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Abstract. The increasing success of P2P-TV applications calls fomined of
new traffic models that can effectively represent the trgiicerated by these
applications. In this paper, we consider PPLive; we studg arodel the traffic
generated by PPLive clients. From the analysis of some ra#id traces, we
recognize that the peer may follow three typical behavidepending on the
peer degree of contribution to the video content distriti We then propose
two simple models of the data received or transmitted by & peéhe Mem-
orylessmodel that fits the distribution of traffic exchanged durimgprs time
windows; ii) theHidden-Markovmodel that introduces also some memory in
the traffic generation process so that the autocorrelatiomction typical of real
traces can be matched. The accuracy of the models for ak ttleesses of peer
behavior is validated by both directly comparing synthétéces generated by
the models with real traces and considering the performari@queue fed by
these traces. Our results show that the models are quiteratzand can be
effectively used as synthetic traffic generators.

1. Introduction and Motivation

Service providers, network operators and designers asenaach interested in under-
standing the characteristics of Internet traffic. It is iedelear now that the design of
any network element, including traffic engineering mechians, component dimension-
ing, resource management strategies, must rely on a catedtadcterization of the actual
traffic that the network should carry. This task is made paldirly challenging by the
fast evolution of Internet services. Pushed by many reasstessful business stories and
relying on the increase of both computational power and Wwadttl, new services are con-
tinuously offered and the pattern of applications the uasgdond of changes quickly. In
ten years, traffic transformed from being mainly generateaiéb browsing applications
to being composed, for a good fraction, of data exchangesdeet clients of peer-to-peer
(P2P) file sharing applications. Recently, the successreaisting applications has also
introduced a large amount of UDP traffic, that is delay-demsiather than loss-sensitive
and is often loosely controlled with respect to network abods.

Of these streaming applications, peer-to-peer TV (P2P48yélems seem to be
particularly critical, due to the large volume of generatedfic. Several commercial

*This work has been supported by the European CommissionghrblAPA-WINE Project
(Network-Aware P2P-TV Application over Wise Network), IGJall 1 FP7-ICT-2007-1 and by
FAPEMIG-BRAZIL through APQ-00734-09.
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P2P-TV systems such as PPLive [ppl ], TVAnts [tva ], SOPCsgp[], among the most

popular ones, are already available and have reported agyrezess with an increasing
number of users watching their channels at rates that cah tledbps. These applica-

tions have the potential to completely transform traffidgrat and even push network us-
age to critical regions; some researchers claim that P2ay overload backbone links
[Choffnes and Bustamante 2008]. Indeed, their impact majisreptive due to the large

volume of generated traffic combined with huge number ofsusEor instance, PPLive

had over 200 distinct on-line channels, a daily averagé0f000 aggregated users, and
most of its channels had several thousands of users at gesjVu et al. 2007]. Inves-

tigating the characteristics of this new traffic is therefan extremely important task.

However, knowing and characterizing the traffic alone artesn@ficient. There is
also the need for simple and flexible traffic models that caeffeetively introduced in
network simulators or complex dimensioning and plannirago Traffic models should
trade-off at best the opposite needs of being simple andaieculn this paper, we con-
tribute at both the knowledge of P2P-TV traffic and the prgpo$simple traffic models.
We focus on PPLive, one of the most popular P2P-TV applinatiWe start by charac-
terizing, through real experiments, the traffic that is ne@@ and generated by the appli-
cation peers focusing on the amount of information that &harged in small time win-
dows. We organize the observed traces in three classes] badéeir average bit-rate,
and we study the traffic classes in terms of the bit-rateitigion and autocorrelation
function. We then propose two simple traffic modelgviamorylessnodel, that just fits
the distribution of the amount of exchanged traffic in thesidered time windows; and
aHidden-Markovmodel, that catches also time correlations. We evaluatadberacy of
the proposed models as synthetic traffic generators, bydiabtly comparing real traces
with the generated synthetic traces, and evaluating tHernpesince of a simple queue fed
by either the real traces or the synthetic ones.

The main contributions of our work are twofold. First, ouabysis enlightens
some interesting properties of the traffic generated byansidered P2P-TV application.
We would like to mention two of these properties. First, tioogrelations are relatively
short (they basically span over a few seconds). Secondewéal traffic traces taken from
different peers can be quite different one from the otherapect that mainly influences
them is probably the mean bit-rate. This makes traffic tratzssification extremely sim-
ple. Second, traffic seems simpler to engineer than othdslahinternet traffic. A simple
probabilistic traffic source already emulates pretty wedlitraffic traces; the further in-
troduction of a short memory allows us to even catch the datimg time correlations.
Such simplicity is probably due to two reasons: first, theireof the video-stream makes
incoming traffic profile quite regular; second, these agpions have a certain degree of
“aggressiveness” towards the network that simplifies traffiaracteristics: no congestion
control mechanism seems to be applied and generated ti@ely adapts to network
conditions.

2. Traffic measurement and analysis

Our work is based on real traces collected during an expetiperformed in the context
of the NAPA-WINE Project, funded by the EU [nap ]. From the esiment we extracted
a number of traces corresponding to peers in a Campus, wigémally high bandwidth
in transmission. The collected traces involved 27 corgmbjpeers from 4 NAPA-WINE
partners’ Institutions, in 3 European Countries and in 8d&nt Autonomous Systems.
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(a) Transmitted and received bits (b) Transmitted video and signaling

Figure 1. Characteristics of a larger contributor peer (Class C peer).

The diverse geographic locations in which traces were ci@teallow us to define the
main relevant P2P-TV traffic characteristics for our mauglpurposes, under a wide
variety of network conditions. The experiment lasted onarhduring which packet-

level traces were collected and later, offline, analyzea &tperiment was performed on
February 29th, 2008; all peers were watching at the samelg@op®&Live channel, i.e.,

“CCTV-1" selected at 14:00-CET.

From the packet level traces we measure the bit-rate dunmg intervals of 1s
separating incoming (received) and outgoing (transmjitiedfic. PPLive has an average
streaming rate of about 5 Mbps in transmission and of abodk6@s in reception. From
the40, 000 peers that each PPLive client contacts, we observed thaBodl0 peers re-
ally contributes to the stream. Incoming traffic corresbasically to the video content,
and it is pretty much the same in all the traces. On the contwdren the transmission
side is considered, there can be dramatic differences ipgbes’ behavior. Some peers
act as strong distributor of the traffic, and retransmit sgviemes the video content they
have received, some others retransmit only a limited powiat, if any. As an example,
Fig.1 reports the transmitted and received traffic tracespeer which contributes much.
The received traffic, even if composed of many packets cornorg different peers, re-
sults in a video stream that is relatively regular. The tnaitted traffic, on the contrary,
may be quite bursty depending on the number of neighbors tohwthe peer is distribut-
ing the video flow. For this reason, in what follows we focust@msmitted traffic only
which is typically larger in volume, more variable, and mohallenging to model.

As observed in [Ciullo et al. 2008], the packet size distiifuis bi-modal. Pack-
ets are either large, almost constant around 700 B, or sntiala a few hundreds bytes;
this distribution suggests that a simple criterion to digtiish signaling from video pack-
ets is based on their size. In this set of traces, we consatdeps smaller than 1000 B as
pure signaling packets; while packets longer than 1024 Bamging video information.
Given the packet size distribution presented in [CiulloleR@08], our choice do not dis-
agree with that one used previously. Clearly, this simpleigon is not perfect, it cannot
account for video packets piggy-backing signaling infatioraor small video packets
possibly deriving from fragmentation of larger packetsykueer, it allows us to have a
first view of traffic composition. Also in Fig. 1 we report thigsaling and data bit-rate
for a large contributor peer. The signaling bit-rate is adimuegligible with respect to the
data bit-rate.
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In what follows, we represent a trace by a sefigs}’ | taking values in thét
set, where the—th element represents the total number of bits transmitggddoprobing
peer, over 1s time intervals. We then derive a number of cheniatics of the series, such
as the distribution of the values and the autocorrelatioa.déhote byt (z) and f(z)
the empirical cumulative distribution function (CDF) antbpability density function
(pdf) of a collected series; the autocorrelationlis-) and is computed as

E|ZZ.,]| — E|Z;]?

AN = ~Ez —map

(1)

As previously mentioned, the traces can have quite diftecbaracteristics one
from the other. Finding a way to categorize PPLive tracesoistimat easy. However,
we choose a simple approach and grouped traces accordihgitartean bit-rate. We
identify 3 classes of traces that have quite homogeneouadaeastics:

e Class A, small contributors: the mean bit-rate is in the esjigl]Mbps.
e Class B, medium contributors: the mean bit-rate is in thged,4]Mbps.
e Class C, large contributors: the mean bit-rate is in theedd@]Mbps.

Table | reports for each trace (named after the universibytstame and the client
identification number inside the institution) the mean arakimum bit-rate observed
during the trace. Notice that most of the clients of the samsétution falls in the same
class, with only a few exceptions. Most of POLIT®o{itecnico di Toring and UNITN
(Universita di Trentd traces belong to the same class, class C, while WWargaw
University of Technologyand BME Budapest University of Technology and Econoinics
are on separate classes (classes A and B, respectivelyuslreiw focus on the pdf of
the transmitted traffic. Fig.2 shows the transmitted trgffit for all traces, grouped in
different plots according to the criterium reported aboMee pdf are created considering
bins that are 500 kbps wide. Reflecting the different meanesbf the transmission bit-
rate, the three classes have different shapes that congs$poan L-shape for class A, a
bell-shape for class B and a more uniform like distributigaraa wide support for class C
traces. Despite the simplicity of the grouping criteridme traces of the same class have
quite the same behavior: there is some gap between curvelmided in size and the
overall shape is preserved.

Table 1 reports also, in the last columns, the mean and maximumber of neigh-
bors with which the peer has exchanged traffic during a timelewv. As expected, this
number reflects the overall bit-rate; the larger the bi-riat the larger the number of
neighbors is. Fig.3(a) shows the distribution of the obsémeighbors per time window
for a class C peer. Two peaks are clearly visible: one aro&@dahd one around 270
peers. To investigate further the relationship betweeghtmrs and traffic, we plot also,
in the same figure ((b)), the number of neighbors versus theata for each time win-
dow: the x-coordinate of the points is the bit-rate obsermedng a time window, the
y-coordinate is the number of neighbors. Three points grerted for each time window
(with the same x-coordinate but different y-coordinategytare the number of neighbors
that exchanged signaling information with the peer, the lbemof those that exchanged
video content and the total. Signaling and video infornratice, as before, discriminated
based on the packet size. The plot shows that the occurréime bit-rates is associated
to time windows in which signaling information is the solelychanged information (no
video is delivered). In general, the bit-rate mainly degead the number of neighbors
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Table 1. Video traces characteristics.
Class Peer Transmitted Mb| Neighbors

Mean Max Mean | Max
9*A WUT-1 464 | 52.96 266 87
WUT-2 3.28 | 32.32 36 92
WUT-3 1.12 11.04 43 100
WUT-4 1.2 10.08 55 140
WUT-5 1.84 | 16.56 81 267
WUT-6 3.84 53.2 35 71
WUT-7 0.72 8.08 34 71
WUT-8 0.48 9.84 38 74
POLITO-1| 0.08 0.96 197 | 328
5*B BME-1 13.76| 49.84 135 | 422
BME-2 15.28| 77.36 147 | 425
BME-3 17.04| 49.12 153 | 325
BME-4 23.28| 63.2 168 | 346
UNITN-3 | 10.56| 28.96 152 | 352
13*C | POLITO-2 | 69.36| 181.68| 220 | 433
POLITO-3 | 51.84| 141.84| 216 | 402
POLITO-4 | 54.40| 169.12| 208 | 469
POLITO-5| 46.88| 109.60| 211 | 563
POLITO-6 | 58.00| 189.20| 208 | 494
POLITO-7 | 72.40| 170.96| 230 | 418
POLITO-8 | 48.80| 164.24| 200 | 343
UNITN-1 | 46.80| 159.52| 204 | 556
UNITN-2 | 50.00| 160.00| 205 | 314
UNITN-4 | 50.32| 144.48| 207 | 316
UNITN-5 | 43.04| 130.96| 213 | 367
UNITN-6 | 60.64| 187.12| 207 | 341
UNITN-7 | 50.24| 163.12| 210 | 356

to which some video was transmitted (the green points forimeat trend); while the
number of neighbors that receive signaling informatiorargé and does not significantly
influences the bit-rate. Signaling information from timditae involves twice the num-
ber of neighbors that are usually involved; this is probahlg to the periodic signaling
information sent to a number of peers much larger than thebeuwf those the video is
sent to. Similar observations can be drawn from the resubitsimed for a class B peer,
whose values are reported in Fig. 4.

3. Models

Based on the preliminary analysis of the traffic traces reloabove, we can now proceed
to develop some traffic models. The two models we proposiedddiemoryles¢ML) and
Hidden-Markov(HM) models, have an increasing degree of complexity. Theative

is to provide simple and efficient synthetic traffic genersitan other terms, the traffic
generated by synthetic tracgsy,}, should be as much as possible “similar” to the real
traces{Z;}. As we will show, while both models match pretty well the dtsation of
the real trace, autocorrelation is matched only by the HM @hod

3.1. Memoryless Model

The ML model is based on the assumption that elements of tesdeZ;} are inde-
pendent and identically distributed random variables. sTHML model setting means
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Figure 3. Class C peer.

defining a distribution( x (x) (and the pdfyx (x)), that well matches the empirical dis-
tribution 7 (2). We operate as follows. We choosdliscretization levelsf F;(z) that
are equally spaced over the finite set of possible valu¢gdf, if the values of Z;} span
over the intervalZ,,,, Z,|, the L levels have sizé&\ = (Z,, — Z,,)/ L, and thei—th level
corresponds to the interv?,,, + (i — 1)A, Z,, + ¢A]. The series that is obtained after
discretization is denoted b&Zt(d)}. Then, the ML model is defined by the probabilities
p; that the synthetic trac€X,} takes a given value;: the probabilityp; is set ton; /T
wheren; is the number of samples ¢, } that fall in thei—th discretization level an@

is the total number of samples; the valty@s computed as the mean of thesevalues.
The probabilitiep; form the pdfgx (x).

Fig.5 reports the QQ plot of the synthetic versus real trdoes class C peer.
Two different values of the numbér of discretization levels are considered: 10 and 40.
Clearly, the larger the number of levels is, the better thepliis. However, the plot is

1906



18e2

1.6e-2 M"M Class B peer ——
I

- 0

I I
8.0e-3 r‘ (4

6.0e-3 w

I |
doah, M

!
o 50 100

i [
" h [

150 200 250 300 350
Neighbors

(a) Neighbors distribution (b) Neighbors bit-rate

Figure 4. Class B peer .

L L L L L L L L L
0 0.2 0.4 0.6 0.8 1 12 14 16 18 2
Real Traces Quantiles x 107

Figure 5. ML model: QQ plot of the synthetic versus real traces of a class C peer,
10 discretization levels (top plot) and 40 discretization levels (bottom plot).

pretty good in both cases. Fig.6 shows that thegdfr) of the ML model well matches
the pdf f;(z) of the{Z,} series.

Consider now the autocorrelation function shown in Fig.fiie Teal trace presents
several regular peaks that reflect the periodic patterneofrtffic. Periodicity is around
5s and peaks are present for values of the time'lag{5, 10, 15, - - -}. This periodicity is
caused by the fact that peer activity appears bursty, seteay 5 seconds new bulks of
data are exchanged with other peers. Synthetic trafficdrgererated by the ML model
cannot catch this correlation, due to the memoryless ptyppkrdeed, autocorrelation is
approximately equal to zero for all time lags greater than O.

3.2. Hidden-MarkowWodel

As Fig.7 shows, the ML model cannot catch the typical aut@tation exhibited by traf-
fic. To also capture time correlation, some memory needs tatbeduced. As a mod-
eling approach we use a discrete tirlielden Markowodel (DT-HMM). Following the
definition presented in [Rabiner 1989],Hadden-Markovmodel is a doubly embedded
stochastic process with an underlying stochastic prot¢egss not observable (it is hid-
den), but can only be observed through another set of stoclpaecess that produces a
sequence of observations. The basic idea is to use a disonetelidden Markov chain to
introduce time correlation; in each state of the chain theegedifferent pattern of bit-rate
generation. The Hidden Markov chain is derived by means ohiaihg phase, during
which the best fitting with the real trace is found.
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Figure 6. ML model: Pdf real and discretized values with 40 levels for a class C
peer.

Figure 7. ML and HM models: Autocorrelation for a class C peer.

Let {H;} be the DT-HMM that we wish to learn and to use as a synthetffidra
generator. Each element §f{,} contains two components: the hidden stéte= S =
{s; : i = 1,2,---, N}, which provides the process time memory, and the observatio
symbolO, € O = {o : k = 1,2,---, M}, that represents the amount of bits that are
transmitted in one time slot. Following the notation in [Redy 1989], the one step tran-
sition probability between any two hidden statés)) is given by the(i, j)—th element
of a matrix denoted byA. The observation symbol probability distribution in state
is given by thej—th row of matrix B, denoted byB,, and such thaBB; = {b;(ox)}
whereb; (o) = P[O; = o|S: = s;]. The initial state distribution is given by = {r;},
with 7, = P[S) = s;] Vi. We use the compact notatidn = (A, B, 7) to indicate the
complete model parameter set. In what follows, we descrdye the main DT-HMM
elements are defined in our application case.

a) The number of hidden statédfe set the number of statésto 5, since the auto-
correlation function, as shown in Fig.7, suggests thafitrphtterns occur with periodicity
of 5s (i.e., 5 time windows). Indeed, although the stateshatden, for many practical
applications there is often some physical meaning attath#érebm. In our case, the set of
hidden states gives the process memory of 5s that is showrelautocorrelation function
in Fig.7. The same figure also shows that the HM model can @attdcorrelation of the
real traces pretty well (observe the dashed green line).

b) The number of distinct observation symbols per st#te.we are interested
in defining how much traffic is generated or received by a P2Rfient, the set of ob-
servation symbols is the set of values of the bit-rate in #a trace (corresponding to
observations in the DT-HMM model). These are real valueswieediscretize intd. val-
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Figure 8. HM model: Bit-rate pdf for each state of the DT-HMM.

ues, in the same way as for the ML model. Thus, the number areason symbols is
equal to the discretization leveld] = L. For all results reported in Sections 4 and’5,
was set tol0. (We have also experimented other valuesfiptarger than 40, but we did
not achieve any significant improvement of the accuracy. )

c) Model parametersA = (A, B, w). The definition of model parameters is the
answer of the following questiordow do we adjust the model parametérsn order to
maximizeP ({O,} = {Zt(d)}|A)? In other words, the model parameters are chosen so as
to best represent how a given observation sequence comat dlie sequenc{aZt(d)}
used to adjust the model parameters is cdilashing sequencsince it is used to “train”
the DT-HMM. The training algorithm is th8aum-Welch algorithmwhich main ideas
of parameter estimation are similar to tBepectation-Maximizatioapproach. We refer
the reader to [Rabiner 1989] for further details on the tregralgorithm. To give some
highlights into the model parameter definition, observeAhmatrix as it comes out after
the training phase of a class C peer that we use in this seasiarsample case:

0 1 0 0 0

1.70e—2 0 9.83e—-1 0 0

A= 800e-3 0 0 9.92e-1 0
3.10e-2 0 0 0 9.69¢—1

1 0 0 0 0

As we can see from the matrix structure, the training phassgpves the temporal corre-
lation. With high probability, the hidden process movestigh 4 states before returning
to the initial state. For completing the model parametefsii®n, Fig.8 shows the pdf
of the observation symbols in each hidden state, i.e., thieghilities B, .

Let us now focus on the accuracy of the HM model. Fig.9 showstmparison
of the pdf obtained from the HM model against the pdf of thd teece. Similar to the
ML model, the pdf matches very well the pdf of the real traceowidver, as already
mentioned, Fig.7 states that the autocorrelation is orpyurad by the HM model. These
results show that the traces generated by the HM model cdmepetsent the real traces,
when basic stochastic characteristics are considered.

4. Queuing Analysis

The objective of this section is to assess the goodness pftip@sed models as synthetic
traffic generators. We consider the simple case of a singleheck queue. We feed
the queue with real and synthetic traces and evaluate queftegmpance in terms of loss
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Figure 9. HM model: Pdf: real trace and 40 discretization levels.

probability mean buffer occupancy and the CDF of buffer gaocy. We define the
relative error as the difference between the measure valee gy proposed model and
that one given by the real trace, divided by the measure diydhe real trace.

The queue is fluid and modeled as follows. Time is divided irgdong slots. In
each slot, the queue receives an amount of bits specified yen gace (either a real
trace or a synthetic one). The output rate is constant andosas to obtain a desired
load, defined as the ratio of the mean input bit-rate and tiygubwate. Input bit-rate is
constant during a time slot. For performing the fluid simiolat TANGRAM-II tool was
used [de Souza e Silva and et al 2006].

In the set of results reported here, we compare the queuerpenice obtained
feeding the queue with a real trace and with synthetic trdeeised from the associated
models. We consider buffer size equal to 128Kb and a classe€ jpég.10 reports the
mean buffer occupancy versus load obtained by the real, tlaeeML and HM models.
For the loss probability measure, the models are almosstinduishable. However, for
the mean buffer occupancy, HM model is more accurate: thermamn relative error is
8% against 22% of error provided by ML model. The HM model astperforms the
ML model for the CDF of buffer occupancy, providing a maximustative error equals
7% against 16% error of the ML model. The apparent contrextiadf a not perfect
buffer occupancy and distribution of the buffer occupanstyneations and very accurate
prediction of loss probability is due to the fact that losaesdominated by the length of
heavy traffic periods. For the the other analysed traceg{henodel captures better the
behavior of the real trace, even being a simple model.

Interestingly, the results presented in this section ssigdpat P2P-TV traffic is
not that difficult to model, and this traffic is probably eadi®engineer than other kinds
of more traditional Internet traffic. The reason is probahlgfold. First, the streaming
nature of the traffic makes the stream bit-rate quite smoathtinuous, and not that
bursty and time variable as other traffic is. Second, thepkcapions are quite aggressive
towards the network, they barely apply any congestion obntechanism, and they tend
not to adapt to network conditions. Indeed, many of the diffies in modeling traditional
Internet traffic are due to the combination of the long filesiand the closed-loop nature
of TCP. Similar results were obtained with other traces engame class or belonging to
other classes.
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Figure 10. A class C trace and their HM and ML models. Load equal to 0.8.

5. Representativeness of model

In previous section, we have evaluated the accuracy of thegels@s synthetic traffic
generators by comparing the impact on a queue of a real tratefahe synthetic traces
generated by models that were fit on the trace itself. In #acsien, instead, we aim at
assessing how representative the model derived from a gaemis of other similar P2P-
TV traffic, i.e., of other traces belonging to the same cld$ss is interesting because it
can be considered as a measure of the degree of “homogeokitgsses; and, if traces of
a class are similar, it is enough to derive the model of oreetta have a traffic generator
that represents the whole class. For example, for testimg $@ffic engineering solution,
it would be enough to test the solution with three models (@ereclass) to consider the
solution tested under a wide range of possible traffic padtgenerated by PPLive clients.
Since the HM model seems more accurate and promising, whileesng simple, in this
section we focus only on it.

We consider again the performance of a fluid queue, modelddianulated as
described in previous section. Of all the traces of a classselect one trace, and call it
the basetrace of the class. We then check the queue performance fegblyetic traces
derived from the model of the base trace, and from all the traaks belonging to the
class.

5.1. Class APeers

Let us start our analysis by the peers that belonGless A The results for mean buffer
and loss probability measures are show in Fig.11. The HM msdet that representative
for all traces of this class, as we will see on sections 5.25aBdAnalysing the traces and
the bit-rate distribution reported on Fig.2, although theam is almost the same for all
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Figure 11. Class A traces and HM Model. Load equal to 0.8.
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Figure 12. Class B traces and HM Model. Load equal to 0.8.

traces, the their bit generation shape is not that uniforar.ifstance, the WUT-1 trace
has a high transmission peak at the beginning of the videerggan. The base trace,
however, has this peak at the end of the video generatiom{asbehavior for almost all

traces in this Class). As a last remark, these peaks on thenimsites of the trace or on
the last minutes of it can explain the poor approximatiorttierloss probability measure.

5.2. Class BPeers

In this section we analyse how the model performs consigehaClass Bpeers. Fig.12
shows the results for the mean buffer occupancy and lossapildlp. The HM model
provides satisfactory results for the loss probabilityngemore accurate than the mean
buffer occupancy. For both measures, only the BME-2 resliMsrge from the model
results, with high maximum relative errors (64% for the meaffer measure in a low
load scenario and 43% for the loss probability measure).

5.3. Class CPeers

Let us focus our discussion in the peers that belongléss C Fig.13 shows the set of
measures performed using the HM model and the real traces.HMhmodel captures
quite well the overalClass Cbehavior, confirming that it is possible to parametrize g ver
simple model that can be used as a synthetic trace for a seabfraces. For the mean
buffer occupancy, the maximum relative error reached iaraldl 7%, excepted for three
peers in which the approximation is not that good for low éufbad: if the losses are
resulted by the the long range dependence autocorrelatieame cases, the measure for
the low load can be less accurate. For the buffer distribuhot shown here due to space
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limitation, the maximum relative error is around 15%; foe tloss probability measure
the error of almost all traces fluctuates around 10%.

Concluding the analysis of the model representativeness;am see that, even
for the case in which the model does not represent very welirtices in the same Class
(Class A the HM model provides highlights about the behavior ofetiint real traces,
with almost the same mean bit-rate generation. The restdsepted here are very im-
portant for a first step on the direction of understandingraodeling P2P-TV traffic.

JJJJJ

(a) Mean buffer occupancy (b) Loss Probability

Figure 13. Class C versus HM Model. Load equal to 0.8.

6. Related Works

Despite the only recent deployment of P2P-TV applicatitmese already are in the liter-
ature a number of studies about the impact of P2P-TV traffitherinternet.

Most of these works present results from measurements t@kensingle P2P-
TV system, as well as its characteristics. For instance,détlal. [Hei et al. 2007a] de-
velop a dedicated crawler to measure and characterizesy®aific. The author of
[Vu et al. 2007] focus in on the node degrees of popular vewsympular channels in
PPLive. Instead, the results presented in [Hei et al. 20@@Jocused in inferring QoS
metrics. Another set of works compare different P2P-TVeayst. Authorsin [S.Ali et al. 2006]
analyze and compare PPLive and SOPCast, presenting nideideansmitted/received
bytes, etc. Silverston and Formaux in [Silverston and Feurx2007] present statistics
from a large-scale live event broadcasted on P2P networlPhye, PPStream, SOP-
Cast and TVAnts. To the best of our knowledge, no synthetie-P¥ traffic generator
has been proposed so far in the literature.

Finally, over the years, HM models have proved to be usefubfomumber of
applications, given their simplicity and nice mathemdtw@aracteristics. Traditionally
used for speech recognition [Rabiner 1989], one can ciferdifit examples of their ap-
plication in the field of telecommunications, including netidg of network channels
[Salamatian and Vaton 2001], network performance evalodtiVei et al. 2002], devel-
opment of adaptive FEC algorithms [Duarte et al. 2003] andetiog short-term dynam-
ics of packet losses [Silveira and de Souza e Silva 2006].

7. Conclusions

In this paper, we focused on the traffic generated by PPLivartiSg from the analysis
of real traces collected by running the application clidrden several peers spread over
the Internet, we focused on the bit-rate generated by ataheshort time windows of
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1s. We proposed two traffic models: Memorylessmodel that fits the distribution of
the bit-rate observed in real traces, and a slightly moreptexrmodel based oHidden
Markov chains which fits also the autocorrelation function of therate. We tested the
proposed models as synthetic traffic generators by comsgittre impact of the synthetic
traffic traces and real traces on a queue in terms of the mdéer bacupancy and loss
probability. Despite their simplicity, our models are pyedccurate.
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