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Abstract. In this paper, we consider a Video-on-Demand storage server
which operates in a heterogeneous environment and faces (a) fluctuations
in workload, (b) network congestion, and (c) failure of server and/or
network components. We present scheduling of data retrieval techniques
which are capable of dynamically resolving congestion which occurs on
the storage subsystem due to expected and unexpected changes in I/O
bandwidth demand for a scalable video server in a multi-disk environ-
ment.

1 Introduction

Recent technological advances in digital signal processing, data compression
techniques, and high speed communication networks have made Video-on-Demand
(VOD) servers feasible. The design of such large scale systems involves several
challenging tasks, including the satisfaction of (a) real-time constraints of contin-
uous delivery of video objects as well as (b) quality of service (QoS) requirements.
A great deal of work has been performed in the last few years in the area of VOD
server design (see [7] for details).

In this work, we consider the retrieval of variable bit rate (VBR) video
streams from a VOD storage-server in a multi-disk environment. An attractive
feature of the use of VBR video (as opposed to constant bit rate (CBR) video) is
the constant quality of video that can be provided throughout the duration of an
object’s display. However, VBR, video exhibits significant variability in required
video display rates. This variability can affect resource utilization in the system
and complicate scheduling of both transmission of objects over a communication
network as well as their retrieval from the storage subsystem. There are several
works dealing with the support of VBR video for networking applications [6]
some of which can be extended for use in the storage-server domain; however,
an essential difference in this case, is that a storage server has a priori knowledge
of the video traces which can aid in further improvements of the design.

In many multimedia systems different levels of quality of service (QoS) can
be supported through the use of the multiresolution property of video (and/or
images). In this work, we present a scalable VOD server for a heterogeneous
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environment that provides statistical service guarantees and propose scheduling
techniques for retrieval of VBR video that exploit the multiresolution property of
compressed video streams. An example of such a system includes a video server
delivering videos over the Internet, with users (potentially) requesting service
using different types of hosts. In this work, we define the scalability characteristic,
as it applies to a VOD system, as the capability to adjust to changes in (a)
workload and (b) availability of storage and network resources as well as the
capability to deliver video data at different levels of QoS guarantees.

In general, the video server faces (a) fluctuations in workload, (b) network
congestion, and (c) failure of server and/or network components. At the same
time, the users, while being served, are subject to changes in their sustained
bandwidth requirements due to either (a) network congestion, (b) failure of
network components, or (¢) moving to a different environment (i.e., network).
We define the sustained bandwidth of a user, in a certain time period, as the rate
at which he/she is “expected” to effectively receive the data in that time period
and which corresponds to a certain video quality profile !.

The flexibility that scalable compression techniques provide, in adjusting the
resolution (or rate) of a video stream at any point after the compressed video
object has been generated can be of great use in designing scalable video servers.
Various video compression schemes, such as subband coding and MPEG-2, pro-
vide such a multiresolution property. The multiresolution property has been
utilized, for instance, in previous work on dynamic adjustment of resolution of
video streams being transmitted through a communication network [5] based on
available network resources; although this approach has produced good results
in utilization of available communication network bandwidth, there are several
difficulties with adapting it to solving similar problems with utilization of disk
bandwidth resources in a storage subsystem. In [16] a framework is proposed for
a layered substream abstraction with highly scalable compression algorithms to
support this abstraction. Finally, simulations in [3] show that the use of scal-
able video with Laplacian and Pyramidal coding can greatly increase the I/0
bandwidth demand that can be sustained and decrease the waiting time for
start of new requests for video objects, as compared to the use of full-resolution
non-scalable video.

The focus of this paper is on the scheduling of data retrieval and approaches
to resolving disk bandwidth congestion under expected and unexpected changes
in I/O bandwidth demand. The work presented here differs from other related
works in that the scheduling of the retrieval adapts to the availability of the
storage and network resources as well as the user’s bandwidth requirements
(that may change dynamically). It is introduced in a dynamic rate-distortion
context for a multi-disk environment.

Specifically, we consider techniques which dynamically adjust resolution of
video streams in progress, in order to adjust to fluctuations in workload and

! The changes in the sustained bandwidth of a user might be due, for instance to
network congestion. Some of the work on determining the sustained bandwidth is
discussed in [14].



resource availability while satisfying given QoS constraints and utilizing system
resources efficiently. We propose resolution adjustment and load balancing tech-
niques which address: (a) different causes of fluctuations, which include VBR
property of video objects, the use of VCR functionality, as well as failure of
system components, (b) the extent and duration of “overflow” of disk band-
width demand beyond the available resources, (c) predictability of future I/O
bandwidth demand, and (d) variations in QoS requirements. The resolution ad-
justment algorithm deals with short term fluctuations in the workload and takes
advantage of the multiresolution property of video by adjusting the resolution
of video streams in progress on a per single disk basis. The load balancing algo-
rithm, on the other hand, deals with long term fluctuations in workload as well
as extensive overlow of I/O bandwidth demand and “shifts” the load between
multiple disks in the system; this algorithm takes advantage of both the mul-
tiresolution property of video and replication techniques. Furthermore, it also
deals with changes in users’ sustained bandwidth requirements 2.

2 System Description and Background

In this section we first briefly review the notion of scheduling of video requests
in cycles or groups and then discuss data layout issues. Throughout the paper
we use the term stream to refer to the delivery of a given video object at a given
time.

System Parameters

Notation|Description

Lg set streams whose data blocks are stored on disk d
B effective bandwidth of a single disk
Tw size of an interval (in units of time)

Teycie  |size of a cycle (in units of time)

Xi,a(c) |r.v. bandwidth requirement (for full resolution) of stream S; on disk d during cycle c.

Xf,d(c) r.v. bandwidth requirement of the first k layers of stream S; on disk d during interval c.

fb;,qa(w) [sustained bandwidth of stream S; on disk d during interval w.
W

mean bandwidth requirement (for full resolution) of a stream
uk mean bandwidth requirement that corresponds to retrieval of L multiresolution layers

Table 1. Notation

2.1 Data Retrieval and Corresponding Disk Model

To achieve efficient use of available disk bandwidth, it is common to organize
the scheduling of streams into (time) cycles or groups, e.g., as in [2]. In their
simplest form, cycle-based schemes deliver in each cycle the data that is read
in the previous cycle. During each time period, data for each active stream
is read from the disks into main memory while, concurrently, the data read

2 We would like to emphasize that the success of resolution adjustment techniques, in
general, depends on the number of resolutions available, the workload on the system,
and the variability of the VBR video streams. For instance, in the case of subband
coding, a large number of layers can be supported, whereas in MPEG-2, the number
of layers is restricted to a maximum of 3.



during the previous cycle is transmitted over the network to display stations. The
motivation for this organization is to provide opportunities for seek optimization
(see [2] for details) *.

In the remainder of the paper, we will consider scheduling of data retrieval
and overflow management in time intervals composed of an integral number
of cycles. This slight generalization will allow us to control the scale on which
bandwidth re-allocation is performed (as explained in more detail in Section
2.3). Thus, an interval w starting in cycle ¢, i.e., [¢, Tw + ¢, whose size is 7, (in
number of cycles) is composed of consecutive, non-overlapping cycles (¢, ¢ +1,..,
¢+ Ty ), where continuous playback of a video with quality @y, can be guaranteed
if all blocks corresponding to {Xz.L,d(j), where j is a cycle and j € [¢,¢ + Ty}
have been retrieved (from disk d) by the end of that interval, where X {jd( j)isa
random variable that indicates the bandwidth requirement of stream S; on disk
d, during cycle j corresponding to video quality (). Lastly, we define the mean
bandwidth requirement of stream S; on disk d during interval w corresponding

i li follows:
to video quality Qr as follows ZEZZ‘" Xijfd(j)

pi (w) = X{y(w) =
Tw

(1)

Disk Model

We now introduce a simple disk model that we use in the remainder of this
paper. During each cycle of size Tty each stream retrieves a variable number
of blocks corresponding to its bandwidth requirement for that cycle. Given the
cycle based scheduling scheme the amount of time needed to retrieve data blocks
corresponding to x streams scheduled during that cycle includes (a) a maximum
seek Tseer, which is the time to move the disk head between the extreme inner and
outer cylinders of a disk, (b) rotational latency 7,7, and (c) the transfer time
for each of the z streams that is attributable to reading the necessary number
of data blocks, 7,.,¢. Note that the amount of data that has to be retrieved per
stream in order to maintain continuity in the data delivery is Tcycre * p, where
u is the mean bandwidth requirement of each stream. Then, the time to read
this data is %Tnﬁ + 7o, where Bypacr is the number of bytes per track,
and the constraint that there must be time in a cycle to read that much data

: Teycte*p avg :

for z streams iS Tseer + x(ﬁrwt + 7157 ) < Teyeie- In the remainder of the
paper we assume that 7,7 = Zz2t, which then gives us a bound on the number
Teycle—Tseek 1

TeycleP Trot”
0.5 cycle rot
+ Birack

of streams that can be serviced in one cycle on one disk?* : z <
The effective bandwidth of a disk is then B = p * x.

3 Note that, our bandwidth reallocation techniques, presented later in the paper, are
not restricted to cycle-based scheduling, but are presented in that context for sim-
plicity of exposition.

* We have assumed that the data blocks of the same video object that correspond
to one retrieval unit are stored contiguously on the disk. Therefore, the rotational
latency corresponding to retrieval of the last fraction of the data block, i.e., the one
that does not (necessarily) make up an entire track is on the average “Zt. We have
also assumed that zero latency reads [13] are possible for the full size tracks and that
Birack is a constant (i.e., we do not consider zones here).




2.2 Data Layout and Partial Replication

In this paper we extend the notion of a traditional replication scheme [1] for
use in a multiresolution video server environment to instead support backup
copies of videos in a lower resolution than the primary copy. That is, a backup
copy of a video object is not necessarily identical to its primary copy; however,
all resolution layers which are replicated, are identical to their primary copy
counterparts and correspond to a predetermined video quality level ()r; thus,
the backup copy is composed of the first L layers of each video segment (L =
1,..,maz). In the remainder of the paper, we refer to this form of replication as
partial replication.

In general, replication provides opportunities for better disk bandwidth uti-
lization (as will become more apparent in Section 3), since it provides: (a) flexi-
bility to service a stream by partial simultaneous retrieval of data from multiple
disks in the system, when there is not sufficient bandwidth to serve that stream
from any one disk, and (b) load-balancing opportunities, i.e., opportunities for
“shifting” some of the load from one disk to another. Although much of the dis-
cussion on scheduling which follows is not restricted to a particular replication
scheme, in Section 4 we present a scheme which is specific to chained declustering
[9, 8]; thus, we describe this particular replication scheme next.

In the traditional chained declustering layout, at any point in time, two
physical copies of a data fragment, termed the primary and the backup copy
are maintained. If the primary copy of a fragment resides on disk D;, then the
backup copy of that fragment resides on disk D;;; (mod Ny, where Ny is the
number of disks in the system). Under dynamic scheduling, a server can choose
to retrieve a data block from either of the disks containing a replica of that data
block. Thus, in our system, by (re)scheduling some data retrieval from disk D; to
disk D;;1, the server can “create” available bandwidth space on disk D;, which
can be used for retrieval of other blocks corresponding to streams that were
originally scheduled for service on either disk D; or disk D; ; (and consequently
can be transferred for service to disk D;). The provision of a backup copy in a
lower resolution can also be applied to the chained declustering scheme. Figure 1
illustrates an example system using chained declustering and partial replication.

2.3 Interval-based Retrieval and Admission Control

Many different approaches to allocating (or reserving) bandwidth, at admission
control time, for servicing video streams are possible. And, the scheduling frame-
work described in Sections 3 and 4 are not limited to a specific approach; how-
ever, in order to focus the discussion better, we assume the following bandwidth
reservation scheme (performed at admission control time) in the remainder of
the paper. For each interval, the bandwidth reservation is performed by approx-
imating the bandwidth requirements of the video (during that interval) with its
average (over that interval), i.e., ul(w). The average bit rate reservation can



Fig. 1. Chained declustering with partial replication: the segments of the form S
correspond to the first b resolution layers of a video object and have been replicated.
For the S. segments which compose the remaining or enchanced resolution layers only
a single copy is kept. The arrows indicate a potential shift of the retrieval of data blocks
from one disk to the next.

utilize resources more efficiently than the peak rate reservation, but leads to po-
tential congestions (due to the variability of the stream bandwidth demand) 5.
One of the foci of this paper is a technique for alleviating these congestions with-
out (significantly) affecting the quality of service provided to the users. In order
to limit such congestion (and be able to provide an “acceptable” QoS level), it
is necessary to perform some form of admission control.

During admission control, it is determined whether there are sufficient avail-
able resources for retrieval of a newly requested video stream; this is done by
considering pF(w) Vw and determining, on per interval basis, whether there is
sufficient bandwidth available in the system for support of this new stream. The
reservation of bandwidth resources made during the admission control phase,
provides statistical guarantees for the retrieval of the streams and only “approx-
imates” the actual retrieval schedule, without preventing potential congestion.
Hence, a bandwidth re-allocation mechanism that dynamically alleviates conges-
tions is required. The scheduling techniques presented here are not limited to a
specific admission control scheme; thus, in the remainder of this paper, we only
make the assumption that the admission control policy results in statistical QoS
guarantees as follows — a server can guarantee, to at most ny users, a video
quality of Qr, with probability Pr, where various methods for determining ny,
and Pr, can be constructed but are outside the scope of this paper ©.

In this paper, for the sake of simplicity, we assume equal size intervals which
are the same for all streams and are equal to an integral number of cycles. In
general, we will consider intervals on the order of a few seconds. Of course,
in order for continuous playback guarantees to be satisfied, we also need to
assume that the user provides a buffer of size 2 * bpas * Tw * Teycre, at the
user’s site, where T¢y. is the duration of one cycle, by,q. is based on the user’s
video quality requirement and is basically the maximum bandwidth requirement

® The significance of underutilization of resources due to peak rate reservation in a
piecewise (i.e., interval-based) manner, as opposed to average rate reservation with
possibility of overflow, depends on the characteristics of the video trace and the size
of the intervals.

5 The discussion on the choice of interval size and the guarantees of the reservation
mechanism can be found in [12].



corresponding to the quality of service he/she requests’. This buffer space will
“mask” the jitter that might otherwise result from altering the data retrieval to
be on a per-interval, rather than per-cycle, basis.

3 Scheduling of Data Retrieval

It is the main task of the scheduler to determine the amount of data to be
retrieved per stream per cycle and schedule the retrieval for the appropriate
cycle and disk. Due to the guarantees made during the admission control phase,
the scheduler is ensured that there is available bandwidth somewhere in the
system to serve all admitted streams with video quality ()1 with probability Pr,
(see Section 2.3). However, the scheduler might be required to re-allocated (or
shift) part of the workload, due to congestion, across the disks of the system.
Recall that, due to replication, some of the data can be retrieved from one of
two disks. Furthermore, transferring of some load from one disk to the next one
might result in a number of shifts of load between consecutive disks. That is,
a video block of stream S;, of size b; can be “shifted” from a congested disk D
during some time interval T, to disk D’ if: (a) a replica of the video block is
also stored on disk D’ and (b) the available bandwidth (that exists or could be
“made available”) on disk D’ during time T at least corresponds to the amount
needed to retrieve a block of size b;. Below, we present a general framework for re-
allocating bandwidth to streams in cases of fluctuations in order to dynamically
exploit the available bandwidth of the system.

3.1 Resolution Adjustment on Multiple Disks

An optimal assignment of data block retrievals to disks, i.e., one that minimizes
the amount of data that can not be retrieved (due to overflow), can be deter-
mined using a “max flow” algorithm [4] 8.

Graph Generation

We begin with the needed generation of an appropriate graph. The construction
of this graph and the computation of the corresponding optimum schedule under
given constrains requires the knowledge of the amount of bandwidth that was
reserved at admission control time for retrieval of data blocks corresponding
to active streams as well as the amount of bandwidth that is required by these
streams during the time interval in question. The max flow algorithm is specified
on a per-interval basis, i.e., we can determine, on a per-interval basis, whether
overflow will occur in that interval and run the max flow algorithm in order to
determine a new assignment of streams to disks and the corresponding retrieval
schedule which alleviates overflow in an optimal manner (given the optimality
criteria stated above), where 7, is a parameter of the scheduling algorithm. The

7 Here, we assume double buffering at the user’s site, for ease of exposition.
8 See [11] for extensions to use with lower bounds on edges.



max flow algorithm will be applied on a graph GX(w) = (V, E) (e.g., see Figure
2), which can be constructed as follows:

G*(w) = (V,E), V. ={D1,Da,...,Dn,} U{Vi,...,Vu} U {s},
E= {(87‘/]')7 .7: laan}U{(VjaDz)7.7 € LD“ 1= 17-';Nd}

where Lp, is the set of streams whose data blocks are stored on disk D; and
where each node D; has capacity B, which is the effective bandwidth capacity of
disk D; (see Section 2.1). There are n number of nodes V}, each corresponding
to a currently active stream S;, and each connected to the start node s (an
artificial node) with an edge (s,V;) € E whose capacity is bound by [/; and u;,
i.e., the flow on this edge, (s,V;), is [; < f; < u;. If the required bandwidth of
streamS during interval w, fb;(w), is less than X]L (w), then l; = u; = fb;(w).

Therefore if the (adjusted) sustalned bandwidth of a user is less than or equal to
the mean ba.ndw1dth that the server has reserved for that user, then the retrieval
corresponding to S; will be at least of size fb (w). If, on the other hand, the
user’s required bandw1dth is higher than X 4(w), then I; = pk(w) (refer to
Section 2.1) and w; = fb;j(w). Furthermore, 1f the first k£ layers of a stream S;

are stored on disk Dj, then there is an edge (V;, D;), with its lower and upper
capacity equal to 0 and pf(w), respectively. The max flow algorithm will assign a
flow to each edge (s, V;) which represents the bit rate that the server will deliver
to S; during interval w. Note that, a flow > 0 on edges (V}, D;) indicates that a
fraction of stream S; will be retrieved from disk D;.

The max flow algorithm produces one bandwidth allocation (from all possible
ones) that retrieves the maximum total amount of data for the active streams
with respect to the guarantees of certain quality of service and constraints on
the playback rates of the users ?.

Fig. 2. Graph for the max flow algorithm

Lastly, the time complexity of the max flow algorithm is O(|V||E|log|V]),
e.g., the algorithm by Sleator and Tarjan [15] can be used. Then, given that the

® We should emphasize that the feasibility of a flow on the above graph will depend
on the statistical guarantees the server makes at admission control time.



maximum total number of streams in the system is ny * N4, the time complexity
becomes O((Ng+ Ngxng+1) % (3xnsx Ng)(log(Ng*ns+ Ng+1)) or O((ng *
Na)*(log(maz(N4,ny)))). The max flow algorithm can run at the beginning of
an interval to compute the optimal bandwidth allocation for the next interval.
Of course, the tradeoff here is between having sufficient time to run the max
flow algorithm (i.e., making the intervals longer) and the amount of buffer space
needed at the user site (which grows with the interval length).

3.2 Resolution Adjustment on Per-Disk Basis

In this section we consider the problem of “per-disk” re-adjustment of the data
retrieval schedule. As already mentioned in Section 1, the motivation here is
to be able to resolve short term overflow problems relatively quickly and on a
per-disk basis.

One of the important requirements of bit rate re-adjustment is to minimize
the distortion that the streams will experience as a result of the re-adjustment
process. We define the distortion of a stream S; during time interval ¢, due to
a decrease of information retrieved from b;(t) to b;(t) — B; as a non-decreasing
(cost) function R;: R;(B;,t) = 7; x A;(Bi, t), where, b;(t) corresponds to a (feasi-
ble) retrieval schedule!? of the requested resolution, 7; is a distortion tolerance
factor!!, and A;(B;,t) is the distortion due to retrieving only b;(t) — 3; instead
of b;(t) amount of data.

Each layer k is associated with a “distortion measure”, §;(b¥(t)) = ri, where
b¥(t) corresponds to the amount of data that needs to be retrieved for the k"
layer of stream 4 at time interval ¢'2. Therefore, r indicates the resolution
improvement, if in addition to the first £k — 1 layers of video retrieval, we also
retrieve the k-th layer. When (; amount of data is not retrieved, the decoder
will be able to decode only the first A; layers (instead of all A, layers that
compose the requested resolution data blocks), and therefore, the distortion that
the user will experience during interval ¢ will be as follows:

Amas maz
Ai(Bi,t) = Z 5:(b¥(t)), where \; = max(B; < Z bi(t)). (2)
k=X +1 k =k

Here, the cost function R; quantifies the QoS of a stream S;.

The server runs the Resolution Adjustment (RA) algorithm (given below)
on a future time interval ¢ after detecting a congestion in that interval in order
to determine the proper bandwidth re-allocation. Let us assume that for that

10 A retrieval schedule is feasible when it does not violate the disk bandwidth con-
straints while it guarantees normal playback at the receiver without discontinuities.

1 The distortion tolerance factor, 7;, is a function of: (a) QoS requirements of the user,
(b) feedback mechanism, and (c) subjective distortion measures on specific video
segments, e.g., the service of streams in FF/REW mode, which can tolerate larger
distortions.

'2 Distortion measures may vary from a simple mean squared error (MSE) estimate to
more complicated perception-based functions.



interval t, B,y is the disk bandwidth overflow on the disk in question, b*** is
the retrieval unit corresponding to requested resolution of the video, and b??%
is the retrieval unit corresponding to some minimum acceptable resolution, as
specified by the user!®. Then, RA can be formulated as follows!*:

—Find 8;i=1,...,n
— Minimize maz;{R;(8;)} — min;{R;(5:)}

— such that :
1. Zi Bi = Boy
2. 0 < B; < be® — pbese where 8; is a non-negative integer, i =
1,2...,n, where n is the number of active streams on the disk.

The RA problem is a “fair resource allocation” problem that can be solved using
the FAIR algorithm, as given in [10], of complexity O(nlog(maz(n, Bos))), where
n is the number of active streams on a disk and B,y is the disk bandwidth
overflow. If RA does not have a feasible solution, we can attempt to shift the
overflow to the remaining disks in the system (as described above) !°.

4 Application of Max Flow Formulation

In this section we consider sources of congestion due only to changes in sustained
bandwidth of users and then evaluate the performance of the resulting server,
termed Sscarabie- This evaluation focuses on the retrieval scheduling/overflow
management policy which was formulated in Section 3 as a max flow problem. For
the purposes of comparison we use a baseline server, termed Sindependent, Which
does not take advantage of replication (and here specifically chained decluster-
ing with partial replication). In Sindependent all disks are independent, i.e., a
retrieval for a particular stream is always scheduled on a specific disk without
the flexibility of replication, that exists in Sgcq1ap1¢, Which allows “shifting” of the
load across disks. The metric used in evaluating the overflow management policy
is the percentage of (“newly available”) bandwidth that we are able to utilize
(we explain this in more detail below). The results of this evaluation have been
obtained through simulation, where we use the disk model given in Section 2.1.
The parameters of that model used in this section are as follows: (a) Tseexr = 30
msec, (b) Trot = 10 ms, (¢) Birack = 100 KB, and (d) Teyere = 530 msec.

Below we illustrate that, through the use of chained declustering with partial
replication, the server is not only capable of resolving overflow due to fluctua-
tions, for instance, of VBR video compression, but is also sufficiently flexible
and can take advantage of the available bandwidth that results from reductions

13 For instance, in the notation of the previous section, if the required bandwidth of
stream S; during interval ¢ fb;(t), is higher than XiL,d(t), then b2%*¢ = pr(¢) and
b%® = fb;(t); otherwise b22°° = b™*® = fb;(t).

4 In this formulation, we drop the “time dependence” in the notation in order to
simplify it.

5 This approach can result in certain disadvantages, the description of which is left
out due to lack of space; see [12] for details.



in the sustained bandwidth of some users. For the purposes of the following dis-
cussion, we term the users with decreases in sustained bandwidth requirements
in an interval w as “degraded” users; similarly, we term the users with increases
in sustained bandwidth requirements in an interval w as “upgraded” users. The
simulations described below aim to evaluate the bandwidth re-allocation process
of Sscatable aNd Sindependent By computing the portion of bandwidth (that can
be scheduled) that was freed by the “degraded” users that can (potentially) be
re-assigned to the “upgraded” users in order to satisfy their requests for increases
in bandwidth, in an interval w.

Let us consider some such interval w. In order to focus on the comparison
between overflow management of the two servers, we fix the load on each disk of
both server to be the same. Specifically, for our simulation we consider a cluster
of 45 disks. The load on each disk, i.e., the total amount of bandwidth that is
needed during interval w is determined based on a wuniform distribution with
values ranging in [38 Mbps, 60.8 Mbps].

As already mentioned, Sscqiapie uses the max flow algorithm; Figure 3 illus-
trates the graph for this max flow algorithm that can be created as follows: (a)
each disk corresponds to a node and each stream corresponds to an edge, (b)
there is an artificial “start” node as well as a “sink” node, (c) for each “up-
graded” stream, there is an edge which connects a node corresponding to a disk
on which the stream is (at least partially) scheduled with an artificial “start”
node, with capacity equal to the increment in the bandwidth requirement of
that stream, (d) for each “degraded” stream, there is an edge which connects a
node corresponding to a disk on which the stream is (at least partially) sched-
uled with an artificial “sink” node, with capacity equal to the decrement in the
bandwidth requirement of that stream, (e) for each node that corresponds to a
disk there is an edge that connects it to the node that corresponds to the disk on
its right'® (for the last disk, its node is connected with the node of the first disk)
— the capacity of this edge is equal to the amount of bandwidth that can be
transferred during this interval w from the disk in question to the next disk on
its right, which depends on the degree of replication used in the system as well
as the bandwidth requirement of streams accessing the disks in that interval.

This graph is somewhat different from the one described in Section 3.1, which
is due to the source of change in workload, which in this case is due only to the
changes in sustained bandwidth of “degraded’ and “upgraded” users. In addi-
tion, in this case we are considering a specific form of replication, namely that of
chained declustering. Moreover, this simplification in the formulation of the max
flow algorithm reduces the complexity of the solution to O((ns *(Ngz)?)(logNy)).
The max flow algorithm returns the maximum amount of bandwidth, as a frac-
tion of the total amount of bandwidth that has been “released” by the “de-
graded” users, which can be re-allocated to the “upgraded” users. Note that,
Sindependent 15 able to assign additional bandwidth to the “upgraded” users only
if the disk on which they are served has some available bandwidth due (in this

'6 Recall that in chained declustering, the disk logically to the right of disk 4 contains
copies of data stored on disk 4.
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Fig. 3. Graph for the max flow algo- Fig.4. Amount of bandwidth re-
rithm. allocated to “upgraded” users.

case only) to the reduction in the bandwidth requirements of the “degraded”
users. Both servers assign to the “degraded” users bandwidth equal to their new
reduced bandwidth requirements.

We illustrate in Figure 4 the amount of bandwidth that was “released” by
the “degraded” users, which can be re-allocated to the “upgraded” users, as a
function of the “skewness” of the changes in users’ required bandwidth on the

disks. Specifically, the total increment (reduction), load?, ..ement (100d%, guction)
in the bandwidth requirements on disk d is given by 7:
load‘-’l _ Cincrement loadd _ Creduction (3)

increment Wa reduction W

where Cincrement and Creguction are constants, and ¢() and f() provide a “one-
to-one” mapping of the (N4) disks to the (Ny) different loads (i.e., in Eq. (3) d is
in the range 1 to Ny), where Ny is the disk cluster size. As 7 increases, the access
pattern becomes increasingly skewed. In our simulations we consider the follow-
ing values of v : 0.0,0.25,0.5,0.75,1.0. Note that the mazimum total increment
(reduction) in bandwidth requirements on a disk is Cincrement (Creduction)- I
this simulation we consider Cipnerement = Creduction = 35 Mbps.

In Figure 4 we illustrate the performance of the two servers, Sindependent
and Sscarabte, with full (100%) and partial replication, where, for simplicity of
illustration, we have assumed that the degree of partial replication corresponds
to the amount of bandwidth reserved for a stream at admission control time.

For the case of partial replication we assume the degree of replication (i.e.,
percentage of the retrieval unit that is replicated) to be equal with the percentage

7 The increment/reduction in sustained bandwidth corresponds to the difference be-
tween the current sustained bandwidth requirements and the amount of bandwidth
reserved at admission control time.



of bit rate that is reserved during the admission control per stream. As already
mentioned, the performance metric is the percentage of “released” bandwidth
(by the “degraded” users) which can be re-scheduled for use by “upgraded”
users.

The performance of both servers degrades as the skewness increases. For
example, in the case of Sycqrapie and v = 0.25 with 100% replication, 99% of the
“released” bandwidth is re-allocated to “upgraded” users, whereas with partial
replication 97% of the “released” bandwidth is re-allocated. However, in the
case of v = 1.0 with 100% replication, 91.6% of the “released” bandwidth is
re-allocated, whereas in the case of partial replication 89.8% is re-allocated.
Therefore, as expected, the less uniform the change in requested bandwidth, the
more difficult it is to re-allocate the bandwidth.

Furthermore, the gap in performance between Sscaiabte and Sindependent in-
creases as the skewness increases, i.e., even under high skews in changes in band-
width requirements, Sscqiqpie iS able to re-allocated a large percentage of the
“released” bandwidth by exploiting replication (or specifically chained declus-
tering in this case) and “shifting” the increase in load (due to “upgraded” users)
from one disk to another (i.e., one that has the newly available bandwidth due
to “degraded” users). For instance, under full replication both servers have the
same performance when v = 0.0, whereas when v = 1.0, the gap in perfor-
mance between Sscqigbie aNd Sindependent, is more than 48.5%. Note also that
the performance of Sipgependent decreases almost linearly from 100% to 43%, as
the skewness increases. This is due to the fact that as the “skew” increases less
“sood matches” will occur on each disk. By a “good (or perfect) match” we
mean the case where the total amount of additional bandwidth that is requested
(by the “upgraded” users) to be retrieved from a single disk is approximately
the same (or exactly the same) as the total amount of the reduction in requested
bandwidth (due to the “degraded” users) on the same disk. In the case of Sscaiabie
the higher is the degree of replication, the less the probability of having a “good
match” affects the performance of the server. For example, under full replica-
tion, the performance of Sscaiapie is 100% (for v = 0.0) and is reduced to 91.6%
(for v = 1.0), whereas under partial replication the performance of Sscaiabie iS
reduced from 100% (for v = 0.0) to 89.8% (for v = 1.0). Thus, based on the
results depicted in Figure 4, we can conclude that skewness has a greater effect
on the performance of S;ngependent than on the performance of Sscqigbie-

In summary, due to proper utilization of replicated data, Sscaiape iS more
effective at taking advantage of the bandwidth that has been “freed” in an
interval w due to “degraded” users and assigning it to the “upgraded” users,
and therefore it adapts more effectively to changes in bandwidth requirements
or availability of resources. This becomes more critical under higher degrees of
skewness, that is, there is a larger improvement in the percentage bandwidth
that can be “re-allocated” by Sscaiapie as compared to Sindependent- Finally, the
higher is the degree of replication the less skewness affects the performance of
Sscalable- This reduced sensitivity to skewness, of course, is achieved at the cost
of additional storage space.
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Conclusions

In summary, in this paper we consider the problem of delivery of VBR video
streams in a VOD server under provisions of statistical quality of service guar-
antees. We present several techniques for re-scheduling the video streams and
adjusting bandwidth allocations for streams in progress when fluctuations in
workload as well as changes in availability of resources occur while satisfying
QoS constraints and utilizing system resources efficiently.
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