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Abstract 

The generation of realistic inreractive synthetic stream- 
ing media workloads is of great importance for the effec- 
tive evaluarion of alternative media distribution techniques. 
This paperfills U gap IeJ bv previous studies and proposes a 
hierarchical model that captures key aspects of media user 
behavior and workloads, in particular, interactivily and het- 
erogeneity, If  also introduces GENIUS, a highlyflexible and 
reaListic streuniing media workload generator that imple- 
ments the proposed model and is parameterized with results 
fiom an extensive characterization ?fa rich set of real me- 
dia workloads. Preliminary experiments show that our gen- 
eraior acciirately capturex workload aspects of k q  impact 
tQ system yetjormance, 

1 Introduction 

In order to design efficient, scalable and cost-effective 
applications, it i s  essential to evaluate alternative algorithms 
and protocols with a variety of different workloads. These 
workloads should be representative of the typical behavior 
expected for future application users so that the results can 
be extended to real situations. Real workloads describing 
the past use of similar applications can be used to achieve 
this purpose. However, public access to such workloads is 
not always easy and the generated results may be too spe- 
cific. Altematively, one can use synthetic workloads, which 
are more generic and flexible. However, the effectiveness 
of this strategy depends on the existence of a realistic syn- 
thetic workload generator, which captures the characteris- 
tics of typical user behavior that are the most relevant and 
have the strongest impact on the application. 

In the particular case of streaming media (i.e., video and 
audio) distribution, the increasing popularity of several dis- 
tance education and entertainment services [ 1,2,3,4,5] has 
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motivated the development of efficient media distribution 
techniques, such as the scalable multicast-based streaming 
protocols which guarantee significant bandwidth savings 
[ 15, 181. These methods have been analyzed mostly for ho- 
mogeneous (synthetic) workloads assuming user accesses 
to the whole file (sequential file access). 

However, recent studies revealed that the workloads of 
several real streaming media services can be very heteroge- 
neous and interactive [7,8, 12, 13, 14, 17, 21, 231. Typical 
users of educational and entertainment video services of- 
ten interrupt the playback, pausing, jumping backwards or 
forwards to avoid or review a specific portion of the video 
[X, 13, 14, 211. Thus, the typical behavior of these users 
can be very complex and, certainly, very different from the 
sequential file access, a key assumption in the design and 
evaluation of several previous streaming mechanisms. Fur- 
thermore, there are indications in the literature that the scal- 
ability of several media delivery protocols degrades signif- 
icantly with interactive workloads [8, 131. Therefore, the 
generation of realistic synthetic streaming media workloads 
becomes imperative for the re-evaluation of existing stream- 
ing techniques as well as for the proposal of new optimiza- 
tions for realistic scenarios. This is not a trivial task, and 
should be driven by a deep understanding of the typical be- 
havior of real media users, which, in turn, can be obtained 
from the characterization of different renl media workloads. 

There are several streaming media workload characteri- 
zation studies in the literature [7, 8, 12, 13, 17, 21,23, 241. 
Although collectively they cover a large variety of different 
characteristics, most of them focus on a few specific work- 
load parameters or analyze only a restrict set of workloads 
of the same type (educational). Thus, the results obtained 
may be too specific. Therefore, the only streaming me- 
dia workload generators we are aware of, GISMO 1191 and 
MediSyn [23], are very limited. GISMO [19] is based on 
the knowledge obtained from the previous characterizations 
and includes only restricted forms of interactivity. MediSyn 
1231, based on the characterization of two real educational 
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workloads, emphasizes the long term behavior of network 
services. The only aspect of user interactivity considered is 
access to file prefixes. 

Our recent workload characterization of popular stream- 
ing media services is one of the most complete studies in 
the literature [ 141. By analyzing workloads of three differ- 
ent types, namely, educational video, entertainment video, 
and entertainment audio, we were able to identify similar- 
ities and differences of the typical interactive behavior of 
users of these media services. 

Based on the results presented in [ 141, this work fills a 
gap left by previous work and presents a new model of user 
behavior for streaming media services, which emphasizes 
interactivity and heterogeneity and captures characteristics 
with relevant impact on system performance. The behav- 
ior model is based on user sessions, which are sequences of 
interactive requests from the same user to the same object. 
I t  also identifies a number of components, such as number, 
type (pause, jump forwards, jump backwards, etc) and du- 
ration of interactive requests, which define the behavior of 
a user within a session. The model allows the categoriza- 
tion of objects into several media classes, defined by the 
type and duration of the file, which can be used to capture 
heterogeneous behavioral patterns. 

The proposed model drives the implementation of GE- 
N I U S  (GENerator of Interactive User media Sessions), a 
new generator of realistic synthetic media workloads. The 
generator uses as input the statistical characteristics of the 
desired workload. Three configuration templates are pro- 
vided based on the results obtained in our previous charac- 
terization of real educational, entertainment video and en- 
tertainment audio workloads [ 141. Each template defines 

. a number of object classes, characterized by a size inter- 
val, as observed in [14]. The statistical distributions of each 
behavior component, identified in the proposed model, are 
provided separately for each class (based on results from 
[ 141). GENIUS is highly modular and flexible allowing the 
combination of existing templates and the addition of new 
templates. It also receives as input the number of media ob- 
jects in each class, as well as the duration and the intensity 
(session arrival rate) of the workload to be generated. 

As output, G E N I U S  produces a synthetic access log, sim- 
ilar to existing media server access logs, describing each 
session and the interactive requests within it. The synthetic 
logs can then be used as input to trace-based simulations as 
well as real experiments, allowing the realistic evaluation of 
alternative algorithms for streaming media distribution. 

The key contributions of this paper are: 

A general user behavior model for streaming media ac- 
cess that captures relevant aspects of user interactivity 
and heterogeneity. 

GENIUS, a realistic streaming media workload gener- 

ator that implements the proposed model. 

0 The parameterization of GENIUS with the statistical 
distributions observed in real workloads of three dif- 
ferent types of media applications (educational, enter- 
tainment video and entertainment audio). 

A preliminary evaluation of G E N I U S  showing that it 
captures aspects of real workloads which are key to the 
performance of different media delivery techniques. 

The remaining of this paper is organized as follows. Sec- 
tion 2 discusses related work. Section 3 describes the pro- 
posed user behavior model. The implementation of the syn- 
thetic workload generator is described in section 4. Results 
of a preliminary evaluation are presented in section 5. Fi- 
nally, conclusions and future work are offered in section 6. 

2 Related Work 
The generation of realistic synthetic workloads should 

be based on a deep understanding of typical user behav- 
ior, obtained through an extensive characterization of real 
workloads. Despite a large number of streaming media 
workload characterizations [7, 8, 12, 13, 17, 21, 23, 241, 
the knowledge available in the literature is still limited, 
since most of them either evaluate only a few workload 
aspects, such as request arrival process and file popularity 
f7, 131, or are restricted to only one workload type (educa- 
tional) [X, 12, 17,2L, 231. One of the most complete stud- 
ies presents an extensive characterization of three types of 
streaming media workloads, namely, educational, entertain- 
ment video and entertainment audio, focusing specifically 
on aspects related to user interactivity [14]. This paper in- 
troduces a new synthetic workload generator that explores 
the aspects analyzed in that study. 

We are aware of only two streaming media workload 
generators: MediSyn and GisMO. MediSyn [23] empha- 
sizes the long-term behavior of streaming services, model- 
ing, in addition to the traditional aspects such as object and 
session duration, the introduction of new objects and the 
long term variation of object popularity. Since MediSyn i s  
based on the characterization of real workloads of two edu- 
cational servers of a large corporation, it is limited to only 
this type of workload. Furthermore, the only aspect of user 
interactivity considered is user access to file prefixes. Ac- 
cess via markers, observed in [S, 141, is not modeled. 

GISMO [19] is based on a compilation of several pre- 
vious workload characterizations. It implements a hierar- 
chical model of user sessions that includes several work- 
load aspects such as file popularity, temporal correlation 
of requests, session and interactive request duration (within 
each session). However, i t  does not model the time interval 
between consecutive interactions (user think time or OFF 
time) and some types of interactive actions (pauses). In 
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contrast, G E N I U S  is more complete than both existing gen- 
erators, producing educational, entertainment (audio and 
video) as well as heterogeneous interactive workloads. 

There are also many worktoad generators and bench- 
marks for traditionai Web content (i.e., HTML files and im- 
ages) in the literature [6, 9, 201. However, these tools do 
not model specific aspects of streaming workloads, such as 
bandwidth requirements and interactive access. Thus, they 
are not suitable for generating realistic media workloads. 

3 Streaming Media User Behavior Model 
This section introduces the streaming media user behav- 

ior model that drives the design of GENIUS, our new syn- 
thetic workload generator. Section 3.1 identifies key corn- 
ponents that define typical user behavior. Section 3.2 de- 
scribes the model proposed to capture the essential aspects 
of this behavior. 

3.1 Typical User Behavior 

The typical behavior of a streaming media user can be 
quite complex, especially given the possibility o f  interac- 
tive accesses. In general one might expect that an user starts 
a session on a server by choosing the object that heishe 
wishes to retrieve. Depending on the interface, the user 
may also select the start position of the playout. Each ses- 
sion is composed of a number of consecutive interactive re- 
quests, issued by the user, separated by OFF periods (user 
think time). Each request has a duration and finishes with 
an action by the user, i.e., a pause, a jump, a fast for- 
ward, a rewind, or the termination of the session. In case 
of jumps, either forwards or backwards, an amount of me- 
dia is skipped in either direction. In case of fast forwards 
or rewinds, the segment of media requested is played at a 
faster rate than the playback rate. 

In summary, the user behavior within a session can be 
defined by the following key components: 

Object Popularity: number of user sessions issued to a 
media object. 

User Session Arrival Process: describes the arrival of new 
user sessions, where each session is a sequence of interac- 
tive requests to the same object. 

Session Start Position: position, in the requested object, of 
the first request within a session. Unlike the models used in 
119,231, which assume a session always starts at the begin- 
ning of the object, real user sessions may staft at arbitrary 
points of the object, as previously observed for educational 
videos with markers available for user direct access to dif- 
ferent sections of each lecture [8, 141 

Number of Interactive Requests: number of requests sent 
by a user to the same object within a session. 

ON Time: amount of media (in seconds) requested during 
an interactive request. 
OFF Time: time interval between two consecutive user in- 
teractive requests. The OFF time starts with an interactive 
action (e.g., a pause) and lasts until, the playback of the ob- 
ject is restarted by a new request. 
Interactive Actions: characterize a change on the normal 
A ow of playout. User interactive actions are: pause, jump 
forwards, jump backwards, fast forwards and rewinds. In 
case of fast forwards or rewinds, the following request is 
played at a rate k (e.g., k-5) times the normal playback rate. 
This component specifies the frequency of each type of ac- 
tion as well as the dependency between consecutive actions. 
Jump Distance: measures the amount of media skipped (in 
seconds) during a jump. A pause generates a distance equal 
to zero. A jump forwards (backwards) action corresponds 
to a positive (negative) jump distance. 

Each component has a potentially strong impact on some 
aspect of a streaming media application. For instance, the 
statistical distribution of media object popularity typically 
follows a non-uniform pattern modeled by one or two Zipf- 
like distributions [25] in several previous characterization 
studies [7, 8 ,  12, 13, 14, 23, 241. The existence of a small 
number of very popular objects, typical of these distribu- 
tions, guarantees the effectiveness of replication strategies 
[ 1 I ] ,  Small session interarrival times and/or long ON times 
imply a greater demand for server resources and can im- 
pact average client response time. The frequency of sev- 
eral types of interactions and the distributions of jump dis- 
tances and OFF times, jointly, can affect the scalability of 
delivery protocols based on stream sharing among multiple 
clients [ 15, 181, since an interaction interrupts the transmis- 
sion flow to the user that issued it, Iimiting thus, the pos- 
sibility of sharing [S, 131. Finally, the distribution of jump 
distances reflects spatial locality of references, and is useful 
for buffer sizing in prefetching strategies 1141. 

3.2 Streaming Media Access Model 

We propose a new streaming media user behavior model 
which is based on the components identified in the previous 
subsection. It emphasizes interactivity and heterogeneity, 
capturing relevant aspects that were previously ignored but 
have impact on system performance. The proposed model 
is hierarchical, containing at the higher level, a set of user 
sessions, each of which consisting of a sequence of interac- 
tive requests from the same user to the same object. 

The media objects are grouped into classes in order to 
capture workload heterogeneity. These classes are defined 
based on the content type and/or media size. As shown in 
[S, 141, user behavior may vary along these two dimensions. 
Typically, user sessions to short objects contain a single re- 
quest for the whole file, whereas sessions to longer videos 
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‘session arrival timc 

Figure 1: New Heterogeneous and Interactive User Behavior Model for Streaming Media Access 

contain several interactions. Furthermore, video users, es- 
pecially for educational content, are much more interactive 
than audio users. Generalizing, object classes can be de- 
fined based on any characteristic that may impact typical 
user behavior (e.g., object bitrate). 

Figure 1 shows the components of the proposed model. 
The statistical characteristics of user behavior, modeled 
through these components, are defined separately for each 
object class. The model is general and flexible, as it does 
not have any restriction on behavior patterns. By defining 
the object classes and characterizing each model component 
appropriately, one can use it to represent different and het- 
erogeneous workloads. 

A key assumption of our model is statistical indepen- 
dence between different components. In other words, the 
model does not include correlation between different com- 
ponents. The only dependency modeled is the one be- 
tween two consecutive user interactive actions, as analyzed 
in 1\41, We chose to experiment first with a simpler model 

, hoping it might lead to reasonable approximation of real 
user behavior. As future work, we intend to use other mod- 
eling techniques such as Markov Chains {lo] and Data Min- 
ing [ 161 for capturing possible connections between other 
model components. We also plan to extend the model to 
include objects with variable bitrate (VBR). To do so, we 
will perform a characterization of real VBR objects since 
VBR characteristics are not explicitly logged by traditional 
streaming media servers. 

Note that, unlike MediSyn [23f, the proposed model re- 
flects the short term behavior of media services, during peri- 
ods that the workload parameters remain statistically stable. 
The evaluation of streaming media applications with syn- 
thetic workloads generated by our model, the ultimate goal 
of this work, must, thus, include experiments with varied 

GISMO [i9] is also based on a hierarchical model. How- 
ever, it does not include several aspects of interactivity 
treated in our model, such as OFF time, some types of in- 
teractive actions (pause), and the dependency between con- 
secutive user actions. Moreover, it does not model object 
classes, generating statistically homogeneous workloads. 

’ workloads representing different periods, 

4 Streaming Media Workload Generator 

This section introduces GENIUS, a GENerator of Inter- 
active User media Sessions, which, driven by the user be- 
havior model described in the previous section, creates real- 
istic streaming media workloads. Section 4.1 describes the 
generator, its inputs and outputs. Section 4.2 presents the 
parametrization of GENIUS with the results from an exten- 
sive characterization of real media workload [ 141. 

4.1 Overview of GENIUS 

In order to implement the user behavior model described 
in section 3, G E N ~ U S  requires the following inputs: 

Workload Configuration File: describes the statistical 
characteristics of each object class in the target workload. 
Each object class is defined by a class identifier, by intervals 
delimiting the duration (in seconds) and the average bitrate 
of its objects, and by the fractions of objects and user ses- . 

sions that fail within it. The duration and bitrate of each ob- 
ject are generateduniformly in the given intervals. The con- 
figuration fife also describes, for each objects class, the sta- 
tistical distributions and corresponding parameters for each 
component of the behavior model. Three template files, de- 
scribed in section 4.2, are built with the distributions ob- 
served in the real workloads analyzed in [14]. Users may 
create new templates form new workload characterizations, 
modify an existing template by altering the distribution of 
a specific component, or mix nmltiple templates generating 
even more heterogeneous workloads. 

Total Number of Objects: defines the total number of dis- 
tinct objects in the target workload. The generator uses the 
fraction of objects in each cIass, specified in the configum- 
tion file, to assign objects to different classes. Each object 
receives a unique identifier in the generated workload. As 
future work, we plan to allow users to provide existing me- 
dia objects directly as input. 

Workload Duration: specifies the total duration of the tar- 
get workload (e.g,, 2 hours). 
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Workload Intensity: specifies the rate at which new user 
sessions are generated (e.g., 10 sessions per hour). By de- 
fault the generator produces new sessions following a Pois- 
son process (as observed in some real workloads 18, 141) 
with the parameter given by this input. Similar to the num- 
ber of objects, users should provide the aggregate rate as 
well as the fractions o f  sessions assigned to each object 
class (in the configuration file). Note that non-Poisson ses- 
sion arrivals have also been observed in some real work- 
loads IS, 141. Different session arrival processes can be di- 
rectly specified in the workload configuration file. Varying 
load intensities can be achieved by changing the distribution 
parameters directly on that file. 

GENIUS algorithm i s  as follows. First, the generator pa- 
rameters are loaded (template file, number of objects, work- 
load duration and intensity). Then, for each object class on 
the selected template the sessions are generated. For each 
new session, G E N I U S  uses the statistical distributions pro- 
vided in the configuration file together with the other input 
parameters to generate each behavior component. Finatly, 
the arrival time of the following session for an object in the 
same class is selected. The generator stops when the arrival 
time of the following session exceeds the workload duration 
specified as input. 

The generator produces two output files: a session de- 
scription f i le and an object description file. This session 
description fik is structured by user sessions. Each session 
has a header with the requested object identifier, the session 
start time (in seconds, from the workload start] and the num- 
ber of interactive requests. The header is followed by a se- 
quence of lines, each identifying a singIe interactive request 
with the start time, the object identifier, the start position 
within the object, the request duration and the type of the 
interaction that caused the playout interruption. This ses- 
sion description file corresponds to the access logs created 
by traditional streaming media servers. An output example 
with two sessions, one with three interactive requests and 
the other with only one request, is presented bellow: 

# object-id:  28 1 time: 34344 1 nreqs: 3 
34344 za  o 24 PAUSE 
34372  28 2 4  22 JUMP-FORWARD 
34407  28  5 9  947 STOP 
4' object-id: '18 1 time: 34352 1 nreqs: 1 
34352 i a  o 253 STOP 

The object description f i le has one line for each object in 
the generated workload, containing the object identifier, the 
object duration (in seconds), the object size (in bytes) and 
the object average bitrate (in Kbps). 

These two output files can be used directly as inputs to 
trace-driven simulation of several streaming media applica- 
tions. Note that  G E N I U S  does not create real media files, 
which could restrict its use in real experiments. However, 

we point out that one could carelidly define object classes 
that more accurately represent a set of teal existing me- 
dia objects. The synthetic logs created by GENIUS using 
these cIasses should be processed to map the object identi- 
fiers into the corresponding real media files. This log could 
be used in real experiments, generating synthetic realistic 
workloads to evaluate real applications. Alternatively, one 
could also generate bogus files fiom the object description 
created by the generator. These files are not real media ob- 
jects, but have appropriate space and average bandwidth re- 
quirements and thus could be used to evaluate average net- 
work and server resource requirements €or several real ap- 
plications. As future work, we plan to extend GENIUS to 
allow usms to provide real media objects as input. 

4.2 Parameterizing GENIUS 

To facilitate the use of GENIUS, we built three workload 
configuration files with the results from an extensive char- 
acterization of real workloads faIling into three different do- 
mains: educational video content, entertainment video con- 
tent and entertainment audio content [ 141. These three basic 
templates can be used to generate a rich set of heteroge- 
neous workloads. 

For instance, in order to generate workloads that pre- 
serve the characteristics of the original real workload, one 
should use the template that corresponds to the desired 
workload as input to GENIUS. Alternatively, one could gen- 
erate different workloads to evaluate the impact of specific 
components such as higher session arrival rates or differ- 
ent frequencies of each type of interactive action in a given 
class, maintaining other components in conformity with the 
real worktoad used to create the template. Finally, one could 
also merge multiple templates to create even more hetero- 
geneous workloads, by concatenating the selected templates 
into a unique configuration file and adjusting the fractions 
of objects and sessions in each class appropriately. 

A brief description of the three basic templates, namely 
ediicational video, entertuinmenf video and entertainment 
audio, is presented next. Table 1 summarizes the statisti- 
cal distributions used for some model components. More 
details can be found in [14]. 

Educational Video: This template is based on the work- 
load characterization of eTeach [2]* an educational media 
server in operation at a major university in the United States. 
The objects have duration between 5 (short announcements) 
and 55 minutes (lectures) and bitrates in the 300-350Kbps 
range. As described in [ 141, the session arrival process as 
well as the distribution of ON times depend on the object 
size. WeibulI and Lognormal are the best fit for session ar- 
rival pracesses more commonly observed for different size 
ranges. Regarding the ON times, a Weibull distribution is 
the best fit for large objects, whereas a heavy-tailed Pareto 
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Model Component 
Session Arrival Process 

ON Time 
OFF Time 

Object PopuIarity 

Educational Video Entertainment Video Entertainment Audio 
WeibulvLognormal Exponential ExponentialPareto 

WeibuWPareto WeibulVPareto Pareto 
Weibull Weibuil Weibull 

Two Zipfs One Zipf Two Zipfs 

Fig. 2: CDF of ON Times Fig. 3: Segmen! Popularify 
(Educational Workload) (Entertainment Workload) 

distribution is a better model for short objects, typically ac- 
cessed entirely. 

Users of the eTeach videos are very interactive. A sig- 
nificant number of sessions, especially to large objects, start 
at arbitrary object positions in the video. Moreover, the 
number of interactive requests within each session increases 
with the object size. Pause is the most common interac- 
tion, but jump forwards and backwards are also observed in 
sessions to long objects. Finally, the session requests have 
strong spatial locality, with average jump distance under 45 
seconds, in most cases. 

Fig. 4 User interactive Patferns 
(Educational WorWoad) 

5 Evaluation 
This section performs a preIiminary evaluation of GE- 

NIUS. Section 5.1 compares some characteristics of the syn- 
thetic workloads generated using our templates with those 
observed in real workloads [ 141. Section 5.2 compares real 
and corresponding synthetic workloads regarding their im- 
pact on two popular media delivery techniques. 

5.1 Preliminary Validation 

This section compares some characteristics of the syn- 
thetic workloads generated by GENIUS with those observed 

L 

in the corresponding rea1 workIoads. Figure 2 shows the 
best fitted distribution IWeibull) ofON times as 
a fraction of object duration;) observed for eTeach &ca- 
tional videos in the 30-40 minute r a n ~ e  [141. It also shows 
that the agreement with the distribution of the ON times 
generated using the 

We also compare both real and synthetic workloads us- 
ing indirecl metrics, which result from the collective be- 
havior of several model components. Figure 3 shows the 
distribution of segment popularity for an audio object in the 

Entertainment Video: This template is based on the work- 
laad characterization of TVWOL. [41, an entertairm-e" ser- 
vice in operation at Universu Online, a major content and 
service provider in Latin America. It contains mainly short 
videos (i.e., commercials, news, interviews), with duration 
under 5 minutes, and with average bitrate under 25OKbps. 
Interactive behavior of TVNOL users is qualitatively sim- 
ilar to eTeach users (see above), but with lower intensity. 
Oniy 15% of sessions have more than one request.. 

template is very good. 

Entertainment Audio: This template is based on the 
workload analysis of two online radios, one of which is 
RzkiiollJOL [SI, also provided by Universo Online. In 
this template, the vast majority of the objects (music files) 
are under 5 minutes and encoded at low bitrates (under 
SOKbps). As discussed in 1141, entertainment audio users 
are not very interactive. Almost all sessians start at the be- 
ginning of the file and have only one interactive request, 
either for a prefix or for the whole file. 

RAdioNOL workload and in the synthetic workload gen- 
erated from the entertainment audio template. Note that 
GENIUS is able to accurately capture this workload aspect, 
which is key to the design of replication strategies for inter- 
active workloads, even though it is not directly represented 
in the behavior model. 

Figure 4 shows typical interactive behavior patterns ob- 
served in the real and synthetic educational video work- 
loads. It shows the start and end positions of each request to 
a given object. The synthetic workload (Fig. 4-b) captures 
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Workload/ Object Avg. Server Bandwidth 
(Template) Period Popularity (# streams) 

Rank Real I Synth 1 Error(%) 

Table 3: RIO Disk Placement: Synthetic vs. Real Workloads 

Peak Server Bandwidth 
(# streams) 

Real I Synth I Error(%) 

the highly interactive client behavior observed in the corre- 
sponding real workload (Fig. 4-a), with accesses to small 
fractions of the object, starting at different positions, Sim- 
ilar accuracy was obtained for other workload aspects but 
are omitted due to space constraints. 

5.2 Case Studies 

Workload/ Object Avg. Sewer Bandwidth 
(Template) Period Popularity (# streams) 

Rank Real Synth Error(%) 
eTeach Sep 27,2000 : 1 OAM-4PM 1 1.52 1.26 -17 

Radio/UOL Jan 15,2002 : 2PM-5PM 2"" 1.77 1.71 -4 

(Educ. Video) Sep 26,2000 : 12PM-6PM 2nd 1.00 0.90 - 10 
Sep 12,2000 : 6AM-2PM 3rd 0.21 0.13 -38 

(Entert. Audio) Jan 15.2002 * 7PM-1OPM 1 st 2.6 2.92 12 

This section evaluates the accuracy of GENIUS in captur- 
ing the impact of user behavior on two popular media dis- 
tribution techniques: The Bandwidth Skimming protocol, 
which uses multicast to share a single stream to multipie 
users, thus reducing bandwidth requirements [ 151, and the 
randomized 110 (Rio) disk placement layout, which spreads 
file blocks randomly across sewer disks for maximizing 
bandwidth usage [22]. Through simulation, we evaluate the 
bandwidth requirements of each mechanism for different 
real workloads and compare them with the demands when 
the corresponding synthetic workloads are used as input. 

Table 2 shows average and peak server bandwidth, in 
number of streams, required for serving the real and syn- 
thetic requests to a number of different objects. We experi- 
mented with real objects of different popuiarity rank on dif- 
ferent periods of stable arrival rate in all three real work- 
loads (eTeach, TVNOL and RadioRJOL). Table 3 shows 
similar measures for disk bandwidth if the server has 4 
disks and RIO disk placement is used with a block size 
equal to 256 KBytes. In both cases, the corresponding syn- 
thetic workloads were created using the appropriate tem- 
plates, fixing object size and bitrate at the real values for 

Peak Server Bandwidth 
(# streams) 

Real Synth Error(%) 
4.0 3.8 -5 
3.0 2.5 -8 
1.1 1.3 I8 
3.9 3.9 1 
6 0 6.2 5 

the selected real object and the workload intensity equal to 
the session arrival rate observed in the selected period. Due 
to space constraints, we show only some of the most rep- 
resentative results. Note that the error in the estimate of 
average and peak bandwidth requirements of the synthetic 
workloads is relatively small in the cases shown, especially 
given the number of different workload aspects considered 
in our model and the simplifying assumption of indepen- 
dence among components. 

In a few cases (omitted due to space constraints), the 
error was higher (around 50-60%). We speculate that the 
poorer accuracy may be the result of a more variable work- 
load, in which case the accuracy of the characterization it- 
self is not as high as in the others scenarios. Altematively, 
it might be that the assumption of statistical independence 
between different model components is less reasonable in 
these scenarios. We intend to look hrther into those cases 
to improve the accuracy of our generator. We also plan to 
evaluate GENIUS not only by comparing its absolute accu- 
racy (i.e., comparing bandwidth requirements for real and 
corresponding synthetic workloads) but also by evaluating 
how accurately it is able to reproduce the performance gaps 
behveen altemative media distributions mechanisms (e.g., 
alternative scalable streaming protocois [15, 181). 

6 Conclusions and Future Work 

This work presents a streaming media user behavior 
model that focuses on interactivity and heterogeneity. It 
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also introduces GENIUS, a realistic streaming media work- 
load generator, that implements the proposed model and is 
parameterized with results of an extensive characterization 
of real educationat and entertainment workloads. A prelim- 
inary evaluation shows that GENIUS captures aspects ofreal 
workloads with impact un media distribution techniques. 

Directions for future work include characterizing new 
workloads and developing new templates, extending the 
model and G E N I U S  to include possible correlations between 
different model components and VBR objects, and further 
validating and experimenting with GENIUS, including a 
quantitative comparison with previous generators. 
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