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Multimedia data management has been thoroughly studied in the nondistributed multimedia
environment. The data management in this environment focuses on device level data dlocation and
management. In this paper, We discuss the server level data dlocaion problems in the distributed
multimedia systems, especially in the distributed Video-on-Demand systems. We proposed two data
alocation agorithms, Bandwidth Weighted Partition (BWP) agorithm and Popularity Based (PB)
algorithm, based on the bandwidth and storage cpadty limits of the distributed multimedia servers.
We compare those two algorithms with the traditional Round Robin (RR) data dlocation algorithm.
The analysis and simulation studies iow that PB agorithm is a smple and pradicd video data
alocation algorithm for the distributed video servers. It provides near optimal system performance in
any system condtions. We have dso developed a video data dlocaion tool for Video-on-Demand
systems based on BP agorithm.
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1. Introduction

Technologies have dways played an important role in the development of multimedia
systems. Recent advances in workstation architecture, high-speed networking, high-speed
modem and storage techna ogies have set the foundation of delivering the streaming mediato
the ordinary families. Together with the improvement in hardware technologies, advancesin
software technologies, such as data compresgon algorithm, Internet browser and streaming
media player, have brough the Video-On-Demand (VOD) from concept to reality. On the
other hand, the rapid growth of the Internet and WWW has driven the technology industry
into a new arena in which web hosting and content hosting have become very popular
multimedia gplicaions. Many companies operate several distributed data centers where the
other companies Web servers and Web contents are hosted. To succedl in this rising
industry, one of the key factors is to efficiently manage the network bandwidth and storage
capacity among those distributed multimedia servers.

Most of recent reseach studies have focused on multimedia servers in non-distributed
environment. Because two most important feaures of multimedia data ae the large storage
and bandwidth requirements, multimedia data management strategies have taken the center
stagein those studies. Most of these works deal with storage management and data dlocation
among various dorage devices in a non-distributed environment. Some of them have
investigated the storage management techniques in the hierarchica storage systems [Wang
(1996), Wang (1997A), Triantafillou (1997), Christodoulakis (1997), Kraiss (1997)]. The
others have focused on the data management techniques in the disk-array-based storage
systems [Wang (1997B), Chua (1996), Berson (1994), Berson (1995)]. Although there ae a
few studies discussing the data dlocation isaues in the distributed multimedia environment



[Brubedk (1996), Gafsi (1999)], those works have focused on how to manage the multimedia
data among the diff erent storage devices. The objedive of those data management schemesis
to efficiently manage the multimedia data among different storage devices in the storage
system, in order to provide smaller user request latency and larger system throughpt. We
categorize thase data management schemes as device level data management. The principle
of the devicelevel data management is to allow the most frequently requested data accessed
through the online devices and migrate the data in the nea-line/off-line devices into online
devices asfast as possble.

In this dudy, we examine the problems assciated with the data alocation among the
distributed multiple video servers located in dfferent geographical locaions acdossa WAN
environment. This environment is different from that of the dustering servers where dl
servers are located in the same location and are sharing the network bandwidth. We trea
those clustering servers as a single server in owr distributed environment. Instead of
investigating the device level data management, we discuss the server level data management.
At the server level, we only see the online multimedia data that are ready to be delivered to
the dients when requests arrive. How to make the data online is the problem of the device
level data management. We analyze the impact of the online multimedia data dlocation
among the distributed servers to the system performance in terms of the average request
latencies. We discuss three online video data dlocation algorithms and compare their
performance using ssimulation studies. The purpose of this reseach is to find the best data
alocation algorithm for avideo data dlocation tool used by distributed VOD systems.

The rest of the paper is organized as follows. We discuss the distributed multimedia
environment in sedion 2and raise the problems with the data dlocaion pdicies. In section
3, the distributed multimedia data all ocation algorithms are proposed and dscussed in details.
The advantages and dsadvantages of each algorithm are dso addressd in this sction. In
section 4, we use simulation to model the distributed VOD servers and compare the proposed
algorithms based on the system performance in terms of the average user request latency. We
conclude our current study and dscuss the future work in sedion 5 We give the
acknowledgement in section 6.

2. Distributed Multimedia Environment

A distributed multimedia service ewironment consists of multiple multimedia servers locaed
in different data centers across various geographical locations. Of course, there ae many
reasons for having such a distributed multimedia service environment. Those reasonsinclude
reliability of the services, geographical demands and company strategies. Figure 1 depictsthe
typical distributed multimedia enwvironment. The data servers gore dl the multimedia data.
The web servers or presentation servers present the data to the end user’s workstations. For
the streaming media services, such as Video-on-Demand, the presentation servers conned the
user’'s workstations to the data servers and allow the data servers to deliver the streaming
media to the user’ s workstations throughthe established channels. The storage devicesin the
data servers consist of online storage devices, such as disk-array or disk farm, and df-line or
nea-line storage devices, such as tape libraries and DVD jukeboxes.

Besides the problems in the non-distributed environment, there are many challenges in the
distributed environment. For instance, the presentation o the distributed multimedia data
requires additional synchronization and scheduling. There ae many outstanding studies
deding with this isue [Jarmasz (1997), Mielke (1999), Song (1999)]. In some cases, the
presentation server needs to retrieve the multimedia data from the distributed data servers,
then composite them and deliver the data to the user’ s workstations [Hwang (1998)]. In the



other cases, such as greaming media services, the presentation server needs to connect the
user’s workstation to the distributed data servers and manage the streaming channels between
the workstations and the data servers. As in the non-distributed environment, data dlocation,
retrieval and delivery are most important problems in the distributed multimedia environment
[Jarmasz (1997), Hwang (1998), Mielke (1999), Song (1999), Billot (1997), Candan (1999),
Luling (1999)]. In this gudy, we focus on the distributed data dlocation problem and
investigate the impact of the online data alocation to the system performance in the
distributed environment. We find that the storage system capacity is nat the sole factor used
to determine the data dlocation pdicy for the distributed video servers. There are some other
important factors such as server bandwidth and dhita acess pattern. Our data dlocation
algorithms include all those factors into consideration.
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Figure 1. Distributed Multimedia Environment

In our agorithms, there are two very important fadors need to be examined for designing the
data dlocation algorithms in the distributed Video-On-Demand environment. One factor is
the online storage capacities of the video servers. The online storage capacity determines
how much data the server can provide that are ready to be delivered without device level
delays caused by migration. The other factor is the eff ective bandwidths of the video servers.
The effective bandwidth of the server is dedded by many fadors. They are I/O bandwidth,
network bandwidth, system bus bandwidth, etc. The server I/O bandwidth is the redlized (by
outsider) bandwidth of the storage devicesin this srver. The network bandwidth is the sum
of the bandwidths of the network devices in this srver. We must note that the effective
bandwidth o the server are nat necessarily the total advertised network bandwidth of the
network devices or the total advertised I/O bandwidth of the storage devices in the server.
For example, if the serversin a data enter share alimited fiber network bandwidth which is
less than the total advertised bandwidths of the network devices in the data center, the
effective bandwidth for each server will be determined by the network traffic of the data
center and some other factors. Those other factors include hardware conditions of the servers,
the operating systems in the servers, and efficiency of the application software running on the
servers. We simply call the effedive bandwidth of a server as the server bandwidth. The
server bandwidth can be obtained throughexperiment.

For convenience of the discusson, we model the distributed multimedia system in Figure 2.
We present each server with a server bandwidth B and an orline storage apacity C. Server
i can be represented as (Bi,Ci). Given a set of video objects {Vl, V2,--- ,vm}, the god of the
distributed multimedia data all ocation algorithm is to distribute the objects across the servers
(Bl, Cl), (Bz,Cz),---,(Bn,Cn), in order to achieve the best system performance. Usually we
have n << m. We discuss the data all ocation algorithmsin the following sections.
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Figure 2. Modd of the distributed multimedia system

3. DataAllocation Algorithmsfor Distributed Video Servers

Besides the server bandwidth and storage capacity, the video data set itself is the most
important factor in deciding the data all ocation agorithms. For each video object v;, there are
two attributes contributing to the data alocation agorithm. One is the video object size. It
determines how much server storage capacity this video object will take. The other isthe user
request frequency of the video object determining the number of concurrent streams accessing
this video object. This in turn determines the server bandwidth requirement for the object.
Given a set of video objects, the user access frequencies to the video objects are drastically
different. In the survey conducted by [Dan (1994)] showed that the access pattern to the
videos in a video renting store follows a zipf-like function with z = 0.273. That means the
user access to video objects is severely skewed. A few video objects contribute most of the
user reguests to the video object database. The minorities of video objects are very hot and
attract the most attention, while the majority of the video objects are cold and only get scarce
requests. The goal of the video alocation algorithm is to distribute the video objects to the
video servers so that the respective servers can handle the user requests with minimum
request latencies. We discuss the video allocation algorithms in the following subsections.

3.1 Round Robin Allocation Algorithm

We know the user access pattern to the video objects is highly skewed. If we alocate dl the
hot video in one server, this server will have to handle most of the user requests while the
other servers are mostly idle. Obviously thisvideo allocation is not good. Conventionally we
assume that each server has similar process power, i.e., they can handle equa number of
concurrent streams at the same streaming rate. So the task of the video data allocation is to
evenly distribute the hot video objects to the distributed servers so that no one server will
have to handle most of the user requests. Let us assume the video object set is

\ :{V1 V2,---,Vm} and the corresponding user access frequency setis F ={f1, f2,---, fm},
where Z fi =1. Without losing generdlity, we also assume fi1> f2>---> fm. Weassume

the server setis {81 Se,- Sn} with the storage capacities {Cl, Ca,---, Cn}, respectively.

The idea of the Round Robin (RR) algorithm is depicted in Table 1. The actual algorithm
varies dightly from this basic idea because we need to consider the storage capacity of the
servers. Inthe actual agorithm, we first use the Round Robin idea on the entire set of servers.



During the process, if there is a server running out of the storage capacity, we take this server
out of the rotation and continue using the same process on the remaining servers. We assume

the storage requirement for object vi is Cu. Then Cv = Z Cu will be the video database
=1

size. For each server S, if we assume its storage capacity Ci » %‘{ + Max{Cu, Cvz,...,Cun} ,

we @n guarantee the dgorithm succes<ully distribute the entire video database to the video
servers.

Table 1. Round Robin video data allocation

Sl SZ ...... -1 81
Vq Vo | Vn1 Vp
Von Vopr | e Vn+2 Vi1

This agorithm tries to evenly distribute the workloads among the distributed servers. When
those video servers have the same server bandwidth, the Round Robin data dlocation
algorithm yields goad system performance. However, in the real distributed multimedia
systems, the bandwidths of the video servers are different. Usually the newer server has
better system processng paver, higher storage capadty, higher storage I/0 bandwidth and
larger network bandwidth. If we uniformly distribute the workloads among the servers with
different server bandwidths, either we waste the system resources in the servers with higher
server bandwidth or we overload the servers with lower server bandwidths. To solve the
problem, we propose the Bandwidth Weighted Partition (BWP) data dlocation algorithm.

3.2 Bandwidth Weighted Partition Algorithm

Instead of letting a single server handle the user requests for a specified objed, we allow
video servers to coordinate the delivery of the data for a single video olject to the dient’s
workstations. We partition each video olject into the video serversin the way that the servers
with higher server bandwidth will be dlocated with a larger portion of the video data. BWP

algorithm is presented in Table 2. We a&dume the server set is {Sl, Sz,---,&} with the
respective server bandwidths {Bl, Bz,---, Bn}. For the object Vi, we partition its datainto n

. . . B
continuous chunks Vis, Viz,...,Vin Where size(Vi) = size(vi) s ——

. The data partition for

k
k=1

asingle object vi isdepictedin Figure 3.

Table 2. Bandwidth Weighted Partition Algorithm
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Figure 3. Partition the video object

This algorithm partitions the video data based on the server bandwidths. It balances the
server bandwidth utilization very well and hence derives excellent system performance (See
section 4). Our study shows the striping algorithms used in the device level data management



[Berson (1994), Chua (1996), Wang (1997B)] are not feasible in our distributed multimedia
environment. If the presentation server is resporsible for retrieving the data from the data
servers and ddlivering them to the client’ s workstation, the presentation server hasto maintain
N real time mnnedion channelsto n different data servers for each video stream. Then the
presentation server becomes a hot spat.

Although we can use some batching algorithms [Dan (1994), Aggarwal (1996)] to reduce the
number of concurrent streams for each video object, there ae till too many red time
channels in the presentation server for each olject unless the users can tolerant large request
latencies. If the presentation server isonly responsibleto dired the client’ srequest to the data
servers, the dient’s workstation needs to retrieve the data from the servers and processes the
video data itself. Procesdng the video deata at the dient’s workstation is not a problem
considering how powerful the current workstations are. The battleneck of the dient’s
workstation is its limited network bandwidth. Usually those dients are connected to the
Internet through the high-speed modems. It is nat practical to require the client’s workstation
to maintain n real time connectionsto N different data servers. In this case, the workstation
needs to reconnect frequently to the distributed servers; thus the overhead istoo high. Dueto
the above reasons, we do not use the striping techniques in ou data dlocation agorithms.
Actualy, even in the device level data alocaion, the striping techniques do not always
provide better system performance [Reisdein (199)]. Once the technology advances to the
level that there is no network bandwidth bottleneck in the dient’s workstations, the striping
technique may be investigated as an alternative to BWP algorithm.

Although BWP algorithm balances the server bandwidth utilization very well, it has ignored
ancther important factor of data allocation we discussd before. It does not consider the
storage cgpacities of the video servers. To use this agorithm, we reguire the server with
higher server bandwidth to be equipped with larger storage capacity. Inthe devicelevel data
management, we often asaume that the newer hard disks have higher 1/0O bandwidth with
higher storage apacity than the older hard disks because of the technology advances.
Nevertheless this is not aways the same at the server level. The server bandwidth we
discussed here is determined by many factors. Two servers identical in hardware can be
realized with dfferent effective server bandwidth if they are placed in two dfferent data
centers. The general network traffic conditions of thase two data enters are different. The
operating system and the gplication software have impact on the redized server bandwidths.
For example, a typical hard dsk’'s advertised 1/0O bandwidth is 40 MB/Sec. However, the
maximum disk I/O bandwidth in the Microsoft SQL Server under the Windows NT operating
systemisonly 9.6 MB/Sec using the 64-KB transfer size [Lau (1998)]. To solvethe problem,
one solution is to increase the server storage apacity for the higher bandwidth servers. Of
course, thisis not agood idea eonomically if we @n designagood data allocation algorithm
without increasing the hardware. On the other hand, many people don’t want to partition the
video obect across the distributed data servers because it increases the presentation
complexity. The system hasto guaranteethereis no jitter or delay on presentation during the
data server switch. To addressthe problems gated above, we propose the Popularity Based
(PB) data dlocation algorithm in the next subsection.

3.3 Popularity Based Data Allocation Algorithm

A goad data dlocation algorithm for the distributed multimedia systems ghould balance the
server bandwidth uilization of the video servers while maintaining their storage capacity
constraints. If we asume al video objeds have equal size, and the video servers have the
same storage capacity, and the user requests to the video objeds are uniformly distributed,
i.e., dl the video oljects have equal opportunity being requested by the users, then we haveto
put more objects in the higher bandwidth serversto balance the bandwidth utilization. But it



violates the storage constraints on the higher bandwidth servers. Fortunately the user access
to the video objects is highly skewed. That means some video objects are very hot and get
most of the user requests while the rest objects get only afew user requests. The video data
access pattern is also predictable according to study by [Choi (1999)]. For instance, the new
movies are usually hotter than the old ones. Thus the newer video objects have higher user
requests and older video objects have lower user requests. We exploit this video data skew
condition to design our PB agorithm. Asin RR algorithm, we assume the video object set is
V ={w,Vz,---,vm} with the corresponding user access frequencies to the video objects is

m

F={fyf2---, fm} where § fi=1. We also assume the server set is {Sl,Sz,---,S} with
the storage capacities {Cl,CZ,"',Cn} and server bandwidths {Bl, B2,---, Bn}, respectively.
The idea of the PB algorithm is to let the server with higher bandwidth handle larger portion
of the user requests. Without losing generality, we further assume the access to each object
requires equal server bandwidth. To allocate the video objects, we first calculate what
percentage of the total user requests a certain video server may handle based on its server
bandwidth. We transform the server bandwidths {Bl, Ba,---, Bn} into their normalized server
bandwidths { B, Bz,---, Br} where B = E;i . Obviously we have Z B =1. Sincewe
i =

j=1
have n<<m, it is reasonable to asume fi < B; for any i D[Lm] and j D[Ln]. It isaso
reasonable to assume the total storage apacity of the serversis nat lessthan the entire video

m

database size, i.e., ZCi > Zsize(v,). Thus the idea video data dlocation agorithm
1= 1=
divides the video set V into n subsets {V1,V2,...Vn} and alocates sibset Vi to server S
k _ k
where i D[l, n], so that we have Ci = Zsize(\m) and B = Z fi for any video abject subset
1= 1=
Vi :{Vil,\ﬁz,"',\ﬁk}. However, implementing such an ideal algorithm requires
Cn = mim-1) E--f{m-n+1)
" nn-1)0--200
guarantee the optimal solution exists. So we design the approximate video allocation
algorithm as depicted in Figure 4. Withou losing generality, we aso asaume
fi=2 f22---2 fm. Inthe dgorithm, RC(j) represents the remaining storage capacity for
server | and RB(j) stands for the remaining server bandwidth for server j. We aaume the
video olject sizesare {S1.S2,+-,Smp . This agorithm first finds the object with highest access
frequency and the server with largest normalized server bandwidth. If the server has enough
storage capacity to contain the object, it all ocates that object to the server. Otherwise, it takes
this srver out of the consideration. After the dlocation, it reduces the normali zed bandwidth
of this srver by the object’s accessfrequency. This algorithm repeas the same processon
the remaining objects and servers. Similar to RR algorithm, for each server S, if we assume

computation complexity.  Furthermore, there is no

its dorage apacity Ci 2%4' Max{Cu, Cvz,--+,Cw} , we can guarantee the algorithm

succes<ully distributes the entire video database to the video servers. For any server S and
k
its allocated video okject subset Vi ={Vis, Viz,---, Wi} , this algorithm ensures Ci > ZSiZE(Vi,) .
]:
_ ok . «
But we might nat have B = fi. However, we an have B = ) fi since we dlocate the
1= 1=



hot objects first. Those hot objects contribute most of the user requests in the real VOD
system. Our performance study will validate this assessment.

Algorithm: Popularity_Based Allocation
for(i =1;i <n;i++) RB(i) = B;;
ServerNum = n;
for(i =1;i <m;i+ +){

Find theserver j with thelargest RB;

if(RC(j) = s){
RC()=RC(j))-s; RB()=RB()- fi;
Allocate Object i toserver j;
Consider all serversfor the next object ;
ServerNum =n; ;

}

else{ /* Thisserverisfull, takeit out of rotation */
Deleteserver jfrom consideration ;
ServerNum =ServerNum —-1; i=i-1;
if(ServerNum = 0)

Fail duetolack of storagecapacity ;
}
}

Figure 4. Popularity Based Video Data Allocation Algorithm

4. Performance Study

Based on the discussion in the previous section, the Popularity Based (PB) allocation
algorithm addressed all the problems we have observed in the data allocation for the
distributed Video-On-Demand servers. However, this algorithm is only an approximation to
the ideal situation. We need to determine how close it performs compared to the ided
situation in a rea distributed VOD system. We have developed a detailed simulator to
compare its performance to the other agorithms. In this section, we first describe the
simulation model, and then discuss the simulation results.

41 Simulation Model

Our simulator consists of four components. The structure of the simulator is depicted in
Figure 5. The Reguest Generator is responsible for creating requests. Each request is
characterized by its arrival time and the object requested. Requests arrive at the Dispatcher
that simulates the presentation server. The Dispatcher routes the requests to the server where
the requested object is located. There are four servers in our simulator. Each server is
characterized by its storage capacity and server bandwidth. The requests are submitted to a
FIFO queue associated with each server where they wait for admission. A simple admission
algorithm is used in each server. If there is enough server bandwidth for servicing the
request, the server reserves the requested bandwidth till the video playback completes.
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Figure 5. Structure of the simulator
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For BWP agorithm, our simulator takes a simple gproach for the performance study. In a
real VOD system, we have to switch the data servers during the video display processif BWP
algorithm is used. This rver switch process requires extra process effort and server
bandwidth to ensure the quality of services. However, the assurance of the quality of services
is beyond the scope of this study. Theoreticdly, during a long system-running period, the
server bandwidth utilization is equal for all serversin the system using BWP agorithm. So
the average bandwidths for every servers used in one object are proportional to their server
bandwidths. Our simulator keeps all the requestsin ore FIFO queue for BWP data dlocation
algorithm. A request is granted only when there ae enoughserver bandwidth in al servers.
But for each server, the required server bandwidth is just a portion d the object’s required

bandwidth. For instance, we have four servers {Sl, Sz, Ss, S4} with server bandwidth
{Bl, B2, Bs, B4}. The required bandwidth for video object v is Bv. Then for server S, the

Bi

required server bandwidth is Bv = Bv. . Thisserver bandwidth is reserved for the

object until the video playback completes. This simulation approach for BWP data allocation
algorithm not only simplifies our performance study but also provides optimal results that we
can use to compare with. Comparing the performance of the other algorithms with that of the
optimal BWP agorithm, we can determine the performance of other algorithms. In our study,
since PB algorithm is an approximation, we can determine how close it performs compared to
the optimized solution. For simplicity, we assume that all the video files are 1-hour MPEG-2
encoded videos. The playback rate is 6 Mbitg/sec. They all have the same video size of
2800 MBytes. User request inter-arrival time is modeled using a Poisson process with the

average inter-arrival time of 5 seconds. The access frequencies of objects in the database
follow a zipf-like distribution. The access frequency for each video object Vi is determined
asfollows:

fi = L
T e m ]

| z EEF]_]/ J z
where m is the number of objects in the system, and 0< z<1 is the zipf factor [Wang
(1997A)]. A larger z value corresponds to a more skew condition, i.e., some objects are
accessed considerably more frequently than other objects. When z =0, the distribution is
uniform, i.e., all the objects have the same access frequency. This zipf-like distribution is
similar to the distribution used in [Dan (1994)]. But there are some differences between those
two zipf-like functions. In [Dan (1994)], asmaller z value represents a more skew condition
while alarger z value stands for a more uniform distribution. The distribution of z = 0.273
using the zipf-like function in [Dan (1994)] is very close to the distribution of z=0.7 using
our zipf-like function. We summarize the simulation parameters in Table 3. We use those
parameters to perform our simulation unless otherwise stated. There are many ways to
evaluate the performance of the replacement policies. However, users are most concerned
about the latency of their requests. So we use average reguest latency as our performance
metric.



Table 3. Simulation parameters

Server Storage Capacity 675,000 MB (=659 GB )
Playback rate Bp 6 Mbits/sec

Zipf factor 0.7

Requests inter-arrival time 5 seconds

Number of objects 1000

Object size 2,700 MB

Number of requests 20,000

4.2 Determinethe server bandwidth

First we need to determine a reasonable server bandwidth for us to use to compare the
difference of the agorithms. If the server bandwidth is unlimited or too large, the average
request latency becomes zero for all data allocation agorithms. In that case, any data
alocation algorithm can be selected. If the server bandwidth istoo small, the average request
latency is too large for users to tolerate. We assume all servers have the same storage
capacity of 659 GB. Each can store 250 video objects. Their server bandwidths are also the
same. We vary the server bandwidth between 500 MB/Sec and 600 MB/Sec. We apply the
three different data allocation algorithms to the system. To make sure every algorithm gets
the same workload, the Request Generator creates the request sequence first and applies the
same sequence to the system under three different data allocation agorithms. We compute
the average request latencies for a total of 20,000 requests and get the simulation results
depicted in Figure 6.
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Figure 6. Determine the server bandwidth

As we expected, BWP algorithm gives us the best performance among the three agorithms.
When the server bandwidth is only 500 MB/Sec, al three agorithms derive very large
average request latencies. They are al over 75 minutes. It is obviously not practical to
require the users to wait for 75 minutes before viewing a 1-hour video. When the server
bandwidth increased to 600 M B/Sec, the average latency for BWP algorithm dropped to zero.
The average latency for PB algorithm is about 6 seconds and RR agorithm has 18 seconds
average latency under this server bandwidth. We choose the average server bandwidth to be
580 MB/Sec in the rest of performance study because BWP agorithm has non-zero average

10



latency, which is good for drawing the comparison figures. On the other hand, the other two
algorithms have practical average latencies with PB agorithm at 25 seconds and RR
algorithm at 120 seconds. Because the average latencies on the plots vary too much, we use
logarithmic scale on the average latency to draw the figure.

4.3 Performance under various data skew conditions

As we discussed before, the data access skew condition plays a very important role in the
performance of the video data allocation algorithms. In this simulation, We varied the skew
factor between 0.0 (a uniform pattern) and 1.0 (a severe skew condition). The server
bandwidth for each server is 580 MB/Sec and each server has a storage capacity of 659 GB.
The results are plotted in Figure 7. It shows BWP algorithm does not affect by data skew
condition at al due to two factors. First, this algorithm balances the bandwidth utilization
very well. Second, the way we simplified the performance study for this algorithm made the
algorithm the best. Actualy the average latency presented by BWP agorithm is the optimal
results. When the data skew condition was mild (less than 0.5), RR algorithm performed well
with the average latency less than 40 seconds. However, when the data skew condition
became severe, the average latency for this algorithm increased drastically. PB agorithm
performed very well in any access skew condition. All of its latencies were less than 40
seconds which is practical for a 1-hour video.
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Figure 7. Performance under different access skew

4.4  Servershavedifferent bandwidths

In the previous two performance studies, we assumed the servers have the same server
bandwidth. However, in the real distributed Video-On-Demand systems, the server
bandwidths are different in different video servers. We studied system performance under
this condition. We let the servers have an average bandwidth of 580 MB/Sec. Their
individual server bandwidth were different as B:=505MB/Sec, B2=555MB/Sec,
Bs = 605MB/Sec and B4 = 655 MB/Sec. We aso assume each server has enough storage
capacity to complete all three algorithms. We can see that server Sa requires 30% more

11



storage capacity than server &1 does if BWP algorithm is used. We varied the skew factor
between 0.0 (a uniform pattern) and 1.0 (a severe skew condition) as in the previous
simulation. The results are plotted in Figure 8. It shows that the average latencies for RR
algorithm turned out to be very high in any data skew condition. It is practically uselessin
this situation. On the other hand, BWP algorithm and PB agorithm performed very well.
Comparing the Figure 8 and 7, we natice that BWP and PB algorithms were not affected by
the server bandwidth changes as long as there are enough storage capacity in the servers to
allow those algorithms to distribute the user requests based on the server bandwidths.
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Figure 8. Performance when servers have different bandwidth

45 Theimpact of the server storage capacity

In the previous simulation, we assumed all the servers have enough storage capacity to
distribute the objects by the data allocation algorithms. However, in areal VOD system, it is
not always the case. For instance, two hardware identical servers have different server
bandwidth when placing in different locations. In this situation, BWP agorithm and PB
algorithm have to comply with storage limitation on the servers. We studied the similar
situation using our simulator. We let all servers have same storage capacity of 659 GB, i.e.,
each server could contain 250 video objects. The server bandwidth in the servers were
B:=505MB/Sec, B2=555MB/Sec, Bs=605MB/Sec and Bs=655MB/Sec.
Because the servers have equal storage capacity, the data partition in BWP algorithm should
not be based on the server bandwidths. Each server has to store equal portion of an object.
We also varied the zipf factor in the ssimulation. the results are presented by Figure 9.

The simulation shows that RR algorithm and BWP algorithm are practically useless in this
situation. Their average latencies were all over 4000 seconds. When the zipf factor was zero,
i.e., al objects had equal opportunity being accessed, the average latency for PB agorithm
was almost the same as that for the other two algorithms. This result is not surprising at all
because there is no way for PB agorithm to distribute the user requests to the servers based
on their server bandwidth due to the server storage constraints. However, when the data skew
factor is increased, PB algorithm takes advantage of the data access skew condition and put
the hotter objects in the higher bandwidth servers. Thus the average latency dropped when
the skew factor increased in PB agorithm. When the zipf factor was greater than 0.5, the
average latency time dropped below 1 minute which is reasonable for 1-hour video objects.
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Based on the results of simulation we expect PB agorithm will perform very well in the real
distributed VOD systems.
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Figure 9. Servers have equal storage capacity but different bandwidth

5. Concluding Remarks

In this paper, we thoroughly discussed the data allocation problems for the distributed
multimedia applications. We proposed two different algorithms, Bandwidth Weighted
Partition (BWP) algorithm and Popularity Based (PB) algorithm, to address the problems that
affect the system performance. We compared those two algorithms with the conventional
Round Robin (RR) data allocation algorithm. Through our analysis and simulation, we found
BWP algorithm balanced the server bandwidth utilization very well if the server storage
capacity is not limited. Its performance is not affected by the user request patterns. In the
ideal situation, BWP algorithm provides the optima system performance. However, there are
several problems associated with this algorithm. This agorithm requires the higher
bandwidth servers have larger storage capacity. The ideal situation is the server storage
capacity proportiona to the server bandwidth. But those conditions are not guaranteed in the
real VOD systems. On the other hand, partitioning the data across the servers causes
problems in video presentation. We need extra processing effort and extra bandwidth to
ensure there is no jitter or delay when switching from one data server to another data server.
PB algorithm does not partition the video objects. It allocates the video objects based on their
access frequencies. Thisalgorithm not only factorsin all resource constraintsin video servers
but & so takes advantage of the access skew to the video objects. The simulation results show
it provides near optimal results in any condition. Thus, in the VOD systems where the data
access skew condition is usually severe, PB agorithm is an excellent video data allocation
algorithm. We have developed a video data allocation tool based on BP algorithm. Thistool
detects the effective server bandwidth based on experimental sampling and then instructs the
serversto load proper video data online.

The effective server bandwidth is not necessarily the total advertised bandwidth of the
network devices or the total 1/O bandwidth of the storage devices of the server. There are
other factors that affect the effective server bandwidth. Those factors are network traffic of
the data center, physical condition of the hardware, the operating systems in the servers, and
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the efficiency of the application software running in the servers. Our future study will
investigate the best method to determine the effective server bandwidth. It isone of the most
important parameters for data allocation algorithms. We will also study how the effective
server bandwidth changes dynamically affect our data allocation algorithms in the real VOD
systems.
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