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ABSTRACT General Terms

Internet Protocol Television (IPTV) has emerged as a new deliv- Measurement, Performance
ery method for TV. In contrast with native broadcast in traditional

cable and satellite TV system, video streams in IPTV are encoded Keywords

in IP packets and distributed using IP unicast and multicast. This
new architecture has been strategically embraced by ISPs across th
globe, recognizing the opportunity for new services and its poten-
tial toward a more interactive style of TV watching experience in 1. INTRODUCTION

the future. Since user activities such as channel switches in IPTV  In the past several years, there has been a global trend among
impose workload beyond local TV or set-top box (different from telecommunication companies on the rapid deployment of IPTV
broadcast TV systems), it becomes essential to characterize andInternet Protocol Television) infrastructure and service, in which
model the aggregate user activities in an IPTV network to support live TV streams are encoded in a series of IP packets and delivered
various system design and performance evaluation functions suchto users through the residential broadband access network. This
as network capacity planning. In this work, we perform an in-depth fast growth is motivated in part by commercial reasons — strength-
study on several intrinsic characteristics of IPTV user activities by ening their competitiveness with so-called triple-play package that
analyzing the real data collected from an operational nation-wide combines digital voice, TV and data service together. More im-
IPTV system. We further generalize the findings and develop a se- portantly, this new technology provides the users with great inter-
ries of models for capturing both the probability distribution and active capability and functional flexibility, and creates tremendous
time-dynamics of user activities. We then combine theses mod- opportunities for a broad range of new applications (e.g., Collab-
els to design an IPTV user activity workload generation tool called oraTV [11]), which may very well define a next generation of TV
SIMULWATCH, which takes a small number of input parameters entertainment.

and generates synthetic workload traces that mimic a set of real While the industry rushes into the IPTV era, what lags behind
users watching IPTV. We validate all the models and the prototype is a comprehensive understanding of the user activities, which di-
of SIMULWATCH using the real traces. In particular, we show that rectly dictate the flow of video streams and other bi-directional data
SIMULWATCH can estimate the unicast and multicast traffic accu- (e.g., for user interactive sessions). Although commercial TV dis-
rately, proving itself as a useful tool in driving the performance tribution networks (e.qg., cable, satellite) have prevailed for decades,

éPTV, Network Measurement, Modeling, Workload Generator

study in IPTV systems. to the best of our knowledge, no detailed study on modeling indi-
vidual users’ TV watching activities is available in the literature.
Categories and Subject Descriptors This might _be partially because there has not b_een a _str_ong need, as
data flows in conventional TV networks are typically limited to the
C.2.3 [Computer System Organizatior: Computer- downstream direction from servers to set-top boxes (STBs), and
Communication Networks-Network OperationsC.4 [Computer user channel switching (with the exception of pay per view) has
System Organizatior}: Performance of SystemsModeling very little system-wide impact. In fact, even tracking the viewer-
techniques ship of TV program — a statistic that bears significant commercial

PR . . value — is typically done through a third party [1]. In IPTV sys-

fJnhc;:(;Ngrnkdgr Stlﬁgpxrr;eedm':gﬁ age%%\sgfy'\laig gRrée‘inr:vgs’\tlrigr%Oii? %’f tems, by contrast, an understanding of user activities is essential

2009 (Public Law 111-5), and by the NSF grant CNS-0626979.  to many system design and engineering tasks such as evaluation of
various design options, optimal system parameter tuning, improv-

ing customer care, and defining effective system care procedures to
minimize service impact.
Permission to make digital or hard copies of all or part of thisrkwfor Without a realistic user activity model, the research community
personal or classroom use is granted without fee providetidbpies are often has had to rely on some hypothetical user models when an-
not made or distributed for profit or commercial advantage aati¢bpies alyzing system performance [17, 19, 2, 20]. Unfortunately, such
bear this notice and the full citation on the first page. Toyooiherwise, to models are sometimes quite different from the reality and can po-
republish, to post on servers or to redistribute to listquires prior specific tentially lead to incorrect estimation of the system performance.

permission and/or a fee. E | hil tant-rate Poi is widel d
IMC’09, November 4—6, 2009, Chicago, lllinois, USA. or example, while a constant-rate Poisson process is widely use

Copyright 2009 ACM 978-1-60558-770-7/09/11 ...$10.00. as a workload model in other systems, it is incapable of capturing



National Channels

the high bursts of channel switches at around hour boundaries ob- ‘Acquisition
served in our IPTV data. An alternative is to directly use actual
IPTV trace data for the evaluation of system performance. How-
ever, such data, even when anonymized, can be highly sensitive,
containing too much commercial and user private information to
be publicly distributed. This creates a barrier for research commu-
nity to perform system evaluation against real data traces. In this
work, we bridge this gap by developing realistic models for user
activities in a large IPTV system.

.Our work in this.pape.r is based ona large collection of d.ata.ob- Figure 1: IPTV Architecture
tained from a nation-wide operational IPTV network, which in-
cludes the system logs from all of its subscribers’ STBs, con-
trol plane signaling messages, network topology and configuration
data, and TV channel information. Our approach starts with an
in-depth investigation of the user activities, analyzing many intrin-
sic characteristics on attributes such as user viewing sessions, per-
channel dwell time, and channel popularity. While some of our 2. BACKGROUND
findings overlap with a previous study [6], we further abstract and
generalize the chosen characteristics to enedméistic workload 2.1 Overview of IPTV Architecture

generation which can be used for various stages of IPTV system Figure 1 shows a typical IPTV service system [15]. The SHO
design. Specifically, we develop a workload generator that faith- (Syper Hub Office), the primary source of television content, digi-
fully mimics the user activities in real IPTV systems—this work-  5]ly encodes video streams received externally (e.g., via satellite)
load generator can turn a limited number of input parameters (pub- and transmits them to multiple VHOSs (Video Hub Offices) through
lished in the paper) into synthetic traces having similar statistical g high-speed IP backbone network. The VHOs, each responsible
properties to realistic data traces. for a metropolitan area, in turn acquire additional local contents
We also consider this work a snapshot of user activity workload (e.g., local news), perform some further processing (e.gerice-
for the current IPTV system, which provides a feature set highly ment insertion) and transmit the processed TV streams to end users
similar to that of conventional TV services such as cable and satel- upon request Inside a residential home, RG (Residential Gate-
lite. We envision that user viewing pattern evolves with more ad- way) connects to a modem and one or more STBs (Set-Top Boxes)
vanced IPTV features fundamentally changing the way users watchyyith coaxial cable, receiving and forwarding all data, including live
TV, and this work is used as a baseline to understand and to quan-Tv streams, STB control traffic, VoIP and Internet data traffic, into
tify such changes. and out of the subscriber's home. Finally behind an STB, there
We make three major contributions in this paper. First, we cgonnectsa TV.
present in-depth analysis results based on data traces from a nation- |n order to leverage the one-to-many nature of IPTV traffic and
wide operational IPTV system (Section 3). In addition to the largest ease the bandwidth requirement of the VHOSs, video streams from
scale of such study (using more than a million STBs in four differ- \HOs to STBs are typically delivered using IP multicast. Depend-
ent time zones), we identify many interesting characteristics. For jng on the TV channel and the codec used, the bit rate of each video
example, we find that user activities (such as channel switching) stream varies widely from around 1.5Mbps (SDTV with H.264)
are often correlated, hence the aggregate activities are much morgq ground 15Mbps (HDTV with MPEG2). The latency of chan-
bursty than the outcome of a fixed-rate Poisson model that many ne| switch is due to both the multicast group management using
previous studies assume [2, 20]. IGMP and the video decoding dependency (e.g., waiting for a next
Second, we develop a series of models that capture these intrin-|_frame)_ They could add up to a few seconds, which might make
sic characteristics on each of the attributes (Section 4). We use thethe audience chafe at the bit. This limitation is likely to motivate
mixture exponential distribution to model various session duration |pTv ysers to perform more targeted channel switches than ran-
ities, we apply Fourier Transform and model the periodically corre-  tional TV systems. To address/alleviate this proflesome IPTV
lated events. We distinguish sequential-channel-scans and targetedproyiders have adopted a fast-channel-switch mechanism in which
channel-switches and use Zipf-like and exponential distribution to 5 server in the VHO sends the STB a unicast video stream (often
characterize channel access popularity. We also adopt a mixtureat a rate higher than multicast rate to avoid long decoding latency)
population model to capture the channel popularity dynamics ob- while the STB catches up with the multicast TV stream [17].
served at the finer time granularity. Similar to conventional TV users, IPTV users use a ven-
Third, we combine these models and construct a workload gener- gor/provider customized remote controller to control the STB. For
ation t00|, namely BAULWATCH (Section 5), which takes a small examp|e, one may usgp/Down buttons to Sequentia"y switch
number of parameters as input and outputs a series of syntheticchannels, usReturnbutton to jump back to the channel previously
user traces that mimic a set Of I’eal users WatChlng IPTV. We alSO Watched' or enter a Channe| number to ]ump direcﬂy to a Specific
validate $MULWATCH prototype by comparing the synthetic tracé  channel. On the other hand, IPTV providers often support addi-
with a real data trace and show that they closely match even for jonal features, some of which are not offered in conventional TV
some properties that we do not explicitly model. Specifically, we services. For example, many IPTV providers add the capability for
show that for a given number of STBs, we can accurately estimate
the unicast and multicast traffic bandwidth based on the synthetic *Typically a VHO connects to RGs through a protected optical

workload, which also illustrates how to usev&/L WATCH to drive network using fiber-to-the-node (FTTN) or fiber-to-the-premises
the performance study in an IPTV system. (FTTP) technologies. We omit showing the network elements in

: . : between as they are not the focus of our work.
We also review related work in Section 6 and conclude our work > B . -
How to reduce this delay is an active research area.

Local Channels }
Acquisition Subscriber Home

w VHO 1 ‘\

IP Backbone

in Section 7. In the following section, we first overview a typical
IPTV system architecture and describe the data set we use in this
study.




a small number of user-defindevorite channel listso that one 10°
can easily switch between or scan through the favorite channels. Tl
Furthermore, most STBs support the DVR (Digital Video Record- | 777 =« :

ing) feature, in which with the help of a local hard drive, a user =, -

. . % 10 “r
can pause, rewind, fast forward (up to live play), and record the TV = T On—sessions
program being played. Some IPTV providers support one channel & — - —Off-sessions
being recorded to DVR while another channel being played live on % | Channel-sessions
TV. Also depending on the IPTV provider, IPTV users can enjoy S 10 ¢

many advanced features such as Picture-In-Picture (PIP), on-line
gaming and chatting, and personalized web services on their TVs.

2.2 Data Set 10 sec 1 min 1day 6 days

The data we use in this study are collected from a large scale Lasting time (log scale)
IPTV provider in the United States, which has over one million )
subscribers and over two million STBs spread throughout four dif- Figure 2: CCDF of the length for on-, off-, and channel-sessions
ferent time zones. As a privacy protection, only anonymous data
was used in this study; no information that could be used to directly
or indirectly identify individual subscribers was included. By com-
bining data from the anonymous STB logs, control plane messages,
network configuration data, and TV channel lists obtained from this
service provider, we were able to model activities such as turning 3 1 Turning STBs On and Off
on/off STBs, switching channels, and playing live or recorded TV
program. In particular, we associate each activity recorded in the
anonymous STB logs with its origin STB and a timestamp (which
is at the precision of one second). To account for different time
zones, we map the STBs to their metropolitan area and convert the
associated timestamps into their local time. . .
Although we have analyzed and validated data from multiple pe- off-sessions respectively.
. gh we ha Y plep Figure 2 shows the complementary cumulative distribution func-
riods of time, in this paper, we only present the result based on the .. . .
data collected in April 2009. More specifically, we use the 6 days’ tion (CCDF) of the length of on- and off-sessions. Using CCDF,
data from Aoril 2ndpto 7th fdr anal si% and on)g dav’s data on Ayril we can better illustrate the tail property of the distributions. We
h for th pl' . f Iy | .f.y herwi P first observe that both on-sessions and off-sessions exhibit a very
8th for the validation of our model. Un_ess specified otherwise, we long tail in their distributions — around 5% of the on-sessions and
use the results based on data on April 2nd 2008 when we present .. . . .
8 . . off-sessions are over 1 day in length. In fact, we believe the fast
the propertles_ fqr asingle day, while the results on other days are drop in both tails approaching the right end of thexis is due to
qualitatively S|m|Iar.. _ . . the limit of our dataset, which is 6 days in total. Comparing off-
There are a few limitations/caveats with the quality of the data - i ) ) : . .
. . . : session and on-session, we find that the off-session has a heavier
in this study. First, the channel switch events capture user request

logged at the STB, with the timestamp indicating the time that the Sltiélth?r:];haenolr;.?%sif;Il—z\llségnatgq?j 8# rfcl)r;tglﬂjonn stlir:]:: E;::'VQZTE
request is received at the STB. Note that this is different from the y g

time when the request arrives at the VHO, and different from the days) than leaving the TV on. We also notice that the curve of off-

. . . . session is below that of on-session for low session length. This is
time when the streaming content is received at the STB. Requests;. . - ;
likely due to users’ mistake in operating the remote controller — a

that are very rapidly followed by a subsequent request in time may - ) - .
not be recorded by the STB, hence are missing from our study. Sec-User achental_ly twrning the STB off while WE.‘tCh'ng atv program
may quickly switch the STB back on, producing a short off-session

ond, since we do not have any data related to the remote controller,
. ) . of a few seconds.
we can only determine the outcome of a user’s action, but not the . . . .
In Figure 3, we show the time series of the number of on-line

action itself. For example, when we observe a channel switching . . . .
L ; STBs in one-minute precision (normalized by the average number
event, we do not know whether it is done by using th@Down . : X
. . : : of on-line STBs). We observe a very strong diurnal pattern, with
button or by directly inputting the channel number, for which we . . -
have to rely on inference. Third, we do not have detailed TV pro daily peak at around 9PM, followed by a quick decrease in number,
y y ' P reaching daily minimum at around 4AM, and then steadily ramping

gram information when DVR is used. From STB logs, we know a up during the course of day. Note that there are a significant number
recorded video is being played, but do not know what is played. In p g raay. 9
of STBs left on over night.

this paper, we use a special channel, 9999, to indicate user tuning As both on- and off-sessions are bounded by users’ action in

into the DVR mode and playing some recorded content. Finally, switching on and off the STBs, it makes sense to observe these

our data regarding the advanced features such as online gaming aré . . ;
. , I évent processes directly. Figures 4a and 4b show a one-day time
unfortunately incomplete. Therefore, we ignore all the activities

: A series of the event rate for tsavitching-orandswitching-offevents

with respect to advanced features in this paper. . ! ) g
respectively. Both plots are shown in one-minute precision. Here

the event rate is the number of switching-on/-off events during the
3. ANALYZING USER ACTIVITIES interval normalized by the total number of off-line/on-line STBs at

Recall that our objective is to define a mathematical process thatthe beginning of the interval. We make two observations. First,
mimics the activities of IPTV users and thus can produce realistic there is a strong time-of-day effect in both figures.The switching-
event series for tasks such as system performance evaluation. Taon event rate has local peaks at around 7AM and around 9PM and
accomplish this, we first need to understand how real users act inthe switching-off event rate has local peaks at around 7:30AM and
an operational IPTV system. We do so by studying various charac- around 12AM, both matching well with our intuition relating to

teristics of our data traces. In particular, we focus on the aggregate
properties regarding to users’ turning STBs on and off, channel
switches, and channel popularity.

We first focus on the length of STB on- and off-sessions. An
on-sessions defined as the duration from a STB being switched
on till it gets switched off. Similarly, aoff-sessions the duration
from the last time a STB was switched off till it gets switched on.
We first examine the distribution function of the length of on- and
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Figure 4: The normalized switching-on, switching-off, and channeswitching events (one-minute granularity)

1.6 the available channels using tlp/Down button on the remote
controller, while target switching represents the user intentionally
switching to a specific channel of choice. We assume channel
switches between adjacent channels being the sequential-scanning
and the rest target-switching. To define the channel adjacency, we
need to infer the list of available channels, which can be quite dif-
ferent from one user to another (e.g., due to different subscription
plans). We keep track of all channels that a STB requests over an
extended period (e.g., one month) and regard these channels as the
complete list.
a2 23 24 a5 26 a7 From the data we collected, we observe that 56% of channel
Local time switching events are sequential-scanning. This is a little bit lower
than our expectation. We find that the high ratio of target switching
Figure 3: Number of on-line STBs can be attributed to many advanced features that the IPTV provider
supports, including a user-customized favorite-channel list, a pro-
gram menu where users can browse and switch channels by name,

the daily living schedules of most people. More interestingly, we and an easy access to DVR. All of these help users find the TV
observe that both event rate series are very bursty, with significant Program of interest easily and directly. To understand this effect
spikes aligning closely with hour or half-hour boundaries (itis more Petter, we construct a user's favorite channel list using a heuris-
pronounced in Figure 4b). This is due to the fact that most Tv tic (top ranked channels by watching time and frequency, e.g.,
programs are aligned to hour boundaries. Many users may turn onWaiched in at least 4 days of a week) and find a large portion
TV in anticipating for a TV program or turn off TV after watching a (46%) of the target-swnchlng is toward such “favorite channels".
TV program. This introduces significant correlations among users’ Among sequential-scanning, we observe an unbalanced up- and

activities, causing very strong bursts in the aggregate event rates. down-channel-switches — 72% of them are up-channel-switches.
It implies that more people prefer increasing channel number. Our

3.2 Switching Channels analysis finds the ratio moderately stable over time, although we do
not have a good intuition on why this is the case.

Normalized number of STBs

We now turn to channel switches. Figure 2 shows the distribution
function of the length of channel-sessions, which we define as the .
duration from the time of a user's last channel switch (or turning 3-3 Channel Popularity

on STB) till the next channel switch (or turning off STB). We find We now focus our attention on the properties of different chan-
that this distribution also has a long talil, although not as heavy as nels. We first rank nearly 700 different channels that appeared in
those of on- and off-sessions. our data using two metrics: (1) the request count, which we call

Similar to those for switching-on and switching-off events, we channel access frequen@nd (2) total time STBs stay tuned in the
also examine the aggregate event process for channel switches. Figehannel, which we catthannel dwell timeFigure 5 shows the cu-
ure 4c shows the time-series of such event rate, which is definedmulative distribution function of channel popularity ranked by the
as the total number of channel switches normalized by the num- two metrics. We find that the distribution of channel dwell time
ber of on-line STBs. We note that the diurnal pattern in Figure 4c is highly skewed — the top 100 channels account for around 63%
is quite representative of different days. Compared to switching- of the total channel dwell time. As a comparison, the channel ac-
on/-off event rates, the channel switching events demonstrate evencess frequency curve is less skewed. This is likely due to the large
stronger spikes with the period of 30 minutes. This is again due to number of sequencial-scanning channel switch events. We observe
correlated user activities related to TV program alignment — many similar level of skewness in the distribution of channel popularity
users switch channels together when a TV program ends, whichwhen we examine different subsets of our data (such as by differ-
may create temporarily high workload on the IPTV servers. ent time zones or by different date), although the ranking of the

We next try to gain insight on how IPTV users switch chan- channels varies from one subset to another.
nels. We classify channel switching events into two categories:  Figure 6 shows how the top 10/50/100 popular channels change
sequential-scanningnd target-switching Sequential scanning  in the two adjacent hours during a day. The change percentages
represents the user in a channel-browsing mode by going throughare averaged over 6-day data. We observe that the channel popular
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ity is relatively stable over time of day. For example, in Figure 6,

Table 1: Model parameters for session length distributions

Al al A2 az A3 as
On-session 1.3e-2| 0.3 | 3.3e-3| 0.66 | 2.3e-4| 0.04
Off-session 3.2e-2| 0.19| 2.5e-3| 0.75 | 2.4e-4| 0.06
Channel-session 2.1 0.23 | 2.6e-2| 0.64 | 3.2e-3| 0.13

of-day trends — for example, the local channel peaks in the morning
when people catch early news and weather forecast before going to
work; the kids channel sharply loses popularity after 8PM when
most kids go to bed. In comparison, the DVR channel has the most
dramatic change in scale, which finds its peak late into night. The
recent work [15] uncovered the reasons behind this behavior by
grouping the whole user population into subgroups according to
their preference. We will also integrate this into our workload gen-
erator in Section 4.4.

4. MODELING USER ACTIVITIES

In this section, we construct mathematical models to capture
the observed characteristics of IPTV user activities. We need to
model three different user activitiesswitching-on switching-off
andchannel-switchFor each of them, we match their timing prop-
erties in both the session length distribution and the dynamics of the
aggregate rate. For channel-switch, we also model channel popu-
larity properties including popularity distribution and its temporal
dynamics. We first present our models and then describe our meth-
ods to deriving the parameters of our model from the data traces.

4.1 Modeling Session Length

In order to capture the long tails exhibited in the empirical
session length distributions (Figure 2), we adopt the mixture-
exponential model [13] for on-, off-, and channel-sessions. The
probability density function (PDF) of a mixture-exponential distri-
bution is

f(z) = Zai)\vze_k"’z )

wherel/); is the mean of theé-th exponential distribution in the
mixture and)_" , a; = 1. This model has been widely applied
due to its simple form and its capability in approximating heavy-
tailed distributions in a wide range [13].

To determine the model parameters that best describe the data

trace we collected, we apply data fitting for on-, off-, and channel-
sessions respectively. In the following, we use channel-sessions
as an example while the procedure for fitting on- and off-sessions
is essentially the same. We iteratively explore different values for
the number of exponential distributions, in the mixture model.
For a givenn, we apply the Expectation Maximization (EM) al-
gorithm [4] to find the maximum likelihood estimate (MLE) for
the parameters; anda,. For the length distribution of channel-
sessions, we identify the best tradeoffrat= 3, as it achieves

among top 100 channels at 12pm, less than 20% of them did nota close match to the data while using a small number (i.e., 6) of
belong to top 100 channels at 1pm, while more than 80% of them model parameters. In Table 1, we report the parameter values that
were among top 100 channels at both time periods. We find that fit our trace. The QQ (quantile-quantile) plots in Figure 8 demon-
the relative channel popularity changes the most during morning strate good matches between our models and real traces collected.

hours, but remain moderately stable for most part of the day. Fig-

Looking into the parameters, we gain tremendous insight on the

ure 7 illustrates an example on the dynamics of channel popularity process. For channel-sessions, the diffederttorresponds to Pois-
within a day, in which we compare normalized numbers of STBs son processes with average inter-arrival time of around 30 seconds
of a top-ranked kids channel and a top-ranked local news channel40 minutes and 5 hours, representing an IPTV user in the state of
against that of the “recorded TV" that people use to watch recorded channel-browsing, TV-program-watching, and being away-from-
contents (called DVR channel). We observe some interesting time- TV respectively. The likelihood of a user entering these modes
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Table 2: Modeling parameters for event rates 2.5 ‘ ‘
k [ Pi-hour | P30-min | P15-min S SW!tCh on
Switching-on | 0.0036 | 278 | 1.76 | 1.41 X ot - % -switch off
Switching-off | 0.0316 | 233 | 4.43 | 7.85 X —&— channel switc
Channel-switch| 0.03840| 293 | 4.23 5.34 453 ]

is quantified by the; values. Similar observation can be made for
on-sessions and off-sessions too.

4.2 Modeling Time-Varying Rates

The mixture-exponential models in the previous subsection im-
ply a constant-rate stochastic process with the mean event rate
equal to1/(3>", ai/A:). However, we have observed in Fig-
ure 4 that the aggregate event rate for switching-on, switching-off,
and channel-switches are all highly variant, highlighted by many
apparently-periodic spikes. The problem lies in a subtle underlying
independence assumption (which has been commonly used in simthe model and the quality of the match between the model and the
ilar study without careful validation). The reality is that each indi- empirical trace, we show in Figure 11 the discrepancy metric (we
vidual user’s activities are influenced by a common external process Use€ mean squared error between the empirical trace and our mod-
— ’[he TV program schedulesy and as a resultl they become h|gh|yel|ng Output) as a fUnCtiOn of the number Of Spikes in the mOdel. It
correlated to each other, breaking the independence assumption. Ids clear that the discrepancy becomes negligible when we choose 2
this subsection, we incorporate this impact from the external pro- Spikes for switch on/off and 3 spikes for channel switch. So they
cess through modeling the aggregate event rates in Figure 4. are the values we use in the rest of the paper. Figure 10 compares

As the aggregate event rates appear very complicated in the timethe result from the real trace (top) and the result from our model
domain — requiring an overwhelming number of parameters to char- (Pottom). We find that they match very well, even when we use
acterize it, we decide to try a different angle and approach the prob- 0nly 13 parameters heré:,(1. and the value for the 2-3 spikes in
lem from the frequency domain. We apply fast Fourier transform Table 2).

(FFT) to the event time series and present the result in Figure 9. Fina”y, we deﬁne the t|me Series fUnCtiOn Obtained fI’OI’n the
The structure, in all cases, suddenly becomes very clear — thereaforementioned process as orate moderating functiony(t),
are a few of distinct spikes at frequencies that correspond to 1 hour, Which models the impact of external TV program schedule to indi-
30 minutes, 15 minutes etc., and an ambient gradual decrease in th&/idual users’ activity. Sincg(t) is constructed from data in a given
power level -axis) from low to high frequencies. We next approx-  Window W, (in our exampléV" = 86, 400 seconds, or 1 day), we
imate the ambient power level by using the Weibull distribution. Its SIMPply repeay(¢) to make it a periodic functiory(¢t+W) = g(t).
probability density function is: Furthermore, we normalizg(t) such thathW g(t)dt = W. Note

e 1 that the periodic moderating functignwill not impact the tail be-

flask, p) = k (E) o (@/m" havior of the session length distributions that we have modeled pre-
o\

viously. However, it does change the shape of session length dis-
wherek andy: are model parameters. We choose the Weibull distri- triution at small durations. In particular, depending on the start
bution since it can very well approximate a wide range of classes of fime-of-day, the session length distribution varies.
functions including exponential, normal and lognormal only with
two parameters. The model parameters that best match our data .
traces are reported in Table 2. tion

From only a small number of parameteks [, and the values for We have observed in Section 3 that the channel popularity is
the spikes in the frequency domain), we can now generate the fre-highly skewed. Motivated by the success of Zipf-like distribution
quency domain function and apply inverse FFT to reconstruct the in modeling skewed access frequencies of Web [3] and VoD sys-
time series that initially seemed highly complex. To determine the tems [18, 21], we also examine the Zipf-like distribution in model-
best trade-off between the number of spikes to explicitly include in ing channel access frequencies — for a channel of popularity rank

Mean squared error

¢

2 3
The number of spikes

Figure 11: Find the optimal number of spikes

.3 Modeling Channel Popularity Distribu-
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Figure 10: Modeling aggregate event rate

@10 ‘ where Cj is the normalization factor such thgs(-) is a well-

§ — Real trace defined probability density function.

S - - -~Exponentia The concatenated distribution function achieves a good match

S 10N -~ - Zpif-like for the top 600 popular channels, which together account for over

§‘ SR 97% of the channel-switches (as shown in Figure 5).

g1t 0 T T : Channel popularity in terms of channel access frequencies is

g TN only applicable to target-switching. For sequential-scanning, the

a 16l | channel number simply increments or decrements. We define the

Q probability of user entering target-switching mode @s which

£ 0 is 0.44 in our data. The probability of user entering sequential-
10O 100 200 300 400 500 600 700 scanning mode is hende- p;. When in sequential-scanning state,

a user switches to a higher number with the probability 0{0.72
in our data), and to a lower number with- p,,.

To align the channel ID to the channel popularity, we adopt
a simple random permutation method — we randomly shuffle the
ranks of the channel popularity and use them as the channel ID.
This however does not capture the subtle clustering effect in the
i, the access probability is a power function of its rankFig- commercial channel listing, such as music channels being next to
ure 12 shows the channel access frequency as a function of theeach others. Depending on the application, a detailed modeling of
rank, along with the best-fit power law function and the best-fit sych effects can be of interest.
exponential function. We find the Zipf-like distribution well cap-
tures the top 10% channels while the exponential function achieves
a better fit for the large “body” part of the distribution function.
The parameters for the Zipf-like distributiofs (i) = C1i™ <, are
a = 0.513, Cy = 12.642. The parameters for the exponential
function, f2(i) = e #+¢2, are = 0.006, C = 2.392. In the
rest of the paper, we use a hybrid model — approximating the top
10% of the channel popularity distribution using the above Zipf-
like power-law function and the remaining part using the exponen-
tial function. Particularly, the probability density function can be
expressed as follows,

Jo(i) —{

Chanel index sorted by popularity (linear scale)

Figure 12: Fitting the channel popularity distribution

4.4 Modeling Channel Popularity Dynamics

The channel popularity model described in the previous section
captures popularity skewness, which have been found relatively
stable at large time scale (e.g., daily [15]). However, we also ob-
serve from our data that channel popularity exhibits some tempo-
ral patterns over time-of-day (See Figure 7). While a stationary
channel popularity model might be sufficient for many applications
(for example network capacity planning analysis), we expect that
some other applications (for example evaluating a P2P type con-
tent caching scheme for IPTV) may require a proper modeling of
such channel popularity dynamics. One way of modeling such dy-
namics is to observe the differences across multiple smaller time in-
tervals (e.g., hourly granularity) and model the channel popularity

C1i7%/Co i < 10% of available channels
e P+ /0, others



aoFF1 X AoN1 X gon(t)

states comprise several sub-states, each of which corresponds to
one of the mixture exponential distributions in Section 4.1. Fig-
ure 13 illustrates the structure of the ON-OFF model with 2 sub-
states in each of the ON and OFF states. The transition rate be-
tween sub-states are constructed using the parameters in Sections

4.1 and 4.2. For example, the transition rate from;@NOFF;
aonz X Aorrz2 X gorr(t) [ OFE2 state is

aoFF2 X AoNz X gon(t) aorFF; X Aong X gon(t)

ON1 aoN1 X AOFF1 X gorr(t)

Figure 13: ON-OFF model and similarly the reverse direction rate from QRB ON; is

aon; X Aorrs X gorr(t)

in each small interval separately. Alternately, we can try to under- To drive the event simulation, assuming a STB arrives at state ON

stand the underlying structure producing such dynamics and modelat time¢, we can easily determine the edge of the next transition

this underlying process. In fact, in our recent work [15], we demon- using the branching probabilitiesrr;, and we can also determine

strate that the channel popularity dynamics can be well explained the time of the next transition+x, using the following probability

by groups of users that have intrinsically different channel prefer- density function

ence and tend to watch TV at different time of day, as described

next. doni(x;t) = Aon,: X gon(t +z) X e

We divide STBs into multiple classes according to some feature.

In [15], we have compared different choices for such feature. To

model the daily dynamics of channel popularity, we choager-

age daily watching timas our classifier because (1) the resulting

subgroups exhibit distinct and stable channel preference and (2)

the STBs in each subgroup tend to affiliate with the same subgroup

over time. Specifically, we classify STBs using two thresholds

and in our data, 28% of STBs ateavy-watcherg12 hours or

longer average daily watching time), 36%_of thda'ght-watcher; _ STB takes place first.

(316E}?;Lg?ﬁg?ﬁ;{g‘gg%’eef%z'%‘;ﬁfg?hgat::;)' ?;2::&;621“?&“9 In order to determine which channel to switch to,_we keep track
. . P 9 of, for each STB, the last channel watched. At the time of a sched-

STBs in a particular subgroup stgys stable' (e.g., throughout a day)’uled channel-switch event, assuming the last channel watched is

and the overall channel popularity dynamics is largely due to the with popularity rankr;, we compute the probability that the next

change in the population mix of those groups [15]. _ channel isj with rank; as follows.
We thus extend the model to a multiple-class population model.

We first define the membership ratio for different subgroups using

t C
—Xoni J{ T gon(w)dy

We next focus on generating channel-switch events. Itis not hard
see that the timing of channel-switch events can be determined in
the same fashion as those of switching-on or switching-off events.
There are two subtle details worth noting. First, we need to trig-
ger the event generation for a next channel-switch event not only
at the time of the previous channel-switch, but also when a new
' switching-on event takes place. Second, we need to cancel a pend-
ing channel-switch event if a switching-off event from the same

the numbers above. Next, we identify the channel preference within (1 = pt)pu + pefo(r;) j=i+1,
a subgroup (which is stable and follows Zipf-like distribution) and Probability= { (1 — p:)(1 — pu) + pefo(r;) j=i—1,
characterize the session lengths and moderating functions for each pefo(r;) li—j| > 1.

subgroup separately. This would capture the change of population
mix over time. As demonstrated in [15], this method leads to a The initial rankr; is randomly assigned as described in Section 4.3.
highly accurate model of channel popularity dynamics. We present The definition off, and all other parameters involved are defined

more details and evaluations of this method in the next section. in Section 4.3.
Now we have described the design aM8LWATCH using the
5. smuLwWatcn: A WORKLOAD GENERA- single-class population model. We will show that the above pro-
cedure simulating the channel switches cannot precisely generate
TOR the dynamics of channel popularity. To equipi8L WATCH with

Thus far we have constructed several models to characterize var-this functionality, we add an extension of the multi-class population
ious aspects of IPTV user activities. In this section, we present model as follows. Assume that we obtd\i classes/groups, each
our design of 8MULWATCH — user TV watching activity genera-  of which consists of a fixed proportiop;,i = 1,2,..., N, of all
tor. We validate our tool by comparing its output with the real data STBs, Wherezz?vzlpi = 1. Then for each STB, we first determi-
traces. We also demonstrate how to use this tool to drive the net- nate which group it belongs to based on the probabilitiess Then
work performance study in an IPTV system (e.g., estimate unicast in each group, the workload is generated using the same method as

and multicast traffic rates given the number of subscribers). we described above using the single-class population model with
. the proper parameters. To generate the synthetic traffic to mimic

5.1 simurwarcn Design the dynamics of channel popularity, we can determine the mapping
For simplicity, we first describe the design ofM&LWATCH between channel ID and its popularity rank within each group and

based on the single-class population model. Then we present thethen the channel popularity can be calculated by combining the re-
extension using the multi-class population model if the dynamics sults from all the groups.
of channel popularity is of interest. .

In the single-class population model, we first focus on generating 5.2 Evaluation
switching-on and switching-off events matching both on- and off- In this subsection, we will evaluate whether the synthetic traces
session length distributions and the aggregate event rates. We degenerated by ouri®uL WATCH mimic the real user activities very
fine a closed-population ON-OFF model where both ON and OFF well. We do so by comparing the synthetic traces and real traces
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from three aspects — (i) properties that we explicitly model such ) ) .
as session length distribution, aggregate event rate, and channelTable 3: Goodness-of-fit scores for session length and channel

popularity distribution, (ii) properties we do not explicitly model popularity distributions

like channel popularity dynamics and numbers of on-line STBs, Model Session length Channel
and (iii) a case study on estimating the bandwidth consumed by si- ON | OFF | Channel| popularity
multaneous unicast streams, and concurrent multicast channels at Single-class| 0.147 | 0.132| 0.132 0.083
different time. Multi-class | 0.099 | 0.089| 0.091 0.067

In our experiments, we generate synthetic user activities for two

millions STBs and 700 channels based on model parameters listed

in Section 4. Each STB starts from a random state at time 0 and computation, we divide the data into bins and test

we discard the initial part of the output until the system reaches a

steady state. On a PC with 2.4GHz CPU and 4GB memory, it takes y 5

about 5 hours for our implementation ofM8JL WATCH to gener- X = Z(Oi — Ei)°/E:

ate one-day worth of data. We compare the synthetic trace against i=1

the real trace collected on a different date (April 8, 2009) than the \here0; is the observed frequency for birfgenerated by model)

dates from which we derive the model parameters. Since the single-and £, is the expected frequency for bir(collected from the real

class population based workload generator works reasonably welltrace). The smaller the value is, the better the model and trace

for many properties, we use the single-class population model un- maich. First, we want to test whether observatidrcan be con-

less specified otherwise for the interest of simplicity. We also use sjdered as arising from the same distributionfas We represent

the multi‘ClaSS pOpulation mOdel When i"ustrating |tS Capablllty in |t through associated One_sided Chi_square P_VH(%2)’ i_e.l the

capturing the dynamics of channel popularity. proportion of the time that a value af or greater would be ob-
tained if O and E were drawn from the same distribution. For a
hypothesis testing at significant levij, we reject the null hypoth-

. . esis O andE are from the same distribution) #(x?) < Po.
5.2.1 Properties explicitly modeled Table 3 shows the goodness-of-fit for session length distribu-
Session-length distribution: Figures 14 shows the session- tion (the bin size is 1 minute). Using a common significant level

length distribution of different types of sessions, where we observe P, = 5%, we see that in all cases the two session length distri-

an exceptionally good match between the real trace and the syn-butions (synthetic trace and real trace) atatistically the same.

thetic trace from 8WULWATCH by visual inspection. In order to In addition, multi-class population model yields smaller goodness-

qualitatively measure the closeness of two distributions, we fur- of-fit score, indicating that it can fit the real trace better than the

ther compute thgoodness-of-fitln the chi-square goodness-of-fit  single-class population model.



Table 4: RMSE when modeling the time-varying rate S [—r—r——

Model Switch-on | Switch-off | Channel-switch 0.9r| - - - Synthetic trace N
Single-class| 2.3e-3 2.4e-3 2.5e-3 0.8
Multi-class 1.8e-4 1.9e-4 2.4e-4
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of different types of events. Again, we observe a reasonably good 0:00 4:00 800 12:00 16:00 20:00 24:00
match between the model and real trace from visual inspection. Local Time

Table 4 shows the root mean square error (RMSE) between the

model and real trace when modeling the time-varying rate. We Figure 18: Multi-class population model captures the change

find that the RMSE of multi-class population model is an order of of channel popularity over time (hourly)

magnitude smaller that that of single-class population model. For

example, the RMSE of modeling switch-on events by using single-

class population model is 2.3e-3 where the corresponding figure online STBs over time in Figure 17 because the single-class pop-

by using multi-class population model is 1.8e-4. The reduction in ylation model treats every channel-switch event uniformly. There-

RMSE is due to the fact that much more (triple) parameters are fore, the changing rate of channel popularity is proportional to the

used in the multi-class population model (i.e., more details have changing rate of on-line STB population.

been modeled). Depending on the applications iefus WATCH, To better understand the reasons that a multi-class population

this may or may not be a desirable property. model can better capture the dynamics of channel popularity, we
Channel popularity distribution: Figure 16 shows the chan-  drill down the above example. There are two factors which shape

nel popularity distributions for both the real trace and synthetic the popularity dynamics of a particular channel: i) the channel ac-

trace. As expected, the popularity of top 600 channels matches cess probability defined as the number of STBs in a particular pop-

very well. Table 3 shows the goodness-of-fit for channel popularity ulation (for multi-class population model) watching that channel

distribution (the bin size is 1 channel). Again, we observe that the divided by the number of online STBs in that population at that

multi-class population model yields smaller goodness-of-fit score, time period (e.g. one hour). It is actually the transition probability

indicating that it can fit the real trace better than the single-class of that channel; ii) the population mix which consists of the pro-

population model. portions of different subgroups in the whole user population. The
. .. channel popularity dynamics is generated by the combinational ef-
5.2.2 Properties not explicitly modeled fect (which can be viewed as the weighted sum of productions of

Number of on-line STBs: Figure 17 shows the average number subgroups) of these two factors.
of on-line STBs as a function of the time-of-day. We normalize Figure 19 shows the channel access probability of a popular kids
both synthetic trace and real trace such that the value at their peakchannel from our multi-class synthetic trace. We display one curve
time is 1. This is a property that we do not model directly, however, for each group and an additional curve for all-STB cases (denoted
we still find a decent match in their shape. by “All"). We observe that the curve for all-watchers shows a diur-

Channel popularity dynamics: Recall that in Section 3 we nal pattern, but all the other curves are quite stable. This means the
showed that the channel popularity distribution changes over time change of the channel access probability in each group is very small
within a single day. Taking a kids channel as an example, we show and hence does not contribute to the dynamics of channel popu-
the change of channel popularity in Figure 18. The change is nor- larity in Figure 18. Figure 20 illustrates the population mix in our
malized such that the maximum value is 1. We observe that the synthetic trace. By [15], the light-watcher group consists of the ma-
strength of using multi-class population model is that this model jority of watchers for kids channels. When we compare Figure 19
can capture the dynamics of channel popularity very well, while with Figure 20, it is clear that the increase bump (approximately
single-class population model fails. Note that the curve for the 5:00 — 14:00) of light-watcher group in population mix contributes
single-class population model is actually similar to the curve of to the spike view of Figure 18.
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Figure 20: Population mix for each group, based on multi-class Figure 21: Case study. The results from real trace and work-
synthetic trace load closely match.

5.2.3 Case Study cast traffic involved to support live TV viewing for the users. In
Figure 21b, we report the probability density function for the num-
ber of channels, in which we confirm that the result from synthetic
trace closely matches that of real trace.

Since our ultimate goal is to use the synthetic trace from
SIMULWATCH in evaluating the performance of different design
of IPTV system, different system parameter settings, etc., we put
SIMULWATCH to a final test by using it in a case study. In partic-
ular, we are interested in evaluating the bandwidth requirement to 6. RELATED WORK
support fast-channel-switch. Recall that using fast-channel-switch,  Traditionally, understanding users’ TV viewing activities in the
a short { seconds) unicast stream is transmitted to the STB (in ad- conventional TV systems relied on phone surveys or specialized
dition to a new multicast stream) when a user switches to a new monitoring boxes (e.g., by Nielsen Media Research [1]). The chal-
channel. We focus on a single router in one of the VHOSs in the lenge with that approach is the difficulty conducting a large-scale
IPTV network, which connects t®, 137 downstream STBs. We  survey or deploying monitoring boxes for the majority of TV users.
evaluate different value of (4, 8, 16, 32). We only present re-  Inthis paper, we analyze user activity data from more than one mil-
sult forx = 32 seconds, while other results are quantitatively very lion commercial IPTV subscribers and present models that can be
similar. used to generate realistic user activity workload.

We study the number of simultaneous unicast streams flowing Many researchers recently have looked into various aspects of
downstream from the router of interest under the above settings. IPTV systems. The closest work to our study is the recent mea-
Figure 21a shows the distribution density function on the number surement study conducted by Cha et al. [6]. While some of our
of concurrent unicast streams when using either real trace or syn-findings overlap with their study, our focus is toodel the user
thetic trace in evaluation. We observe that the two curves closely activitiesbased on the measurement study dadign a workload
match. Both curves show that for around 4% of time there is no generator which can be used to evaluate different aspects of IPTV
unicast stream in the system; with a small probability, there can system design and performance with respect to realistic user work-
be demand for more than 80 concurrent unicast streams, with theload. In our earlier work [15], we extensively study one aspect of
maximum being 128 in both cases; and interestingly there are two IPTV system: channel popularity. In this paper, we model a wider
local peaks (at 10 and 60) in both distribution functions, the second range of aspects of user activities, and design a workload generator.
of which may relate to the correlated channel switchings at hour Smith [17] analyzed bandwidth demand to support both multicast

boundaries. This result demonstrates that8 WATCH faithfully and unicast for fast channel change, where channel switching is
preserves the intrinsic characteristics of user activities that are es-modeled as a renewal process. However, the work is not based on
sential to our evaluation. actual traces, and such a study can benefit from our workload model

We also examine the number of channels that tRe$87 STBs and trace generator. Whereas our work focuses on IPTV services

collectively request. This value translates to the amount of multi- running on top of a provider backbone, there are a number of peer-
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compared access patterns of different types of media content on Almeida, and Berthier A. Ribeiro-Neto. Analyzing client
the Internet including Web, P2P, VoD, and live streaming. These interactivity in streaming media. MWW 2004.
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2008.
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Our future work includes several extensions to our current
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