariosIn otherwords,LAURA is efficient even during the transients,
andlearnsthe MWM quickly.

Asseenn Fig.4.17,sometimeshecurve correspondingo M- fallsto zero,which
lookslik e erraticbehaior. But suchbehaior is expectedbecaus®f the purgephase
in thealgorithm.Whenthedistancebetweenl/; and M, is lessthand,;;y = 16, Ms
is deletedandthereis no matchingas M,, andhenceit’ s weightbecomed). But this
remainsonly for onetime, since 