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Abstract— Dedicated infrastructur es for end-to-end measurementsare
complex to deploy and manage. Equipment cost, the requirementsfor re-
porting bandwidth, and the administrati vediversity of the Inter net,arefac-
tors that potentially hamper scalability.

This paper describesthe architectureand implementation of an alterna-
tive approach in which the end-to-endprobing and measurement report-
ing functions are embeddedin a transport protocol, namely RTP. Suitably
enabledhostsin a multicast group are effectively co-optedto form an im-
promptu measurementinfrastructur e.

Coupled with our previous work on multicast-basedinference,this en-
ablesthe determination of the performancecharacteristicsof internal net-
work links of very largemulticast distrib ution tr ees.Our experimental re-
sults show that an accuracyof about 1 part in 10 is attainable when infer-
ring link lossratesin the 1% to 10% range,down to 1 part in 3 for lossrates
down to 0.1%, this for probesgeneratedby a regular audio source over a
few hundredseconds.

I . INTRODUCTION

A. Motivation

The pastfew yearshave seenthe developmentof new tech-
niques to infer network characteristicsfrom measurements.
Known looselyas“network tomography,” they supplydetailed
informationabouta setof individual characteristicsthatarenot
directly measurable,from a setof aggregatecharacteristicsthat
aremeasurable.So far, two caseshave beenexamined:the in-
ferenceof origin-destinationtraf�c matricesfrommeasurements
of link traf�c intensities(see[5], [27], [29]), andthe inference
of link performancecharacteristics(e.g.,loss,delayandutiliza-
tion) from end-to-endmeasurements.In this paperwe arecon-
cernedexclusively with thesecondcase.

For thepurposeof determiningnetwork performance,tomog-
raphy of link characteristicscontrastswith techniquesthat rely
uponsupportfrom routersor otheragentslocatedin thenetwork
to collectmeasurements.While suchtechniquescanbeveryef-
fective, they do dependupontheobserver having privilegedac-
cessto thenetwork. Evenwith suchaccess,specializedagents
(e.g.,packet monitors)canbeexpensive to deploy. Anotheris-
sueis that somelow-level network elements(e.g.,repeatersin
cablenetworks)donotevenkeepoperationalstatistics.With the
administrative diversityof the Internet,a givennetwork opera-
tor will not have privilegedaccessalongthe entireend-to-end
paththat their customers'traf�c traverses.Commercialsensi-
tivity mayactasabarrierto thesharingof internalnetwork data
acrossadministrative domains.

End-hostbasedtools such as ping , traceroute , and
pathchar [9], [21] do not require privileged accessto the
network. However, they provide relatively coarseinformation
aboutindividual link behavior, they rely to someextent on the
cooperationof the network (in enablingICMP responses),and
their usedoesnot scaleeasilyto provide a network-widesnap-
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shot.All theseconsiderationsmotivatetheneedfor a technique
thatcanprovideawidesnapshotof network performancebased
only uponend-to-endmeasurementsof regularnetwork traf�c.

Multicast-basedInferenceof Network Characteristics(MINC)
hasrecentlybeenproposedas a techniquefor tomography of
link characteristics;see[1] for anexpositoryaccount.Thebasis
of thetechniqueis thatend-to-endmeasurementsalonga setof
intersectingnetwork pathscanbecorrelatedin orderto infer the
performancecharacteristicsof theintersection.Multicasttraf�c
is particularlywell suiteddueto its inherentcorrelationprop-
erties. Considera multicastpacket dispatchedfrom a source,
down a multicasttree, to a numberof receivers. The end-to-
endbehavior for thepacket asseenat thereceiversis correlated
sincethe contribution from the commonportion of the end-to-
endpathsis identical. On the basisof this idea,statisticales-
timatorshave beendevelopedto estimatethe characteristicsof
thelogical links of themulticasttreefrom end-to-endmeasure-
mentsbetweenthesourceandthereceivers,in particularpacket
lossrates[3], delaydistributions[17], delaymoments[12], and
eventheunderlyinglogicaltopology[10]. Usingclustersof uni-
castpacketsto emulatemulticastpackets,it is possibleto draw
thesametypeof inferencefrom unicastmeasurements;see[7],
[13].

Realizationof MINC in theInternetmustaddresstwo issues:
theavailability of participatingend-hosts,andthe transmission
of measurementdatafrom theend-hoststo a commonlocation
for correlationandinference.To date,MINC hasbeendeployed
on a measurementinfrastructurecomprisinga numberof hosts
(approximately50 asof mid 2001)eitherdedicatedor co-opted
for measurement.Schedulingandcoordinationof themeasure-
mentanddatatransmissionfunctionsof thesehostsis managed
usingthe NationalInternetMeasurementInfrastructure(NIMI)
[19]. While we �nd thata �x ed infrastructureprovidesa great
many bene�ts, especiallyin termsof stability and reliability,
dependenceupon specializedhostslimits the possibilitiesfor
MINC to becomea ubiquitoustool, due to the hardwarecosts
andadministrative issuesof their deployment. More generally,
controlof thetransmissionof measureddatato acommonpoint
for inferencealsobecomesanissuefor widespreaddeployment,
due to the potential“implosion” problem: the commonpoint
will have an incomingstreamof datathat grows linearly both
in the numberof receiversand in the datarateof the original
sender. Theseconsiderationsmotivate the needfor a scalable
deploymentof MINC thatdoesnotrequirespecializedendhosts,
andthatcanglobally limit thetransmissionvolumeof measure-
mentdata.

B. ContributionandOutline

In this paperwe usetheReal-Time TransportProtocol(RTP)
[25], and its control protocol (RTCP), as the vehicle for MINC



probingandmeasurementreporting. RTP carriesmulticastau-
dio andvideotraf�c overtheInternet.Theregularpacketstream
from a multicast sourcecomprisesthe MINC probe stream.
RTCP receiversperiodicallymulticastreportsbackto thegroup
for thepurposesof transmissioncontrol.ExploitingRTCP's�e x-
ibility , we extend it to includeper-probemeasurementdatain
thesereports.

EmbeddingMINC in RTP providesseveral bene�ts. Firstly,
any RTP multicastsessioncanact asa sourceof MINC probes
without modi�cation to thesenders.Secondly, theMINC exten-
sionto RTCP is transparentto thereceivers,andcanbeincorpo-
ratedin a receiving applicationsimply by relinking that appli-
cationto an extendedRTP library. Sessionscanfreely accom-
modatea subsetof MINC-enabledreceiversamongstunenabled
receivers. This �e xibility allows a potentially large numberof
sessionparticipantsworldwideto participateeasilyin themea-
surementprocess.Thirdly, sinceRTCP reportsaremulticast,any
third-partyhostmay monitor reportsandperform MINC infer-
ence.Lastly, we cantake advantageof RTCP's built-in scaling
to avoid feedbackimplosion. Together, thesefeaturesallow us
to co-optlargenumbersof Internethoststo form animpromptu
measurementinfrastructure.

The embeddingof MINC into RTP canbe of useto adaptive
applications.They coulduseknowledgeof thelocationof lossy
links, for instance,to dynamicallyassignserversto retransmit
lost packetsto receiverslocatedbehindthoselinks. If the em-
beddingimposeslittle overhead,thenit couldbeusedroutinely
in RTP evenby applicationsthatdo not themselvesneedto per-
form inference.In this casea third-partypassive monitorcould
performinferenceon thereportsfrom a numberof sessionson
which the MINC informationis carried,in orderto constructa
performancemap of the portion of Internetspannedby those
sessions.

Theformulationsof MINC inferencegivenin [1] assumethat
the inferenceengineis furnishedwith completedata,i.e., with
eachreceiver reportingwhetheror not it wasreachedby each
probe. This is a reasonableassumptionfor a dedicatedmea-
surementinfrastructure,sincetracesmaybestoredthenreliably
transmittedto the engine. However, for two reasons,we can
notmakethesameassumptionin thepresentcase.Firstly, RTCP

multicastspacketsusingtheUserDatagramProtocol(UDP), and
hencereportsaresubjectto loss. Secondly, the scalingmech-
anismsof RTCP prohibit the total RTCP bandwidthacrossall
receivers from exceeding5% of the sessionbandwidth. (This
constraintmaybeexceededwhenwarranted,asfor a dedicated
measurementsession,but our goal is to make MINC “friendly”
to largenumbersof applications.)With suf�ciently largegroup
sizesand packet rates,the rate at which measurementdatais
generatedwill exceedtheallowedbandwidth.In thiscaseit will
be necessaryto “thin” the measurement,i.e., to discardsome
proportionat thereceiver without transmission.

For thesereasons,we mustemploy anextensionof thecom-
pletedatainferencealgorithms[11] that is capableof perform-
ing inferencefrom incompletedata.Sofar, incomplete-dataex-
tensionsare developedonly for loss inference. Consequently
ourimplementationis completeonly for loss,althoughwestress
that the fundamentalarchitectureis unchangedfor reportingof
e.g.packet delay.

In SectionII we describemoreformally themodelfor MINC

inferenceanddiscusstheextensionto incompletedata.Weelab-
orateon our basicarchitecturein SectionIII, includinga more
detaileddescriptionof the componentsof sender, receiver and
inferenceengine.Wereview thescalingmechanismsof RTCP in
SectionIII-A, anddescribein SectionIII-B a concreteexample
thatshows thenecessityfor thinningthemeasurements.

It turn outs that the extendedinferencealgorithmfrom [11]
performsmostaccuratelyif the lossreportson differentpack-
etsfrom differentreceiversoverlap, i.e., if receiverstendto re-
port on thesamesetof probes.This givesriseto two problems
in distributedcoordinationbetweenMINC receivers. The �rst
problemis for thinning.To promoteoverlap,differentreceivers
shouldtendto omit reportson commonpackets. Our approach
to coordinatedthinning is describedin SectionIII-C. Thesec-
ondproblemarisesfrom thelossof RTCP packets.Eachpacket
containsmeasurementdataonsetof probeswith contiguousse-
quencenumbers,or possiblyathinnedsetof suchprobes.Over-
lap is suppressedif the sequencenumberboundariesbetween
differentpacketsarenot well aligned.Our approachto coordi-
natedalignmentis describedin SectionIII-D.

The RTCP packet format that we usefor the transmissionof
loss reportsis describedin SectionIII-E. In SectionIII-F we
review brie�y someresultson compressionof lossreportsthat
motivateour choiceof compressionscheme.In SectionIV we
describesomeanalyticalresultsthatprovide themotivation for
promotingoverlap,by showing how it canreduceestimatorvari-
ance.

SectionV describesthe experimentalevaluationof our im-
plementation.This takesplacein a controlledenvironmentin
which thevariouscomponentsexecutenormally, but aredriven
by an event streamthat simulatesprobetransmissionsover a
multicasttree,andthe randomlossof RTCP packets. This ap-
proachallows usto evaluatebothour generalapproachandour
particularsoftware implementation,without requiring deploy-
mentin anactualnetwork. In experimentson a 32-nodetopol-
ogy we �nd that inferenceof link lossratesin the range1% to
10%is possiblewith anaccuracy of about1 partin 10; inference
of lossratesdown to 0:1% areaccurateto within a accuracy of
1 partin 3. Moreover, thinningandalignmentreducethetypical
sizeof inferenceerrorsarisingfrom reportlossandomissionby
afactorof two or better. Furthermore,thisaccuracy is attainable
by collectingprobesover only a few hundredseconds.

C. RelatedWork

The proposalto propagatereceiver reportsvia RTCP for the
purposesof network tomography was �rst publishedin [4]; a
followupwasincludedin [1]. Ourpapersuppliestheconclusion
to this work. Theassumptionthat RTCP couldsupportnetwork
tomography wasalsoa featureof [31].

Theuseof multicastlossreportsfor inferring multicastrout-
ing treeswasproposedin [22]. In further work, theseauthors
proposedandimplementedaGroupFormationProtocol[23] by
which multicastreceiverscouldexchangelossreportsandself-
organizeinto groupsthat re�ect the hierarchy of the multicast
distribution tree. On theotherhand,the presentwork usesex-
tensionsof an existing protocol,namelyRTP . A passive mea-
surementandinferencebasedon samplingTCP �o ws hasbeen



proposedin [28]. In this scheme,end-to-endstatisticsof TCP
sessionbetweena sourcehost and a numberof receivers are
gatheredat that source,which then infers link performancein
the logical routing treeto the receivers. Onedifferencein the
presentwork is that,dueto our multicastingof receiver reports,
an inferenceenginecanbe locatedanywherethat is capableof
receiving reports,not justat theprobesource.

I I . MULTICAST INFERENCE AND INCOMPLETE DATA

M INC inferenceis basedon correlatingloss measurements
alongend-to-endpathsin a multicasttree.Thetreeis rootedat
the multicastsource,with receiverssituatedat the leaves. The
logical links of the multicasttreearemadeup of oneor more
contiguousnetwork layer links that connectbranchingpoints.
Theaimof thiswork is to infer thecharacteristicsof thelinks of
thelogicalmulticasttree.

In this paperwe shallbeprimarily concernedwith lossinfer-
ence,althoughthearchitecturecouldbereadilyusedfor report-
ing otherquantities,suchasend-to-enddelay. Wemodelpacket
lossasindependentacrossdifferentlinks, andindependentbe-
tweendifferentprobes. With theseassumptions,a lossmodel
associateswith eachlink k in the logical tree, the probability
� k thata packet reachesnodek, giventhatit reachestheparent
nodeof k. Thelink lossprobabilityis, then,1 � � k .

A packet sourcesendsout sequencenumberedprobesi =
0; 1; : : : n. Theoutcomefrom eachprobeis a recordof whether
or not the it reachedeachreceiver, speci�ed by the quantities
(x ( i )

k )k2 R , wherex ( i )
k = 1 if probei reachesreceiver k, and

x ( i )
k = 0 otherwise.
We speakof knowing the completeoutcomefor probei if

thex ( i )
k areknown for all k 2 R. Thelossinferencealgorithm

proposedin [3] employs a probabilisticanalysisthat expresses
the � k directly asa functionof theexpectedfrequenciesof the
completeoutcomes.Thelink probabilitiesarethenestimatedby
quantitiesb� k obtainedby usinginsteadthe measuredfrequen-
cies of the outcomesobserved at the receivers. The detailed
descriptionandanalysisof theinferencealgorithmis presented
in [3].

Dueto thepossibilityof reportthinningandRTCP packet loss,
theinferencemethodologyof [3] mustbeadaptedto work when
knowledgeof someoutcomesis incomplete.A simplewayto do
this usingthe existing methodologywould be to restrictatten-
tion to probesfor which completeoutcomesareknown. How-
ever, theremaybenosuchprobes;moregenerally, thisapproach
wastesdatafrom subtreesfor which completedatais available.
Instead,we employ anextensionof the inferencemethodology
of [3] that works directly with the observed frequenciesof in-
completeoutcomes;see[11] for furtherdetails.

Thestatisticalmodelbehindtheextendedinferencealgorithm
is thatlossreportsareMissingAt Random[16]. This statistical
terminologytranslatesto thepropertythattheabsenceof a loss
reporton a givenpacket, from a givenreceiver, at a giveninfer-
enceengine,shouldnotbecorrelatedwith thecontentof there-
port, althoughthey canbecorrelatedwith thelossreportsfrom
otherreceivers. Considerthe casethat the inferenceengineis
presentatnodek of thetree.Thenapathtakento theengineby
reportsgeneratedby a receiver situatedon a leaf not descended

source

receiver receiver

receiver receiver

receiver receiver receiver

inference
engine

inference
engine

Fig. 1. ARCHITECTURE: probesource,receivers, and inferenceengine(s).
Inferencecould be performedat an independenthost,the receivers,or the
source.

from k, intersectswith thepathtakenby probesfrom thesource
to k. Thuscongestionon thecommonportioncouldleadto the
typeof correlationsallowedfor in themodel.

In thework reportedherethe focusis on estimatingthe link
lossratesfor a known topology. However, the techniquescan
beextendedto infer multicasttopology, at leastusingdatafrom
probeswith completereports,asin [10].

We remarkthat,undertheassumptionsof independentprobe
loss–bothbetweendifferentprobes,andacrossdifferentlinks–
theestimatorsin [3] areconsistent,i.e.,they convergeto thetrue
valuesasthenumberof probesgrows. In [3] it is shown thatthe
presenceof temporalcorrelationsdoesnot alterthis property;it
only slows down the rateof convergence.Spatiallosscorrela-
tions introducebias. However, the bias is introducedcontinu-
ously, in that a small spatiallosscorrelationintroducesonly a
small degreeof bias. Both spatialandtemporalpropertiesfol-
low from the structureof the estimators,andcanbe shown to
holdalsofor themissingdataestimatorsof thispaper.

Having outlinedtheassumptionsandworkingsbehindthein-
ferenceengine,we now proceedto the main topic of the pa-
per, namely, thearchitectureby which lossreportsareconveyed
from thereceiversto theinferenceengine.

I I I . ARCHITECTURE

In the MINC architecturetherearethreedistinct rolesthat a
hostmightplay: asenderof probes,a receiverof probes,andan
inferenceengine.While the rolesaredistinct,nothingin prin-
ciple excludesa hostfrom playing multiple roles. Indeed,our
architectureis premisedon theideathat,for someadaptivepro-
grams,mostreceiverswould beconductinginferenceandmod-
ifying their behavior accordingto its results.An instanceof the
architectureis illustratedin Figure1.

We now summarizethe programsthat executeon the hosts
that play theseroles. A probesendercan be any RTP-based
multicastsource,for examplethe audiotool rat [24]; in this
casethe packets normally producedby the probesconstitutes
the probestream. In fact, mostof our experimentsemployed
oneof two programs,zing andmgen, purpose-built experimen-
tal probesourcesthatallow directcontrolof theprobestream's
properties.

RTP receivers act as MINC probe receivers by running the



“multicast re�ector” mflect . The programplays two roles:
it forms lossreportsbasedon the probesreceived, andit mul-
ticaststhosereportsin RTCP packets,possiblyin summaryor
abbreviatedform. Notethatnotall receiversneedrunmflect :
it is perfectly�ne to have a mixedsessionin which only some
of participantsarecollectingdata. In fact, it is essentialfor in-
crementaldeploymentthatthisbepossible.

Multicast reports,arriving at an inferenceengine,are col-
lected,collatedby sender, andalignedby sendersequencenum-
ber. Thecollatedreportsaresenton to eminfer , which con-
ductsinferenceandoutputslink lossratesfor thetree.Currently
thetreetopologyis speci�ed in advance;in principle it too can
beinferredfrom themeasurements.As mentionedabove, there
mightbeseveralindependentinferenceengines.

A. RTCPReportingandScalingMechanisms

All participantsin an RTP sessionperiodically send RTCP

packetswhose“primary function is to provide feedbackon the
quality of the datadistribution” [25, Section6]. To this end,
they includesuchsummaryinformationasthefractionof pack-
etslost from eachsender. Althoughtheinformationconveyedin
thesesummariesis not suf�ciently detailedfor MINC inference,
the RTP speci�cation also allows for new RTCP packet types,
thatcancarryextendedinformation.We have implementedjust
sucha new packet type for MINC reporting;the packet format
is describedin SectionIII-E; this descriptionis drawn from the
(unpublished)formatin [14].

The RTP speci�cationrecommendsthat RTCP traf�c be lim-
ited to 5% of overall RTP traf�c. Of this, 25% shouldbe allo-
catedto the datasenders,collectively, and that the remaining
75% be availableto the receivers. Since,in our model,the re-
ceiverssendthe MINC reports,we areconstrainedto working
within just 3:75% of overall sessionbandwidth. (ThoughRTP

allows theseproportionsto be adjusted,constrainingMINC re-
portingin thiswaymakesit compatiblewith standardaudioand
videosessions,asopposedto dedicatedmeasurementsessions.)

Now, RTCP hasabuilt-in scalingmechanismto controlreport-
ing bandwidth.To decidewhento sendits periodicRTCP report,
eachparticipantsetsa timer. The timer settingis a functionof
the recentlyobserved RTCP traf�c from otherparticipants.By
trackingthefrequency andsizeof RTCP reports,theparticipants
collectively constrainRTCP within thespeci�edlimit.

StandardRTCP reports,sincethey report only averageloss
rates,have a sizethat is largely independentof the numberof
packetsreportedon. The scalingmechanismonly hasto trade
off the sizeof the receiver setwith the frequency of reporting.
By contrast,the size of MINC reportsgrows with the number
of packets to be reportedon, sincewe wish to report the loss
statusof individual packets, rather than just an averagerate.
Clearly then, when the numberof MINC receivers exceedsa
certainlevel, the constrainedbandwidthwill not be suf�cient
to accommodateMINC reportson all packets, even if reports
arecompressed.Thequestionof how to reportsuf�cient infor-
mationfor MINC inference,while conformingto the reporting
bandwidthconstraint,is amajorconcernof thispaper.

B. BandwidthConstraintsand MINC Reporting

Let usseewhat it meansto �t MINC reportinginto 3:75%of
a typical single-sourceaudiosession.With their small frequent
packets,audiosessionspresentthegreatestchallengefor MINC

reporting.
Every time thatanRTP receiver reports,it sendsa compound

packet of several RTCP packetsstackedtogetherwithin a single
UDP packet. A typical compoundpacket includesa 32 octetRR

packet anda 36 octet SDES CNAME packet [25]. Add to that
the headeroverheadfor UDP (8 octets)and IP (20 octets),and
the UDP packet contains96 octetsbeforeallowing for a MINC

packet. The RTCP packet thatwe have designedfor MINC data
(seeFig. 4) hasa 24 octetheader, so the total overheadis 120
octets.

If thereare m octetsof MINC dataon averagein an RTCP

packet, andtherearen receiverseachsendingreportsat a rate
of r RTCP packets/sec,thenthereceivers' collective ratemaybe
expressedas(120 + m)nr octets/sec.This mustbe lessthan
or equalto theallocatedreportingbandwidth,b. Thusthecon-
strainton theMINC datais:

m 6
b

nr
� 120 (1)

GSM is oneof theaudioencodingsdescribedin theRTP “Au-
dio/Video Pro�le” [26, Section4.5.8]. Its datarate is 13,200
bps(1650octets/sec),sentin quantaof 33 octets.Accordingto
bestcurrentpractice[15, Section4], eachRTP packet carries4
GSM frames,resultingin anRTP rateof 12.5packetspersecond.
To �nd the correspondingRTP sessionbandwidth,addheader
overhead(20 octetsIP, 8 octetsUDP, and12 octetsRTP) for a
172octetRTP packet. At 12.5packets/sec,thedatabandwidth
is 2,150octets/sec(17,200bps).This is 95%of theoverall ses-
sionbandwidth;thusb, the3.75%availableto all receiversfor
their RTCP packets,is approximately85octets/sec(679bps).

Sincea minimumsizefor the MINC datais a 32 bit (4 octet)
word, we must have nr 6 0:69. This is a severe constraint.
Whenn > 40 receivers,eachcouldreportonly aboutonceev-
ery minute.Oncereportingtimescalesapproachminutesrather
thanseconds,RTCP'sprimaryfunction,to providefeedback,be-
comesimpededin its ability to signalsuchthingsascongestion
in a timely manner.

Furthermore,raw MINC reportscannotkeepup with thedata
rate undertheseconstraints. Recall that the datarate is 12.5
packets/sec.This yields750datapacketsin theoneminutere-
porting interval. If we allow for onebit to reporton eachdata
packet, therewould have to be m = 94 octetsavailablein the
RTCP packet. But ourcalculationshaveallowedfor only m = 4
octets.In thesecircumstances,thebandwidthof reportsexceeds
the constraintby morethan25:1. However, the bestcompres-
sion ratio for loss reportsthat we know of [18] is only about
5:1. Allocating more spacefor MINC datacan easethis con-
straintsomewhat,but only by incurringthecostof lessfrequent
reporting.

Sinceloss reportsarenot backlogged,andwe alsowish to
keepreportscurrent,MINC receiverswill have to omit informa-
tion onsomeprobesfrom their reports.Wecall this thinning. In
someways,theforegoingestimateswereconservative,e.g.,the
applicationmight requiremorefrequentfeedback,or groupsize
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Fig. 2. COORDINATION AND OVERLAP. Differentthinningfactorst appliedto
receiver lossreports.In theexample,reportsfrom all receiversarepresent
for sequencenumbersdivisible by 8 (strongly outlined), reportsfrom re-
ceivers A,C and D are presentfor sequencenumbersdivisible by 4 (also
weaklyoutlined).

might be larger. We canthereforesaythat therearea rangeof
circumstancesunderwhich thinning of MINC lossreportswill
benecessary.

C. Thinningof LossReports

Fromthediscussionof theprevioussectionit is clearthatthe
mflect programthatrunsin MINC receiversrequirestheability
to thin lossreports. The discussionof SectionII stressedthat,
for theaccuracy of MINC inference,it is desirablefor receiverre-
portsto overlap, meaningthatreceiversshouldreport,asmuch
as possible,on the sameset of probes. Note that, due to the
heterogeneityof network conditions,receiversin thesamemul-
ticastsessionmayform differentestimatesof thegroupsize,and
somaydisagreeon thedegreeof thinningrequired,or whether
it is requiredatall. Thusobtaininggoodoverlapbetweentheset
of receiver reportspresentsus with a distributed coordination
problem,asolutionto whichwenow describe.

Eachreceiver runningmflect keepsa buffer containingout-
standingloss reports,i.e., thosewhich have not yet beendis-
patchedvia RTCP. Prior to the sendingof an RTCP packet,
mflect selectssomenumberm of reportson the leastrecently
received probes. (We describehow this numberis determined
in SectionIII-D below; the value is selectedindependentlyof
the thinning mechanism).To meet its bandwidthconstraints,
mflect calculatesanupperboundbm=tc ontheportionof these
reportsthatit cansend,wheret is apositiveinteger: thethinning
factor.

The thinning operationentailssubselectingfrom the m re-
ports only thoseon probeswhoseRTP sequencenumbersare
divisible by t. Usingsequencenumbersasa criterionfor selec-
tion allows coordinationof the reports: two receiverssending
a thinnedreporton the samesetof probes,andemploying the
samethinningfactor, will haveperfectoverlapbetweentheir re-
ports.

Nonetheless,whenthinning factorsaredistinctbetweendif-
ferentreceivers,overlapcanbepoor. Consider, for example,one
receiver thatcalculatesa thinningfactort = 4, andanotherthat
calculatest = 5. Their reportswill coincideonly for onein ev-
ery twentyprobes.A principalcontribution of this paperis the
insight thatoverlapcanbeenhancedby restrictingtheallowed
factorst to besomepowerp of acommonnumberk. This is be-
causeintegersdivisibleby kp form asubsetof thosedivisibleby

kp0
whenp > p0. With this restriction,whentwo receiverssend

thinnedreportsonthesamesetof probes,themoreaggressively
thinnedreportswill alwaysbepresentamongstthelessaggres-
sively thinnedreports;seeFigure2. In fact, we chosek = 2,
sincethisyieldsthesmallestjumpsin thinningfactors.

Priorto thesendinganRTCP packet,mflect determines(from
informationsuppliedto it by RTCP) the maximumspaces al-
lowed for reports,excluding overhead. Assumingthat report
compressionis notemployed,mflect thinsthereportswith fac-
tor t = 2p wherep = dlog2(m=s)e. Compressionmodi�es this
calculationsomewhat,asweseein SectionIII-F.

Reportthinning that is baseduponsequencenumber, asde-
scribedhere,is agenericservicefor accommodatingbandwidth
constraints.It is orthogonalto, andthuspermits,otherformsof
reportthinningthatarespeci�cally adaptedto theneedsof given
applications. For instance,an applicationmight prioritize in-
formationfrom thosereceiversthatexperiencehigh end-to-end
lossrates.However, we notethat in our scheme,thebandwidth
costof sendingreportsfrom low lossreceiversmayin any case
bequitesmall,sincesuchreceiversgenerallyhave highly com-
pressibletraces,as we discussin SectionIII-F. Furthermore,
the high-lossreceivers would still facebandwidthconstraints
for their reportsandwouldbene�t from agenericthinningtech-
niquethatwouldallow themto meetthoseconstraints.

We remarkthat in our currentimplementation,RTCP packets
have a size�x ed at the maximumtransmissionunit (MTU) for
thelink layer. Thusthereportcapacitys is �x edat theMTU mi-
nusoverheadperRTCP packet. If thereis morethanonesender,
thespacewouldbeallocatedto reportsoneachsenderin propor-
tion to thenumberof eventsto bereporteduponfor thatsender.

Thenew RTCP packettypethatwehavespeci�edfor MINC re-
porting(Fig. 4) includes,alongwith thelossreports,arecordof
theinitial and�nal sequencenumbersof theprobesreportedon,
andthinning factorandcompressionused,if any. This allows
the inferenceengineto reconstructindicatorvariablesx ( i )

k (in-
dicatingabsenceor presenceof probei at thereceiver) for those
reportsthatsurvived the thinningprocess.All otherprobesare
assignedtheunde�nedstate.

D. ReportLossandAlignment

RTCP usesUDP for transmissionandis henceinherentlyunre-
liable. If an RTCP packet fails to reachaninferenceengine,the
stateof all probesreportedin thepacket becomesunde�nedfor
that receiver. RTCP packet lossmilitatesagainstgoodoverlap
betweenreportsfrom differentreceiversif thesequencenumber
boundariesthatdelineateRTCP reportsareallowedto developin
anunrelatedway.

Alignmentis promotedthroughsuitablechoiceof thenumber
m of probesto be includedin a given RTCP report. Our imple-
mentationhasthe option to align MINC report boundarieson
multiplesof powersof 2 in thesequencenumberspace.mflect

�nds the largestsuchpower 2p that is lessthanor equalto the
numberof outstandingprobes. It thenselectsfor reportingall
outstandingprobeswhosesequencenumbersarelessthehighest
multiple of 2p that is lessthanor equalto thesequencenumber
of themostrecentlyreceivedprobe;seeFigure3.
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Fig. 3. ALIGNMENT. Without alignment(left), sequencenumberboundariesof RTCP packetsarenot coordinatedamongstreceivers,andhenceRTCP packet loss
givesriseto complex patternsof overlap(asdelineatedby verticallines).Alignmentof packetboundaries(right) promotesoverlapin thepresenceof RTCP loss.

E. RTCP packet formatfor MINC reporting

Figure4 detailsthe format of the RTCP packet we have de-
�ned for MINC lossreports.The RTP speci�cationde�nesonly
someof the header�elds. We useAPP (Application-speci�c)
packets,de�nedin Section6.6of theRTP speci�cation[25]. The
packetconsistsof aheader, followedby oneor moreblocks,one
blockbeingusedpersourcereportedon.

Theheaderis asfollows. V is version2 of theRTP protocol.P
is thepadding�ag, anRTP featurethatwe do not use,sowe set
this to zero.PT is thepacket type;204indicatesanAPP packet,
usedfor experimentalpurposes.The four ASCI I characters“M
I N C” identify thepacket asa MINC report. Thesubtype�eld
is for our use,andwe setit to 2 to indicatethat thepacket con-
tains “loss blocks”. Othersubtype�elds indicatereportingof
otherquantities,suchasdelays.Packet lengthis thenumberof
32-bit wordsminusonefor the APP packet. mflect writes its
SynchronizationSourceID (SSRC) into theheader.

Theblock is organizedasfollows. The�rst byteis theblock
type,setto 9, our identi�er for this particularformat. Thesec-
ondbyteis thethinningexponentp, which identi�es a thinning
factor2p. The third andfourth bytesarethe block length,the
numberof 32-bit words minus one in the currentblock. The
next four bytesaretheSSRC of thesourcebeingreportedupon.
begin seq is the RTP sequencenumberof the �rst probebe-
ing reportedupon,end seq is 1 plustheRTP sequencenumber
of thelastprobebeingreportedupon.

The remainderof the block comprisesa numberof 16 bit
chunks. The �rst bit of the block (C, for chunk type) identi-
�es thechunkaseithera bit vector(C=1) or a runlengthchunk
(C=0). For a runlengthchunk,thesecondbit (R) identi�es the
runtype,i.e,receivedpackets(R=1)or losses(R=0). If required,
paddingto the32bit boundaryis performedwith thenull chunk
(0 throughout).

F. Compressionof LossReports

Packet lossprocesseson theInternethave beenshown to ex-
hibit autocorrelation[2], [20], [30]. Runsof lossevents,inter-
spersedwith runsof packet receiptevents,provide a structure
thatallows for tracecompression.We implementcompression
throughrunlengthencoding(RLE) by greedilyemploying run-
lengthchunksin the packetsdescribedin the previous section.
In experimentsusingmulticasttracedatacollectedon the NIMI

infrastructure,RLE is foundto provide tracecompressionof 2:1
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Fig. 4. RTCP packet format for MINC reporting;seeSectionIII-E for descrip-
tion.

or betterwhenend-to-endpacket lossratesarewithin 10% of
eitherzeroor one.

Other compressionmethodspromisebetter results. Prior
work in [18] usedmulticastlosstracescollectedon theNIMI in-
frastructure.It comparedRLE with Huffmancoding,arithmetic
encoding,BWT, andPPM. Huffmanwasjudgedbestoverall,of-
feringbetterthan2:1compressionacrosstheentirerangeof loss
rates,and5:1 at low or high losses,thoughoccasionalexpan-
sionis possible.Practicalimplementationquestions,suchasthe
numberof passesto apply in encoding,thesymbolsizeto use,
how oftenandin what form to transmittheencoding/decoding
tree,etc.,have yet to beevaluated.

All of thecompressionmethodssurveyedareunpredictablein
how well they will performonany giventrace.In ourimplemen-
tation, mflect maintainsan autoregressive (i.e. exponentially
smoothed)estimateof thecompressionratio%, where%> 1 in-
dicatescompression.It updates%at eachreportinginterval i as
%= 0:4%i + 0:6%, where%i is thecompressionactuallyachieved
in that interval. Oneestimateis maintainedperdatasource,to
exploit any predictabilityprovidedby theend-to-endpath.



Theuseof reportcompressioncomplicatesthe thinningcal-
culation somewhat. Insteadof using the actual spaceavail-
able, s, as describedin Section III-C, mflect usesan esti-
mateof theeffective space,%s. It thinswith a factor2p where
p = dlog2(m=(%s))e prior to compression.The compression
algorithmthenscansthroughthe thinnedreportsuntil they, or
the reportingcapacitys, have beenexhausted.Becauseof the
unpredictabilityof compression,theremay be thinnedreports
that exceedthe reportingcapacity. They could at this point be
discarded.In our implementationwe have taken a morecon-
servative approach,in which all reportsfrom theoriginal block
of m unthinnedreports,andwhosesequencenumbersexceed
thatof the last compressedreport,arereturnedto thebuffer of
outstandingreports,andareeligible for transmissionin thenext
RTCP packet. It is worth remarkingsuchdatawill not become
stale,sinceany buildupof returnedreportswill beeliminatedin
thenext report,by their transmissionand,if necessary, thinning.

G. Translators andMixers

The RTP speci�cation allows for translators and mixers:
agentsthatforwardanRTP datastreamfrom onenetwork cloud
to another, possiblytransformingit in theprocess.The role of
suchanagentmightbeassimpleasretransmittingdataacrossa
�re wall. It mightbeascomplicatedasre-encodingvideoframes
atalowerresolution,andcombiningmultipleaudiostreamsinto
asinglestreamthatmutesall but onesourceatatime,to accom-
modatereceiversonalow bandwidthnetwork segment.A trans-
lator retransmitseachsource's datastreamseparately, whereas
a mixer combinesstreamsinto a new streamfor which it is the
new effective source.Bothmaytransformthedata.

We have not implementedtranslatorsor mixers in our thin-
ning study. However we can describethe mannerin which
thinnedRTCP lossreportsshouldinter-operatewith translators
andmixers. If a translatorforwardsa datastreamunmodi�ed,
then the RTP speci�cation states[25, Section7.2] that it may
forwardtheRTCP packetsunmodi�ed. As acomponentof these
RTCP packets,thinnedlosstracesshouldbeforwardedunmodi-
�ed. At theotherextreme,if a translatoror mixer signi�cantly
altersthedatastreamthen,in accordancewith theRTP speci�ca-
tion [25, Section7.3], theagentshouldnot forward losstraces.
Instead,it mayreportthelossesthatit itself observes,reporting
to eachnetwork cloudto which it is connectedonly on thedata
streamswithin thatcloud.

An interestingsituationariseswhenasimplemappingcanbe
establishedbetweenincomingdatapacketsandthepacketsthat
a translatorsendsonwards. For someapplications,a translator
couldbethinningthedatastream,forwardingevery third or ev-
ery fourth packet, for instance.We may askhow loss reports
shouldbe forwarded,both in thedirectionof thedata�o w and
in thereversedirection.In thedirectionof thedata�o w, if data
is beingthinnedthenthe bandwidthconsumedby lossreports
shouldalsobereduced.Thetranslatorcanapplya further level
of thinningto thelossreports.Ideally thethinnedreportswould
correspondto forwardeddatapackets. In the reversedirection,
lossreportscanbe forwardedunmodi�ed with careis takenso
thatdatathinningby thetranslatoris not reportedasloss.From
the perspective of otherreceivers,the reportscomingfrom re-
ceiversthatarebehindthetranslatorwould simply appearto be

morehighly thinnedthanotherreports.

IV. THE BENEFITS OF GOOD OVERLAP

Even with extendedinference,it is advantageous—foren-
hancingestimatoraccuracy—to encouragereportsfrom differ-
ent receiversto overlapasfar aspossible,in the sensethat re-
ceiversshouldtendto reporton thesameprobes.

Notethat,whetherapplyingtheextendedinferencealgorithm
from [11] to incompleteoutcomes(with or without enhanced
overlap),or restrictingthe original algorithmfrom [3] to com-
pleteoutcomes,the resultingestimatorsareboth consistentin
that inferred link probabilitiesconverge to their true valuesas
thenumberof probesgrows. However, therateof convergence
canbe very different in eachcase,with larger ratesleadingto
reductionin thevarianceof thecorrespondingestimates.

Weillustratethiswith thefollowing simplecase.Considerin-
ferenceon treewith r receivers,usingn probes.If thecomplete
outcomeswereknown for all probes,estimatorvariancewould
behaveasn� 1 for largen. Thisis basicallyaconsequenceof the
CentralLimit Theorem;see[3] for detailsin this context. Sup-
posenow thatonly aproportionp of all receiver reportsreached
the inferenceengine,andin particularassumea simplemodel
in whicheachreportis independentlypresentat theenginewith
probabilityp. In thismodel,therewouldberoughlynpr probes
on which the completeoutcomewould be known. The com-
pletedataestimatorappliedthesereportsalonewould thushave
variancethat behavesasn � 1p� r for small p. This grows very
rapidlywith thenumberof receiversr .

For the samemodel, estimatorvariancefor the incomplete
dataalgorithmof [11] canbe shown to behave asn � 1p� 2 for
smallp. This is becausefor smallp, thedominantcontribution
to the estimatoris provided by componentsfrom two receiver
subtreesof the logical multicast tree; the numberof probes
which are received at both receivers of the subtreeis roughly
np2.

If successfultransmissionsoverlappedperfectly acrossdif-
ferent receivers, thencompleteoutcomeswould be known for
roughly np probes. Varianceof the extendedestimatorwould
thenbehave asn� 1p� 1, i.e., smallerthanwhenappliedto in-
dependentlypresentreports,and far smaller than that for the
completedataalgorithmon thesamereports.In practice,over-
lap will not be perfect,so we expectestimatorvarianceto be
intermediatebetweenn � 1p� 1 andn� 1p� 2, dependingon the
degreeof overlap.

V. EXPERIMENTAL EVALUATION

We evaluatedour the effectivenessof our approachthrough
experimentsusingthefollowing criteria: (i) conformanceof re-
portingbandwidthwith theconstraintsof theRTCP standard;(ii)
theeffectivenessof coordinatedthinning in promotingoverlap;
(iii) theeffectivenessof reportalignmentin promotingoverlap;
and(iv) theaccuracy of link lossrateinference,andthebene�ts
in accuracy enjoyed by using coordinatedthinning and report
alignment.

A. ExperimentalCon�guration

In order to facilitate larger scaleevaluation,while avoiding
the complexities of a fully-�edged instrumenteddeployment,



we supplementthe receiver's and inferenceengine's normal
functionswith a“simulationmode”to simulatethelossof probe
andRTCP reportpackets. In this mode,all receiversandthein-
ferenceengineexecuteon the samehost. Insteadof receiving
actualprobepacketsfrom thenetwork, eachinstanceof mflect

is drivenby aneventstreamof simulatedprobepackets. These
probepacketsaregeneratedaccordingto the independentloss
modelof SectionII, for a giventopologyandlink transmission
rates.Thinningandalignmenttake placein theusualexecution
of mflect , and RTCP packets are propagatedin the network.
However, thispropagationis trivial sinceall instancesof mflect

areassociatedwith the samephysical interfaceof the hoston
which thesimulationexecutes.The instancesaredistinguished
by their SSRC, morethanoneof which canbe associatedwith
a given host. Eachmflect is instrumentedto keepa full trace
of receivedprobesthatwe useto determinetheeffectivenessof
thinningandalignmentin promotingoverlapandinferenceac-
curacy. Theinferenceenginealsoexecutesasimulationmodein
which reportpacketsarelost independentlywith a givenproba-
bility.

Thesimulationtopologywasa balancedbinary treewith 16
receivers.Thenumberof receiverswasconstrainedby thenum-
berof copiesof mflect thatcouldcomfortablyrun on a single
host.We conductedtwo setsof 30 experiments.In the�rst set,
link lossprobabilitieswerechosenrandomlybetween1% and
10%, in the secondthey werechosenrandomlybetween0.1%
and 1%. Although the �rst caserepresentsprobablythe best
that canbe currentlybe achieved multicastingin the Internet,
thesecondcaserepresentsapotentialrangeof interestfor appli-
cationsthatmayutilize amorereliablemulticastnetwork in the
future.

We generatedprobetraf�c with mgen, a packet generating
programthat we con�gured to sendpacketsat a sizeandrate
conformantwith a GSM audiohost,asdescribedin SectionIII-
B. To compensatefor thesmallnumberof receivers,we trans-
mitted at ten timesthe allocatedsessionbandwidthrate,using
tensimulatedaudiosources.This hastheeffect of reducingthe
availablereportingspacein theoutgoingRTCP packets,requir-
ing themflect hoststo thin theirtracesasif they werein alarger
session.Probesweretransmittedfor 500 seconds,andrecords
werekepton6000probesfrom eachsource.

B. Conformancewith RTCP BandwidthConstraints

We describedthe RTCP bandwidthconstraintsin SectionIII-
B. To recap,thedatareceiversin an RTP sessionareto collec-
tively restrictthemselvesto 3:75%of theoverall sessionband-
width. In thecaseof a single-sourceaudiosession,they areal-
locatedapproximately85 octets/secondto shareamongstthem-
selves(andwe maintainedthis limit, thoughwe increasedthe
numberof sources).In extendingRTCP to includeMINC traces,
ourgoalhasbeento work within theseconstraints,sothatMINC

inferencecancoexist in the samesessionsasaudioandvideo
applications.

OurRTCP extensionswerebuilt ontopof theUCL RTP library,
which implementsthe RTCP scalingmechanism.We testedto
verify thatinclusionof MINC reports,someverylarge,andvary-
ing in sizeover time, doesnot stressthis mechanismin sucha
wayasto violatetheconstraints.
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Fig. 5. OVERLAP AND THINNING: proportionsof successfulreportsfor co-
ordinatedthinning,andtheoreticalproportionsfor randomthinningat same
meanrate.With coordinatedthinning,over45%of probeshaveeitherall or
no reportspresent,indicatinggoodoverlap.

Veri�cation usedtcpdump to track the size and timing of
packets. Adding 20 octetsto eachUDP packet sizeto account
for the IP header, wetrackedthetotalnumberof octetstransmit-
tedby the mflect receiversover thecourseof anexperimental
run, thetimesof the�rst andlastpackets,andthetotal number
of packetssent. This last valuewe veri�ed againstthe mflect

packet trace.
In a typical trace,the mflect s sent58 packets,containing

83; 036octetsin thecourseof 981seconds.Adjustingthedura-
tion by 59=58, we arrive at a bandwidthof 83:2 octets/second,
whichisconformant.Thisdespitepacketsizesrangingfrom472
octetsto 1; 512octets.Thelargestpacket sizescorrespondedto
theMTU of theUCL library.

Viewing themflect traces,weseethateachpacketcontained
reportsuponeachof the tendatasources,for a total of 580re-
ports.Half of these,290,werewithout thinning;240employed
a thinning factorof 2; and50 employeda thinning factorof 4.
Thesevaluesare typical, thoughwe have occasionallyseena
thinningfactorof 8.

C. OverlapandThinning

Figure 5 shows the experimentalproportionsof successful
loss reportsfrom 16 receivers, comparedwith the theoretical
proportionswith randomthinningat thesamemeanrate.Recall
thatoverlapis promotedwhenthedistribution is moreconcen-
tratedtowardstheextremes(0 and16),for thenreceiverstendto
report(or omit to report)on thesameprobes.For randomthin-
ning,thetheoreticalproportionsaremaximalnearthemeanrate.
With coordinatedthinning,over 45%of theprobeshave reports
for eithernoor all probes,indicatingthatoverlapis signi�cantly
betterthanwouldbeobtainedwith randomthinning.

D. OverlapandAlignment

We now demonstratehow alignmentof reportpacket bound-
ariescanpromoteoverlapin the presenceof RTCP report loss.
Considerthe numberof reportson a given probethat are re-
ceivable,by which we meanthe numberof reportsthat, if not
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Fig. 6. OVERLAP AND ALIGNMENT: proportionsof probereportsreceivable
after RTCP report loss at 10%. Overlap enhanced(i.e. distribution more
concentratedatextremes)with alignment.

thinnedout by mflect , could be successfullytransmittedto
the inferenceengine. At our option,alignmentof RTCP report
boundariescanbeturnedoff onmflect for evaluationpurposes.
Figure 6 shows the experimentalproportionsof probereports
in a regime of 10% averageRTCP report loss. Without align-
ment,thenumberof receivablereportsis clusteredaroundasin-
gle peaknear11. With alignment,thepeakbecomesseparated
into two groupsof higherandlowernumbersof reports,indicat-
ing betteroverlap.

E. Accuracyof Inference

In orderto demonstratetheaccuracy of inference,andhow it
is promotedby overlap,wecomparethefollowing setsof quan-
tities: (i) the model link transmissionrates� ; (ii) the inferred
link transmissionratesb� comp basedon completedataasseenat
thereceivers;(iii) theinferredlink transmissionratesb� basedon
reportsreachingtheinferenceengine,assubjectto boththinning
andRTCP packetloss;and(iv) theinferredlink transmissionrate
b� ran basedonreportsontheinferenceengine,but subjectto ran-
domratherthancoordinatedthinning.

Given a thresholdloss rate " > 0, we comparemodeland
inferredtransmissionrates,� k andb� k for agivenlink k through
theerror factor:

F" (� k ; b� k ) = exp

�
�
�
� log

maxf 1 � � k ; "g
maxf 1 � b� k ; "g

�
�
�
� (2)

The error factor is the factorby which the correspondingloss
ratesdiffer, whereeachis taken to be no lessthan" . Thuswe
canthink of anerrorof p% asrepresentedby anerror factorof
1 + p=100. In theexperimentshere,we have chosen" = 10� 4,
oneorderof magnitudelower thanthelowestlink lossrateused
in thesimulationof probeloss.

Supposewe have a set of pairs of model and inferred link
transmissionratesgatheredover all links duringmultiple simu-
lations.We summarizethesetof pairwiseerrorfactorsthrough
a robustestimateof thecenterof their distribution, namelythe

probe errorfactors
loss b� comp b� b� ran

1%-10% 1.05 1.08 1.11
0.1%-1% 1.20 1.27 1.64

TABLE I

INFERENCE ACCURACY AND THINNING: TWO-SIDED

QUARTILE-WEIGHTED MEDIAN OF ERROR FACTORS. SUBSTANTIAL

REDUCTION IN ERROR IS OBTAINED BY USE OF COORDINATED AS OPPOSED

TO RANDOM THINNING, PARTICULARLY WITH LOW LOSS RATES.

report b� error
loss factors
5% 1.08
10% 1.09
50% 1.34

TABLE II

INFERENCE ACCURACY AND REPORT LOSS: ERROR FACTORS, AS

FUNCTION OF REPORT LOSS RATE. (L INK LOSS RATES FROM 1%TO 10%)

two-sidedquantileweightedmedian:

Q0:25 + 2Q0:5 + Q0:75

4
; (3)

whereQp is thepth-quantileof thetheerrorfactors.
Table I shows two-sidedquartile-weightedmedianof error

factorsin the two lossrateregimes. The �rst column(b� comp)
representsthe bestaccuracy available by MINC inferenceus-
ing all receiver data. For thehigherlossregime, theadditional
error attributable to randomthinning (third column, b� ran) is
1:11 � 1:05 = 6%. This is halved (to 1:08 � 1:05 = 3%) by
coordinatedthinning(secondcolumn,b� ). Thebene�tsof coor-
dinatedthinningareevenmorestriking in thelow lossregime.

Table II shows the growth in error factorsas a function of
the rateof lossof RTCP packets. Observe that errorsarequite
insensitive to moderatelosses,increasingonly from 8% to 9%
asthelossrateincreasesfrom zeroto 10%.

VI. CONCLUSIONS AND FURTHER WORK

This paperhasde�ned and implementedan architecturein
which a scalableandinformal infrastructurefor multicastend-
to-endmeasurementand reportingis embeddedin a transport
protocol, RTP, using applicationhostsand measurementend-
points.Thisapproachhasanumberof bene�ts: scope(any mul-
ticastgroupmembercanact asa sourceor receiver of probes,
or asaninferenceengine),scalability(regulartraf�c constitutes
theprobes,andRTCP managesthebandwidthof reporttraf�c),
anddeployability (it canbeincorporatedinto multicastapplica-
tions).

Becausewe intendedloss reportsas input for MINC infer-
ence,we took stepsin our implementationto enhanceaccuracy
in thefaceof thinning(i.e. thedeliberateomissionof probere-
portsin orderto ful�ll constraintsonRTCP reportingbandwidth)
andRTCP reportloss. Thesestepspromotedthe overlapof re-
ports from different receivers throughdistributedcoordination



of probereport thinning and RTCP report alignment. The ex-
tendedMINC estimatoris tolerantof missingdata,but is more
accuratewhenreportsoverlap,i.e., whenreceiversreportmore
onthesamesetof probes.Ourexperimentalwork demonstrated
the bene�ts for accuracy of theseapproaches:estimationerror
arisingfrom thinning andreport losswashalved (for link loss
ratesin the 1% to 10% range)andstronglyreducedfor lower
lossrates(down to 0.1%). Estimationaccuracy of 1 part in 10
wasobtainedfor thehigherrangeof link loss,with betterthan1
part in 3 for thelower rangeof link loss.This wasfrom probes
generatedat therateof regularaudiosourceoveradurationof a
few hundredseconds.

Furtherwork in progressis to evaluatetheapproachin a real
network. To this end,we arecurrentlydeploying our software
on the NIMI infrastructure.This will allow us to assessthe im-
pacton inferenceaccuracy of actualpatternsof probeandre-
port loss,ratherthantheidealizationsembodiedin ourstatistical
model. Theseexperimentscantake advantageof the schedul-
ing and tracecollection functionsof NIMI. Accuracy will be
assessedby comparinglink lossrateestimatesfrom theincom-
pletedata,with thoseobtainedusingfull tracescollectedin the
NIMI hosts. The accuracy of the latter hasbeenestablishedin
[4].

Futurework will be to integratethe software, alongwith a
topology inferencecapability, into a real-timemulticastappli-
cation. This could be usedto provide a real-timereadoutof
network-wideperformance,eitherfor users,or for useby those
applications.
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