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Abstract. The single-system approach is no longer suffi-
cient to handle the load on popular Internet servers, espe-
cially for those offering extensive multimedia content. Such
services have to be replicated to enhance their availability,
performance, and reliability. In a highly replicated and avail-
able environment, server selection is an important issue. In
this paper, we propose an application-layer broker (ALB) for
this purpose. ALB employs a content-based, client-centric
approach to negotiate with the servers and to identify the
best server for the requested objects. ALB aims to maxi-
mize client buffer utilization in order to efficiently handle
dynamic user interactions such as skip, reverse presentation,
go back in time. We also present details of a collaborative
multimedia presentation platform that we have developed
based on ALB.

Key words: Scalable and highly available web servers –
Multimedia presentations – Multimedia information retrieval
schedule – Buffer utilization and optimization

1 Introduction

Scalability is a very important issue in providing Internet
services, especially in view of the explosive growth in the
number of Web users. When using the phraseInternet ser-
vices, we consider text as well as multimedia presentations
over the Internet, since accessing video and audio have be-
come an integral part of the Web browsing activity. While
this task of scalability can be considered as one of finding the
best server or resource, the key issue of interest here is pro-
viding such a service in a transparent manner to the client.
One such transparent approach is the domain name server
(DNS) proposed in [3, 9, 13]. This approach uses a modi-
fied DNS to distribute incoming client requests to different
servers in a round-robin manner or based on a weighted
classification. This allocation of client requests is done at
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the time of name-to-IP address translation carried out by
the DNS. One limitation of this approach is that a transla-
tion request can go through a chain of intermediate DNSs
that may cache the translation results. This caching might
defeat the purpose of load balancing, since an intermediate
DNS can potentially allocate clients without the knowledge
of the DNS in charge of load balancing. Another approach is
to use a transparent front-end to forward requests to servers
[2, 3, 8]. Cisco’s LocalDirector [2] is a product that uses ad-
dress translation to forward requests to appropriate servers.
The LocalDirector translates the headers of all data packets
in both directions; however, the approach may not very well
suit geographically distributed servers. IBM’s NetDispatcher
[3, 8] intercepts each IP packet that represents a new TCP
connection. It forwards the connection and the subsequent
data from a client to an appropriate server. Data from the
server to the client, however, flows directly (i.e., not through
the dispatcher).

An application-layeranycastinghas been suggested in
[4], for locating services in the Internet. Each service
provider has a unique anycast domain name (ADN) that can
be translated into a collection of IP addresses. The anycast
name resolver carries out the name-to-IP translation. This
translation is based on the server membership for the partic-
ular requested service and the metric information associated
with each member of the anycast group. The anycast re-
solver collects and dynamically maintains performance met-
rics of each anycast domain member. An ADN resolver can
have drawbacks similar to the DNS approach, due to the
caching of ADN resolution results. The above-mentioned
approaches are independent of the nature of the client re-
quest and how it might potentially load the server. For in-
stance, a client’s request might be for an hour-long multi-
media presentation, whereas another might be for accessing
a text-based home page. These requests impose totally dif-
ferent loads on the servers. Also, a server selected based on
the collected performance metrics may not be able to serve
the request due to the nature of the request. For example,
the selected server may not have sufficient disk bandwidth
to admit a new multimedia presentation along with other re-
quests being served. Content-based routing techniques have
been proposed in [15, 17]. However, these techniques merely
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check whether a server is an owner of requested object(s),
with the aim of improving the cache hit ratio.

1.1 Application-layer broker

One of the main features of future networks will be the pro-
viding of differentiated service to customers; i.e., guaran-
teed quality of service (QoS) will be offered. In particular,
bandwidth reservation will be a possibility. Based on this
scenario where networks offer QoS guarantees, we propose
an application-layer broker(ALB) architecture, as shown in
Fig. 1. ALB is at the application level (whereas other pro-
posed architectures are more or less at the TCP/IP level
where the decision-makers are not aware of the nature of
client requests). ALB employs a content-based, client-centric
approach. A client specifies the object(s) that is required and
also when (i.e., the time) the object is required. ALB exam-
ines the contents of a client’s request, negotiates with the
possible sources of the requested objects, and identifies the
times as well as the bandwidths at which the sources can
deliver the requested objects. ALB then identifies thebest
source for the requested object(s) based on certain client-
specific criteria, as discussed in Sect. 1.1.1.

Comparing the ALB proposal with those of others dis-
cussed earlier, ALB is at the application level, with ALB
being aware of the objects being requested by the clients.
ALB also assumes advance resource reservation features.
Though these features may not be available widely in present
networks, it is very clear that efforts such as Internet II are
toward this direction. Also, decision makers in other propos-
als assignrequests to clients, and hence the servers/sources
do not have any choice. ALB negotiates with the sources
by specifying the requested objects, and hence the sources
can admit the requests by determining the resources re-
quired (disk bandwidth, buffer, etc.). Identification of the
best source by ALB is carried out in a client-centric manner
and obviously, this may not lead to balanced load across the
involved sources. We, however, believe that this is natural,
since the aim of scalable architectures is to provide better
response to clients and not mainly to balance the load across
the servers involved. Since ALB negotiates with the sources
by specifying the requested object(s), the sources can com-
mit the required resources in a more precise manner. Hence,
load imbalance among servers will not lead to performance
degradation.

1.1.1 The ALB approach

The ALB approach is oriented towardlong multimedia pre-
sentations, since they impose more stringent load conditions

on the servers, and since they are becoming common on the
Internet. For instance,www.broadcast.comoffers full-movie
presentations over the Internet. These long multimedia pre-
sentations are influenced by the amount of buffering done
by the client system, since client buffering can help in re-
ducing the number of network accesses for handling user
interactions such as “reverse presentation” or “go back in
time”. With the increasing availability of memory and disk
space, client buffering might look like a non-issue. How-
ever, multimedia presentations for long durations (say, an
hour or more) can require storage space of the order of
gigabytes, depending on the resolution of objects and the
compression techniques used. Client buffer can be critical
for low-end client systems such as personal digital assis-
tants (PDAs) that can have memory space in the order of
megabytes. Also, the ALB approach is highly desirable for
proxy servers in WWW environments. Proxy servers typi-
cally serve several clients’ requests, and hence disk space
consumption can be huge. The approach followed by ALB
is to help the client/proxy server optimize its buffer usage
during a multimedia presentation over the Internet. ALB
chooses the sources for a multimedia object in such a way
that the client/proxy server maximizes the number of ob-
jects that can be held in its fixed-size buffer. Also, in the
proposed algorithm, objects arenotnecessarily released from
the buffer after their presentation time: they are allowed to
stay in the buffer as long as possible. Furthermore, this algo-
rithm effectively postpones the retrieval of an object as much
as possible, i.e., it tends to retrieve each object as close to
its presentation time as possible. These properties help in
handling dynamic user operations such asreverse presenta-
tion, go back in time, and skip time duration. Furthermore,
as mentioned above, efficient buffer utilization also helps us
minimize network accesses when the user alters the presen-
tation sequence.

ALB uses an algorithm that considers networks offering
guaranteed QoS. Briefly, for each serverSi and multimedia
objectOj , we assume that the maximum instantaneous rate
(i.e., throughput) at which serverSi can provide objectOj

has been negotiated. The main point is that we allow this rate
to be anarbitrary non-negative functionri,j(t) of the time
t. (Offered bandwidth typically varies over time, and hence
it may not be realistic to assume that it is a constant. Also,
ri,j(t) could be identically zero, indicating thatSi does not
storeOj , or otherwise cannot offerOj due to other service
commitments.) Under such a general situation, we present
an algorithm that provably postpones buffer overflow op-
timally. Also, the algorithm presented here can choose a
source for an object (from a set of systems over which the
object is replicated) in such a way that client buffer utiliza-
tion is maximized. Please see Sect. 2 for the precise model;
we just mention here that the problem is not trivial, since,
for instance, the functionsri,j(t) are arbitrary. Suppose, for
example,ri,j(t) is initially small and grows rapidly; how
does it compare with the rateri′,j(t) (offered by another
serverSi′ ) which is initially high but falls off rapidly? More
importantly, we have to make decisions forseveralobjects
Oj simultaneously. If, for instance, we choose a server that
provides an object very fast initially, one faces the issue
of whether the other objects will have to be retrieved quite
slowly in the beginning, in order to delay buffer overflow.
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However, as shown in Sect. 3, we can handle the situation,
as well as some generalizations of it, well.

Organization of the paper.In the following section, we de-
scribe the system model and the basic problem. We present
our retrieval algorithm and prove that it optimizes the utiliza-
tion of available client buffer in Sect. 3. In Sect. 4, we present
strategies for the release of objects from the client buffer, in
case of overflow. Handling dynamic user interactions during
a multimedia presentation is described in Sect. 5. We have
developed a collaborative multimedia presentation platform
based on our algorithms, details of which are discussed in
Sect. 6. In Sect. 8, we conclude our discussions.

2 System model and the basic problem

A multimedia object in a document has to be available com-
pletely in the buffer before it can be presented. In the case of
video objects, a video frame needs to be completely available
before its presentation. (Subsequent frames can be retrieved
in the inter-frame presentation time, if sufficient network
bandwidth is available.) The system model and problem we
consider here are as follows; we start with an informal de-
scription.

We have a collection of objectsO1, O2, . . . , ON , each
available at at least one (and possibly several) servers. We
have to schedule a multimedia presentation, whose require-
ments are basically as follows. The objects have been par-
titioned into setsA1, A2, . . . , As. For some given sequence
of times t1 < t2 < · · · < ts in the future, the objects in
A1 should be available in the client buffer at timet1, the
objects inA2 should be available in the client buffer at time
t2, etc. (In other words, the client wishes to view the objects
in Ai by time ti, for eachi.) Through negotiations with the
servers, we know a certain maximum bandwidth at which
each serverSi can provide each objectOj that it stores. We
wish to come up with a retrieval schedule – one choice of
server for each object, and retrieval rate that does not ex-
ceed the available bandwidth – in order to postpone buffer
overflows as much as possible. Since the basic problem is
the same for the retrieval of objects in eachAi, we now
focus on the problem of retrieving objects inA1 alone. We
will be able to define this problem in an easier manner, and
the algorithm we present can then be applied one by one for
A1, A2, . . . , As.

The formal problem of retrieving the objects inA1 =
{O1, O2, . . . , On} in order to optimally postpone buffer
overflow is as follows. (Further generalizations of this prob-
lem will be considered in Sects. 3.2, 3.3, and 3.4.) We have
a buffer of capacityBmax, measured in bits. The buffer cur-
rently contains some data, and hence is currently filled with
capacity someB; so the available capacity isBmax−B. We
haven objectsO1, O2, . . . , On, and the size ofOj in bits
is bj . All thesen objects must be available in the buffer by
some given timet1 in the future; so we necessarily assume
that

∑n
j=1 bj ≤ Bmax (otherwise, we cannot load all the

objects into the buffer). We remark that if available buffer
space or the offered network bandwidth is insufficient, we
can consider reducing thequality of an object. The qual-
ity of an object can be modified by tuning parameters such

as resolution. Modifying object qualities has been described
in [1, 18]. We do not go into the details of object quality
modification in this paper.

Now, furthermore, if we also have
∑n

j=1 bj ≤ (Bmax −
B), then we should be able to load all these objects into the
buffer without any buffer overflow, in which case retrieval
can be done smoothly. But, it may happen that

∑n
j=1 bj >

Bmax − B; in this case, we aim to postpone the inevitable
buffer overflow as much as possible. We proceed to describe
our problem further.

We havem serversS1, S2, . . . , Sm, and we have a choice
of retrieving each objectOj from some of the servers. Our
objective is to judiciously choose one such server for each
object Oj : our choice should be such thatbuffer overflow
happens at the latest possible time beforet1. (The same
server can be used to provide many of the objects if neces-
sary.)

The above is the objective; what data on offered band-
width do we have? Let the current time bet0; recall that the
time by which all theOj must be available in the buffer is
some givent1 > t0. We consider a general situation (which
is particularly applicable for large retrievals) wherein the net-
work expects to be slow during some time intervals, etc. For
each serverSi and objectOj , we are given some arbitrary
non-negative functionri,j(t), which gives themaximum in-
stantaneous rateat which serverSi can provide objectOj

for us. In other words, for any time interval [a, b], the max-
imum number of bits ofOj that Si can provide during this
interval, is given by∫ t=b

t=a

ri,j(t) dt. (1)

In particular, if the functionri,j is identically zero, this
means thatSi cannot provideOj for us–maybe because it
does not haveOj stored in it. We assume that eachri,j is
continuous at all but some finite number of time instantst.
(The discontinuities ofri,j model time instants at which the
offered bandwidth changes abruptly, due to the termination
or addition of traffic.)

Remark.We work with the functionsri,j for now, as they
represent the natural notions of maximum throughput and
bandwidth. As shown in Sect. 3.4, certain scenarios do not
immediately adapt to the model of the existence of functions
ri,j for which the value in Eq.1 is the maximum amount of
Oj that Si can provide during the interval [a, b]. However,
Sect. 3.4 shows that our algorithms directly carry over to
several such more complicated scenarios also.)

While our algorithm below can handle any non-negative
functionsri,j , we point out that the two most realistic cases
are:

(P1) Eachri,j is zero up to a point, after which it becomes
some positive constant. That is,ri,j = 0 for t ≤ Ti,j ;
ri,j = ai,j > 0 for t > Ti,j . This corresponds to the
serverSi being ready to offerOj at up to a certain
fixed bandwidthai,j after a certain time.

(P2) This is a generalization of (P1), when eachri,j is astep
function; this reflects the fact that maximum offered
bandwidth is generally constant over short intervals of
time. More precisely, for some given valuesT0 < T1 <
· · · < Tp, ri,j here is of the form



P. Bai et al.: Retrieval scheduling for collaborative multimedia presentations 149

Time

B
uf

fe
r 

(b
its

)

x1

Retrieval Rate = 

Retrieval Rate < 

s t

b1

1

rf(1),1

rf(1),1

f(1),1

Fig. 2. Buffer-optimality of greedy algorithm: example

for k = 0, 1, . . . , p − 1, ri,j(t) = a′
i,j,k,

for all t ∈ [Tk, Tk+1). (2)

Here,a′
i,j,k is some given numerical value associated

with the functionri,j . We will also assume thatT0 ≤ t0
andT1 ≥ t1 for eachri,j , i.e., that the functionri,j is
well defined for the entire interval [t0, t1). (The val-
uesp, Tk anda′

i,j,k could of course vary for different
values of (i, j).)

3 Retrieval algorithm

We now show how to optimally postpone buffer overflow,
given arbitrary non-negative functionsri,j . Consider anyi, j.
Now, if∫ t=t1

t=t0

ri,j(t) dt < bj ,

then, even if we try to retrieveOj from Si at the maximum
rateri,j , we will be unable to retrieve all ofOj by time t1;
in such a case, we say thatSi is irrelevant for Oj . If this is
not the case, then we saySi is relevant forOj . Clearly, in
trying to choose a server forOj , it is sufficient to consider
only thoseSi that are relevant forOj .

For eachj and for eachSi that is relevant forOj , we
first compute a valuesi,j ∈ [t0, t1] that satisfies∫ t=t1

t=si,j

ri,j(t) dt = bj . (3)

Thus,si,j is the time at which we should start retrieval, if
we decide toretrieveOj fromSi at peak rateri,j , so thatOj

is just available at the required timet1. Even for arbitrary
non-negative functionsri,j , an approximate value forsi,j

can be computed efficiently by bisection search as follows.
Sinceri,j(t) is non-negative, the function

g(y)
.
=
∫ t1

y

ri,j(t)dt

is non-increasing as a function ofy. Hence,si,j can be es-
timated quickly by binary search in conjunction with a sim-
ple numerical interation procedure; in practice, it should be
even simpler, since the most common families of functions
are those given by (P1) and (P2). (The integration procedure
for these is straightforward.)

The following lemma shows the crucial role played by
thesi,j . Suppose we have committed to some serverSf (j) for

eachOj . Given this, we just require a scheduling algorithm:
for eachj, at what (time-varying) rate at which to retrieve
eachOj from Sf (j), in such a way that (i) the rate never
exceeds the bandwidth boundrf (j),j , (ii) Oj is available by
time tj , and (iii) buffer overflow, if any, is postponed as
much as possible. Given any “server commitment” function
f , a natural scheduling algorithm is thegreedyone, which
starts retrieving eachOj at timesf (j),j and then continues to
retrieve at peak raterf (j),j(t). The following lemma shows
that for any given server commitment functionf , we might
as well employ this greedy algorithm, if we wish to postpone
buffer overflow.

Lemma 3.1 Suppose we have committed to some server
Sf (j) for eachOj . Givenany scheduling algorithmA, let
the amount of buffer use at timet be bufA(t). Let the buffer
use at timet for our greedy algorithm beB(t). Then, for all
t ∈ [t0, t1], B(t) ≤ bufA(t).

Proof. Suppose that in algorithmA, some objectOj is not
scheduled by the above greedy approach. We will now show
that if we change the retrieval of objectOj to the greedy
manner, then the buffer requirement at any time will be no
more than bufA(t). Repeating this for each such objectOj ,
we will end up with the greedy schedule, thus proving the
claim.

SupposeOj is not retrieved by the greedy approach; its
retrieval must have started at some timexj ≤ sf (j),j . For
eacht that lies in the interval [xj , t1], let g(t) denote the
number of bits of objectOj that have been retrieved by
time t by A. Note thatg(t1) = bj . Let hj(t) denote the
instantaneous rate at whichOj is retrieved byA, at timet.

Now, for all t ∈ [xj , sf (j),j ], object Oj would not have
been retrieved at all until timet by the greedy schedule; so if
we changeOj ’s retrieval to the greedy schedule, the buffer
requirements will be no more in comparison withA, up to
time sf (j),j . Next, for anyt ∈ [sf (j),j , t1], we have

bj = g(t1)

= g(t) +
∫ u=t1

u=t

hj(u)du

≤ g(t) +
∫ u=t1

u=t

rf (j),j(u)du ; (4)

hence,g(t) ≥ bj − ∫ u=t1

u=t
rf (j),j(u)du. But, for the greedy

schedule, the number of bits of objectOj that have been re-
trieved by timet is exactly bj − ∫ u=t1

u=t
rf (j),j(u)du. Thus,

whatever scheduling strategyhj(t) we used forOj , the
amount ofOj retrieved at any time byA is at least as
high as that retrieved by the greedy algorithm. By doing
this one by one for eachOj , we conclude the proof.

Figure 2 describes an example of the bandwidth-greedy
algorithm, and also illustrates a different algorithm that re-
trieves at less than the maximum rate. The shaded regions
represent the number of bits (of the objectO1) accumu-
lated over a period of time. As can be seen from the figure,
retrieval at less than the maximum available bandwidth ac-
cumulates more bits at any point in time than retrieval using
the bandwidth-greedy algorithm.



150 P. Bai et al.: Retrieval scheduling for collaborative multimedia presentations

3.1 The functionRetrieve(·) and the algorithm

A key idea of our algorithm is to introduce an additional
parameterx. We wish to define a functionRetrieve(x),
which takes as input a timex ∈ (t0, t1]. If there exists a
choice of one server for each object (i.e., a way of retrieving
all the objects by timet1) in such a way that there is no
overflow until timex, this function returns “Yes”, and also
outputs such a choice of one server for each object; if there
exists no such choice, this function returns “No”. Clearly,
given such a function, we will simply need

x0
.
= sup{x ∈ (t0, t1] : Retrieve(x) returns “Yes”}. (5)

How can the computation ofRetrieve(x) be done?
Lemma 3.1 shows that whatever server we decide on for
each Oj , we may as well use the greedy scheduling al-
gorithm. Thus, suppose we choose some serverSi for Oj

(clearly, Si must be relevant forOj). Then, since we may
assume that we will employ greedy scheduling, the amount
Reti,j(x) of Oj retrieved by timex is given by

if si,j ≥ x, then Reti,j(x) = 0;

if si,j < x, then Reti,j(x) =
∫ t=x

t=si,j

ri,j(t)dt.

The simple Observation 3.1 will be useful. This obser-
vation states that to check if overflow occurred at or before
time x, it suffices to just check if the buffer is overfullat
time x. This is true because the available buffer capacity
remains constant (i.e.,Bmax − B).

Observation 3.1 For any given assignment of servers to ob-
jects, there is no overflowuntil timex if the buffer is not more
than full at timex.

If our aim is to choose one relevant server for each object
and then use greedy scheduling in order to not have the
buffer more than full at timex, what choice of servers should
we make? The answer is easy: for eachOj , simply choose a
relevant serverSi which minimizes Reti,j(x). It is easy to see
that, if at all, we can avoid overflow until timex, this choice
of servers will help avoid such overflow. Note the interesting
point that once we fixx, we can in factindependentlycome
up with a “good” choice of server for eachOj .

Thus,Retrieve(x) is as follows. For all (i, j) such that
Si is relevant forOj , we compute Reti,j(x). (This can be
done with sufficient accuracy via numerical integration.) For
eachOj , define (i) opt(j, x) to be the minimum, computed
over all Si that are relevant forOj , of the value Reti,j(x);
and (ii) best(j, x) to be any serverSi that is relevant forOj

and for which Reti,j(x) = opt(j, x).
Our above discussion now shows thatRetrieve(x) just

needs to do the following. If
n∑

j=1

opt(j, x) ≤ (Bmax − B), (6)

then Retrieve(x) outputs “Yes” and returns the server
best(j, x) for each objectOj ; otherwise if Eq.6 is false,
Retrieve(x) outputs “No”. This completes the description
of the functionRetrieve(x).

Finally, recall that our main algorithm simply needs to
find x0 as in Eq.5, and return the output ofRetrieve(x0).

We can discretize this problem by allowing an absolute error
of at mostε in the value ofx0; ε is a given error parameter
here, which can be specified by the user. (An approxima-
tion such as this is reasonable since, in reality, the functions
ri,j will themselves be approximations of the actual offered
bandwidths.) DefineM = d(t1 − t0)/εe. We divide the inter-
val [t0, t1] into M equal intervals, each of length at mostε,
by defining

t′0 = t0; t′1 = t0 + (t1 − t0)/M ; · · ·
t′i = t0 + i · (t1 − t0)/M ; · · · ; t′M = t1.

Thus, our algorithm needs to find the largest valuek
such thatRetrieve(t′k) returns “Yes”, and to output the
corresponding choice of servers. While this can be done by
running Retrieve(t′`) for all ` = 1, 2, . . . , M , there is a
faster method. Supposek is the largest value of̀ such that
Retrieve(t′`) returns “Yes”. Then, it can be checked that
for all ` = 1, 2, . . . , k − 1, Retrieve(t′`) will return “Yes”;
also, for all ` = k + 1, k + 2, . . . , M , Retrieve(t′`) will
return “No”. So,k can, in fact, be found within O(logM )
invocations ofRetrieve(·) via binary search.

Theorem 3.1 For any given available buffer capacity
Bmax − B, any collection of non-negative bandwidth func-
tionsri,j(t) and any parameterε, we can efficiently find a re-
trieval schedule in which buffer overflow (if any) takes place
within ε time of the latest possible overflow time. The running
time of the algorithm depends multiplicatively onlog(1/ε).

3.2 Extensions to dynamically changing buffer size

In Sect. 3.1, we assumed that the available buffer capacity in
the interval [t0, t1] was a constant atBmax −B. However, it
could be that the available buffer space varies dynamically
due to the addition and deletion of other objects. We model
this situation by assuming that the available buffer capac-
ity, as a function of time, is given by a functionBavail(t).
(Theorem 3.2 summarizes our results in this direction.)

There is an interesting case to which Theorem 3.1 gener-
alizes to. Suppose the buffer is intermittently fed with other
data also; i.e., suppose thatBavail(t) is an arbitrarynon-
increasingfunction. (In particular,Bavail(t) could be a con-
stant, as in Sect. 3.1.) Observation 3.1 holds even for this
case, since buffer space is only shrinking. So, it can be seen
that Theorem 3.1 holds even underanynon-increasing func-
tion Bavail(t): this is part (i) of Theorem 3.2.

What about the case of arbitrary functionsBavail(t) that
can grow and shrink over time? We cannot employ Obser-
vation 3.1: just because the buffer was not overfull at time
x, there is no guarantee that there was no overflow until
time x. Indeed, an overflow could have happened at time
x′ < x; Bavail(t) may then have increased sufficiently in
the interval [x′, x] so that the buffer was not overfull at
time x. The case of general functionsBavail(t) and ri,j(t)
looks difficult to handle in full generality. Nevertheless, even
if Bavail(t) is an arbitrary given function, we can solve the
problem to optimality if the functionsri,j(t) come from a
family of functions that generalizes the function family (P1)
introduced in Sect. 2; we now show this.

To define this family, we start with some definitions.
Recall the definition ofsi,j from Eq.3, and the corresponding
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notion of a serverSi being “relevant” forOj . SupposeSi and
Si′ are relevant forOj , with i 6= i′. We say thati dominates
i′ wrt j iff: (a) si′,j ≤ si,j , and (ii) for all t ∈ [si,j , t1],
ri′,j(t) ≤ ri,j(t). We call the functionsri,j(t) well-behaved
iff for each j, there is somei∗ such that: (a)Si∗ is relevant
for Oj , and (b) for alli 6= i∗ such thatSi is relevant forOj ,
i∗ dominatesi wrt j.

We show in part (ii) of Theorem 3.2 that even ifBavail(t)
is arbitrary, we can solve the problem as long as theri,j are
well behaved. Before that, we first show that the family of
well-behaved functions is rich in the sense that it includes
the practically important family of functions (P1) that we
defined in Sect. 2.

Lemma 3.2 Suppose all the functionsri,j come from the
family (P1) of Sect. 2. Then, theri,j are well behaved.

Proof. Recall the notation of (P1). SupposeSi is relevant for
Oj . Then, it is easy to check thatsi,j = t1 − bj/ai,j ; also,
si,j ≥ t0 andsi,j ≥ Ti,j , sinceSi is relevant forOj . Define
i∗ to be any index such thatSi∗ is relevant forOj , and such
that si∗,j = min{si,j : Si is relevant forOj}. Then, it is
simple to check that for alli 6= i∗ such thatSi is relevant
for Oj , i∗ dominatesi wrt j.

Theorem 3.2 (i) Theorem 3.1 generalizes to any non-
increasing buffer-availability functionBavail(t) also. (ii) Sup-
poseBavail(t) is arbitrary. If the bandwidth functions{ri,j}
are well behaved, then for any parameterε, we can effi-
ciently find a retrieval schedule in which buffer overflow (if
any) takes place withinε time of the latest possible overflow
time. The algorithm’s running time depends multiplicatively
on log(1/ε).

Proof. Part (i) was proved above. For part (ii), consider any
Oj . By the definition of “well-behaved”ness, there exists
somei∗ such thatSi∗ is relevant forOj , and such that for
all Si that are relevant forOj , i∗ dominatesi wrt j. We
denote such ani∗ by f∗(j).

Suppose there exists some algorithmA for retrieving
all the objects by timet1, such that for some given time
x ∈ [t0, t1], there is no buffer overflow until timex. We now
show that such a retrieval is possible if we choose server
Sf∗(j) for eachOj , and then employ the greedy schedule
introduced before. The proof is similar to that of Lemma
3.1, and is as follows. SupposeOj is not retrieved by the
greedy approach; let the notation bufA(t), xj , g(t) andhj(t)
be as in the statement and proof of Lemma 3.1. SupposeOj

is retrieved from some serverSi by A; we havexj ≤ si,j ≤
sf∗(j),j . (The last inequality follows from the definitions of
domination and off∗(j).) Thus, as in the proof of Lemma
3.1, we need only show that if we retrieveOj in the greedy
manner from serverSf∗(j), then for anyt ∈ [sf∗(j),j , t1], the
amount ofOj retrieved is at mostg(t). Analogously to Eq.4,
we have

bj = g(t1) = g(t) +
∫ u=t1

u=t

hj(u)du ≤ g(t)

+
∫ u=t1

u=t

ri,j(u)du ≤ g(t) +
∫ u=t1

u=t

rf∗(j),j(u)du;

the last inequality follows sincef∗(j) dominatesi wrt j.
So we haveg(t) ≥ bj − ∫ u=t1

u=t
rf∗(j),j(u)du. But, for the

greedy schedule, the number of bits ofOj that have been
retrieved by timet is exactlybj − ∫ u=t1

u=t
rf∗(j),j(u)du. Thus,

we may as well retrieve eachOj from Sf∗(j), and employ the
greedy schedule. Given this fact, functionRetrieve(x) is
straightforward to implement, and hence the main retrieval
algorithm can be designed through O(logM ) invocations of
Retrieve(·), just as in the proof of Theorem 3.1.

3.3 Fuzzy presentation times

Recall that our assumption all along has been fixed object
presentation times, i.e., that the user wishes to see the set
of objectsAi at time ti, for i = 1, 2, . . . , s. However, ob-
ject presentation times can be flexible: the user may tolerate
slight variations in viewing times, as long as all such varia-
tions lie within guaranteed bounds [1]. In particular, suppose
we can actually display the set of objectsAi at any time in
the intervalI = [ti − δi, ti + δi]. We can take advantage of
this flexibility in further postponing buffer overflow, or in
optimizing some other such objective function. Since our al-
gorithm essentially computes an optimal schedule for each
possible viewing time lying inI, our framework above can
be easily extended to such situations. Briefly, we first dis-
cretize the intervalI into sub-intervals of lengthε′ for a
suitably smallε′. For each of the 1 + 1/ε′ discretized points
t′i in I, we compute the latest overflow time as described
above; we may then choose an “optimal” pointt′i by which
to load all ofAi into the buffer, using any other desirability
criteria that we may have.

3.4 Lesser assumptions about the system

For a < b, let Ni,j(a, b) denote the maximum amount ofOj

that Si can provide during the interval [a, b]. As remarked
in Sect. 2, there are settings in which there may not exist
any functionsri,j such that for alla, b, Ni,j(a, b) equals the
value (1). For instance, suppose a serverSi requires aseek
time αi,j(a) before initiating a request forOj that arrives
at time a. (This seek time may depend on the value ofa,
since it could be influenced by the prior commitments ofSi

at timea.) Then, we have

Ni,j(a, b) = 0 if a + αi,j(a) ≥ b; otherwise,

Ni,j(a, b) =
∫ t=b

t=a+αi,j (a)
ri,j(t) dt. (7)

It can be verified that under such circumstances, there
may exist no collection of non-negative functionsRi,j , such

that Ni,j(a, b) equals
∫ t=b

t=a
Ri,j(t) dt for all a, b. Hence, as-

suming the existence of functions such asri,j may be ques-
tionable in some situations. However, this is not a problem
for our algorithms: note that the only type of value they
require isNi,j(a, b), which they compute using (1). Thus,
all we require is that the functionsNi,j are known (e.g.,
through a formula such as (7)).
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4 Buffer release

When buffer overflow occurs, some of the object(s) already
resident in the buffer need to be evicted. We can release
objects based on some known techniques such asleast re-
cently used(LRU) objects or more sophisticated caching al-
gorithms using randomization [5]. We now propose another
such algorithm for evicting objects from the buffer, in situa-
tions where we wish to keep the total size of evicted objects
as small as possible. This is useful in situations where we
do not expect much correlation between different object re-
quests, and where buffer capacity is a valuable resource.

To make our problem more precise, note that the buffer
needs to have all the currently requested objectsO1, O2, . . . ,
On, which have total capacityB0 =

∑n
j=1 bj ≤ Bmax. We

wish to retain “as many” of the remaining setS of objects
in the buffer, without violating the buffer’s capacity, i.e.,
the total capacity given toS is B1

.
= Bmax − B0. There

are two natural objective functions here, to formalize the
above-seen phrase of “as many”: (i) choose a sub-setS1 of
S with as large total capacity as possible, so that the total
capacity ofS1 is at mostB1 (so we can pack these objects
into the buffer); or (ii) remove a sub-set of smallest total
capacity fromS, so that the remaining objects have total
capacity at mostB1. From the viewpoint of optimization,
these two problems are equivalent:S1 ⊆ S is an optimal so-
lution for (i) iff S2 = (S −S1) is an optimal solution for (ii).
However, note that (i) is just the NP-hardknapsackproblem
[6]; hence, both (i) and (ii) are NP-hard. Thus, one could
look for approximation algorithms:efficientalgorithms that
provide solutions to withinguaranteedfactors of optimal.
For (i), we can employ the provably good approximation
algorithms of, e.g., Lawler [10]. However, note that maxi-
mization and minimization problems that are equivalent in
terms of optimization, often display substantial differences
in terms of approximation [7]; we provide a provably good
approximation algorithm for problem (ii) now.

Our approximation algorithm for (ii) is simple and easily
implementable. We keep the objects ofS in sorted (non-
decreasing) order of their capacities. Suppose the objects
of S in this order areO′

1, O
′
2, . . . , O

′
m, with the respective

capacities ofb1 ≤ b′
2 ≤ · · · ≤ b′

m.

Case 1:b′
m > B1. In this case, we remove all objectsO′

i
and stop.

Case 2: b′
m ≤ B1. Let i be thesmallestindex such that

b′
i+1 + b′

i+2 + · · · + b′
m ≤ B1 (such an indexi exists; since

b′
m ≤ B1, i ≤ m − 1). There are two sub-cases here.

Case 2a:(b′
1 + b′

2 + · · · b′
m) − b′

i ≤ B1. In this case, we
only remove objectO′

i.

Case 2b:(b′
1 + b′

2 + · · · b′
m) − b′

i > B1. In this case, we
remove the objectsO′

1, O
′
2, . . . , O

′
i.

This completes the description of the algorithm. It is easy
to check that after the object removals as described above,
the remaining objects have total capacity at mostB1.

We now analyze this algorithm and show that the total
capacity of objects removed is at most twice the optimal
amountOPT . We start with an obvious lower bound on
OPT :

OPT ≥
(

m∑
i=1

b′
i

)
− B1. (8)

Suppose Case 1 holds, i.e.,b′
m > B1. Thus, sinceO′

m

cannot be stored in the buffer, we haveOPT ≥ b′
m. Adding

this bound with Eq.8, we get

2 · OPT ≥
(

m∑
i=1

b′
i

)
+ b′

m − B1 >
m∑
i=1

b′
i,

the last inequality following from the assumption thatb′
m >

B1. Thus, the total capacity of removed objects in this case,∑m
i=1 b′

i, is at most twice the optimal amountOPT .
Next, suppose Case 2 holds. Ifi = 0, there is nothing to

prove, since we will not evict any objects. So supposei ≥ 1.
Let C = b′

1 + b′
2 + · · · + b′

i−1. By definition of i, we see that
b′
i + b′

i+2 + · · · + b′
m > B1; so, by Eq.8,

OPT ≥

 m∑

j=1

b′
j


−B1 = C +


 m∑

j=i

b′
j


−B1 > C.(9)

Now suppose Case 2a holds. Sinceb′
i + b′

i+1 + · · · + b′
m >

B1, at least one of the objectsO′
i, O

′
i+1, . . . , O

′
m must be

removed. However, each of these objects has capacity at
leastb′

i, due to our sorting. Thus, removing just objectO′
i is

an optimal solution in this case.
Finally, suppose Case 2b holds. Then, even if we remove

objectO′
i, we cannot accommodate all the remaining objects

in the buffer; thus,OPT > b′
i. Adding this with Eq.9, we

see that the evicted total capacity
∑i

j=1 b′
j = C +b′

i is at most
2 · OPT .

Thus, we have shown that our simple greedy algorithm
always removes at most twice the minimum capacity that
needs to be removed. In practice, we can make an enhance-
ment to the basic algorithm above; this has been imple-
mented in the collaborative multimedia presentation platform
that we describe in Sect. 6. In the case whereb′

m > B1, if
we haveb′

1+b′
2+· · ·+bm−1 ≤ B1, then we need only remove

objectO′
m. This additional step further improves the quality

of our buffer release algorithm.

5 Handling dynamic user interaction

Presentation of retrieved multimedia information can be
modified by operations such as reverse presentation, skip,
and scaling the speed. These operations modify the sequence
of objects to be presented and perhaps their times and du-
rations of presentations. Hence, the network bandwidth re-
quirements for the multimedia presentation may get mod-
ified. A new set of multimedia objects might have to be
retrieved from their sources, causing additional network ac-
cesses to be made. In this section, we will discuss how our
algorithm handles these operations by minimizing the num-
ber of network accesses that need to be made.

Reverse presentation.This operation directs the sequence of
a multimedia presentation backward in the time line. Ob-
jects that were already played need to be presented again,
according to temporal relationships in the reverse direction.
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Fig. 3. Collaborative multimedia presentation
platform

The proposed client buffer-optimal algorithm helps in max-
imizing the number of objects that can be held in the client
buffer of given size. Hence, it minimizes the number of net-
work accesses that need to be made for handling reverse
presentation operation. For objects that are not available in
the client’s buffer, theRetrieve algorithm can be invoked
to schedule their retrieval.

1. The first step is to stop the arriving objects (if any), as
they will not be useful for reverse presentation.

2. Present objects in the client buffer according to deadlines
in the reverse direction.

3. Invoke algorithmRetrieve for objects that are not in
the client buffer.

Skip time interval. Here, the client has to start viewing ob-
jects that will be presented (in the normal presentation se-
quence) after a specified time intervalSI. For this, the set of
multimedia objects that need to be presented after the inter-
val SI are identified. If this set of objects are part of playing
objects (PO) or arriving objects (AO), then the client can
start the presentation once the objects are available. For ob-
jects that are not available inPO andAO, the Retrieve
algorithm can be invoked. It should be noted here that the
Retrieve algorithm postpones retrieval of multimedia ob-
jects as much as possible. Hence, it helps in minimizing
the number of objects that are retrieved butnot presented
because of the skip interval operation.

Scale speed.Here, the duration of presentation objects have
to be scaled up or down by the given factorF . The pre-
sentation timesti of objects will also be modified based
on F . The proposedRetrieve algorithm already uses the
maximum available network bandwidth. However, since the
times and durations of objects presentations are modified by
the scale speed operation, the arrival time of objects need to
be computed again.

6 A collaborative multimedia presentation platform

FunctionRetrieve described earlier helps in identifying
the source (in a replicated environment) as well as the re-
trieval request time for an object composing a multimedia

document in such a way that the client buffer use is op-
timal. This approach also helps us to handle user interac-
tions such as reverse presentation and skip time interval.
It is easy to see that theRetrieve function is generic in
nature, dependent only on parameters such as object pre-
sentation time, the available network bandwidth to each of
the object sources, and the available client buffer. Hence,
we have developed acollaborative multimedia presentation
platform (CMPP) that incorporates theRetrieve function.
CMPP provides services such as scheduling the retrieval of
objects composing a multimedia document, as well as user
interaction services such as skip, reverse presentation, and
scale presentation speed. CMPP assumes that the network
service provider offers guaranteed QoS and advance reserva-
tion features, as shown in Fig. 3. CMPP adopts a two-phase
approach for identifying the retrieval schedule. In the first
phase, CMPP identifies andlocks(i.e., temporarily reserves)
the network bandwidth to each of the object sources. CMPP
uses theRetrieve function to determine the best object
source and retrieval time. In the second phase, CMPP either
commitsnetwork bandwidth to the selected object source
(for the determined time interval based on the identified re-
trieval schedule) or it releases the network bandwidth (that
has been temporarily locked) for other object sources.

Implementation experience.We implemented some of the
techniques discussed above over a 100-Mbps Ethernet net-
work of Sun Ultra Sparcs. The stored multimedia documents
carry information about wildlife and the corresponding au-
dio presents the sound made by each animal. Each mul-
timedia page is composed of objects such as text, image,
and audio. CMPP has been implemented as a Java applica-
tion using Java JDK 1.2beta4, as this version supports the
playing of audio in Java applications. Clients can be Sun
workstations (running Solaris OS) or PCs running Windows
95 (or Windows 98), with support for Java JRE1.2 or JDK
1.2. CMPP, on the client side, is composed of classes such
aspresentation, resolve, retrieve,andreleasebuffer. Thepre-
sentationclass includes use of windows for delivering multi-
media objects and handling user interaction such as skip and
reverse presentation. User interactions are interrupt-driven
and hence thepresentationclass is essentially multithreaded.
The resolveclass retrieves presentation specification: num-
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ber of objects, their spatial and temporal characteristics. It
also helps in interacting with an object’s sources to find out
whether an object can be delivered by a particular source or
not. Theretrieveclass implements theRetrieve algorithm
and identifies the best source and the retrieval time, with the
objective of maximizing the client buffer utilization. There-
leasebufferclass implements the buffer release algorithm.
Every time a new object is to be retrieved, this class checks
the available space in the client buffer. If necessary, objects
are released from the client buffer using the buffer release
algorithm discussed earlier in the paper.

The present implementation of CMPP is over TCP/IP.
We are considering the possibility of implementing CMPP
over networks that can offer guaranteed QoS in environ-
ments such as ATM. In the current implementation, the av-
erage execution time for the functionRetrieve is 750 ms.
This time includes the two-phase process of identifying the
available network bandwidth and then making the decision
on the ideal source and retrieval start time for each object. In
the current implementation, client buffer size was given an
upper limit of 7 MB. With this upper limit, user interaction
such as reverse presentation resulted in an average of 30%
less network accesses. One can find more information about
CMPP by visiting the URLhttp://cram.iscs.nus.edu.sg:8080/
∼baip/cmpp. ALB can be integrated into a multiserver web
environment to select an appropriate server that can poten-
tially respond to a client’s request. For this purpose, we
can employ a TCP router that uses ALB along with domain
name services (DNS), as shown in Fig. 4. The router should
be capable of handing over the TCP connection to the cho-
sen server in a manner that is transparent to the client. We
are in the process of carrying out this idea.

7 Related work on retrieval schedule generation

ALB determines objects’ retrieval schedules from possible
servers and uses them to identify thebest server from the
point of view of optimizing client buffer utilization. In this
section, we describe approaches presented in the literature on
retrieval schedule generation for multimedia presentations.
The derivation of retrieval schedules for distributed multi-
media presentation has been studied in many works, such
as [11, 12, 16, 18]. In [12], the presentation of multimedia
objects is based on a Petri nets description of the temporal
specification. The retrieval schedule is derived by assuming
a certain bandwidth to be provided by the network service

provider. Based on the derived retrieval schedule and the as-
sumed network bandwidth, estimates for the buffer resource
requirements on the client system are made. However, the
proposed algorithm does not check whether the estimated
buffer resources are available or not. Also, it does not han-
dle replication of objects on multiple sources.

In [11], Li et. al.use time-flow graphs to capture interval-
basedfuzzypresentation schedules, and synchronization of
independent sources. Their algorithms guarantee that there
will be no gaps in the source’s information delivery sched-
ules. However, they do not address the issues of object repli-
cation on multiple servers, constraints on resources such as
network bandwidth and client buffer. As in [12], in [16], the
authors use a Petri net model to describe temporal specifica-
tions, and they base the retrieval schedules for single-object
source on the fixed presentation schedules. In [18], Thimm
and Klas describe a method which adapts the presentation
schedule to the changes in the resource availability by mod-
ifying the overall quality of the presentation. They also do
not consider object replication over multiple servers.

In [1], the authors have proposed a flexible retrieval
schedule algorithm for single-object sources. We can also
deal with flexible presentation schedules as shown in
Sect. 3.3, and deal with replicated objects on multiple servers.
[14] addresses the problem of buffer sharing at the media
source for maximizing the utilization of disks and buffer. In
our approach, we maximize the number of played objects
that can be held in the buffer at each stage, on the client
side. This helps in handling user operations such as reverse
presentation.

8 Summary and conclusion

Popular Internet servers offering extensive multimedia con-
tent often have to be replicated for improving their availabil-
ity and performance. A client request to such highly avail-
able and scalable servers have to be routed to an appropriate
server. The methodology employed for server selection is an
important criteria that will influence the performance of the
system. In this paper, we have presented a content-based,
client-centric approach,ALB), for this purpose. ALB exam-
ines the contents of a clients request, negotiates with the
possible servers for the requested objects, and identifies the
best server to deliver the object. Identification of thebest
server is done in such a way that the client can maximize its
buffer utilization. ALB also helps in postponing objects’ re-
trieval as close to their presentation time as possible. These
features help clients to handle dynamic user interactions such
as skip, navigate in time, and reverse presentation. We have
proven that the greedy approach used by ALB is optimal
in terms of client buffer utilization. We have used ALB to
develop a CMPP. We are in the process of integrating ALB
in an Internet environment by incorporating features such as
name services and connection-handoff protocol.
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