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Abstract

Recent advances in Information and Communication technologies have made multimedia on

demand services technically and economically feasible. An important aspect of such systems is the

resource sharing technique, which allow the contemporaneous service of a large number of user

requests with a considerable saving in terms of network bandwidth and server resources. In this

paper, we report the results of a study which analyzes batching and buffering techniques to group

and serve together video requests. The mathematical model allows the evaluation of the main sys-

tem performance (probability distribution of the number of streams, percentage reduction of re-

sources, etc.) as a function of load and batching interval duration. Simulation experiments confirm

the analytical model in the whole range of considered conditions.
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Abstract

Recent advances in Information and Communication technologies have made multimedia on

demand services technically and economically feasible. An important aspect of such systems is the

resource sharing technique, which allow the simultaneous service of a large number of user re-

quests with a considerable saving in terms of network bandwidth and server resources. In this pa-

per, we report the results of a study which analyzes batching and buffering techniques, that is

grouping and serving together video requests. The mathematical model allows the evaluation of the

main system performance (probability distribution of the number of streams, percentage reduction

of resources, etc.) as a function of load and batching interval duration. Simulation experiments

confirm the analytical model in the whole range of considered conditions.

I  Introduction

Multimedia systems providing on demand services, as Video on Demand (VoD), distance learn-

ing, internet video broadcast, etc. are now full feasible thanks to recent advances in networking and

computer technologies. One of the most challenging aspects of such systems is the architecture de-

sign for providing the required service with the appropriate Quality of Service (QoS). QoS is deter-

mined by several parameters (such as I/O bandwidth, memory requirements, etc.) which behave as

critical components in designing system architecture; in fact, the system must satisfy the real-time

constraints for continuous delivery of video objects at a specified bandwidth.

There are many approaches to improve the efficiency of Multimedia on Demand systems by

managing critical resources [1]. These include disk scheduling and data placement algorithms, tech-

niques for memory management or strategies for CPU and other resources scheduling, data and re-

sources sharing [2]. Several approaches for optimizing system performance, by sharing the avail-

able resources, consider, as critical resource, the I/O bandwidth required to satisfy the client request.

The objective is to reduce the bandwidth demand increasing the number of client requests which
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can be served simultaneously. The most important techniques proposed to implement the mentioned

optimization comprehend batching of requests, merging of video streams, buffering of central

memory and patching schemes.

In the batching technique [1] [3], client requests for the same video, emitted during a short inter-

val of time, i.e. the batching interval, are grouped in a batch and the display of the video is delayed

for the batching interval. Thus, multiple customers requiring the same video within this batching

interval can be served by multicasting the same video stream, with considerable savings in server

and network capacity.

In merging strategies, the video streams are merged into a single one by adjusting the display

rates of requests for the same object. Some applications of these techniques are described in [4] [5].

The third method, i.e., the buffering technique, consists in using the central memory as buffers,

holding a given number of frames behind a video stream. Subsequent requests for that video, within

the batching interval, can be served by using the buffer rather than requesting another I/O stream to

the server [6] [8].

The patching scheme relies on more sophisticated user apparatuses which must be able to receive

two streams simultaneously. The user request is served by an existing stream for that video object

(if there is any) which is buffered in the user apparatus and simultaneously a new stream is re-

quested to the server for the frames already transmitted [9] [10].

These functions may be implemented in a multitiered hierarchical distributed video server as de-

picted in Fig.1. Through a Residential Access Network (RAN), clients are connected to a Local

Switching Office (LSO) storing the most popular video programs. User requests can be satisfied by

the LSO or may be forwarded either to Regional Video Servers through a Metropolitan Area Net-

work (MAN), or to remote servers through a backbone network [1]. Alternatively, the previous

functions can be implemented in a standard internet environment [11].

The techniques mentioned before can be exploited at various levels of the hierarchy. In this pa-

per we analyze system performance in the hypotheses of batching and buffering techniques applied

at one level of the hierarchy. In particular, we evaluate the probability distribution of the number of

batches and the percentage reduction of resources as a function of load and batching interval.

The paper is organized as follow. Section II provides a customer behavior model based on a

queuing network, introducing the performance evaluation parameters used to investigate the model

performance. In Section III we study the effectiveness of the model and achieve numerical results;

besides we simulate the system operations and discuss simulation results as a measure to validate

the proposed model. Section IV presents the concluding remarks.
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Figure 1. Multimedia on Demand System

II  System Modeling

II.1 System Description

In this section we describe an analytical model to study users behavior in a multimedia system

which adopts buffering or batching techniques.
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We consider NU users connected to the multimedia system. Each free user generates a new video

request following an exponential distribution with parameter λ [requests/min]. Let πc and Sc be, re-

spectively, the request probability and the duration of video c, with c=1, 2, …, NF, where NF is the

total number of available video programs in the system. For sake of simplicity, we suppose that the

only interactive user operation is the video request, i.e., there are no VCR-like operations (e.g.,

pause, stop, fast-forward, rewind, etc.). Let NAU be the maximum number of simultaneous active us-

ers, i.e., users with a video display in progress.

The analysis is conducted following two phases. In the first one the number of requests for each

video program is evaluated using standard queuing models. The second phase, based on the results

of the first one evaluates the main system performance parameters (probability distribution of the

number of batches, percentage reduction of resources, etc.) as a function of load, blocking interval,

etc. The analytical results are validated by simulation in the considered context.

As regard the first phase, we describe the system with a closed queueing network (see Fig. 2)

composed by  two service centers and NF+1 classes. The first center considers users belonging to

class 0, which corresponds to the idle state. It can be modeled by an Infinite Servers (IS) service

center, with exponential service time. The second center models users in the active state. Each user

belongs to a class which corresponds to the requested video. At service completion, the user returns

in the first center at class 0. Also this second service center can be modeled as an Infinite Server

(IS) service center, with a constraint on the global number of users which cannot exceed the maxi-

mum value NAU. The service time in this second center is supposed general with an average value

Tc. The hypothesis of infinite servers means that there are no upper limits in the number of permit-

ted streams. This unusual choice is determined by the consideration that this model has been devel-

oped as an aid to the synthesis ( rather than in the analysis) of a multimedia system.

Service Center 1
(Idle State)

Service Center 2
(Active State)

Class 0

Classes
1, 2, …, NF

1
2

NU

1
2

NAU

Figure 2. System modeling with queueing network

After the first request, all users that make requests for the same video in the batching interval tB

are grouped together sharing the system resources. With the buffering technique, the allocated re-

sources for each group are released when the last user ends video display. Then the service time of
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an active class c user is equal to the deterministic video duration Sc. With the batching technique,

users belonging to the same batch are served together and video display starts at the end of the

batching interval. In this case, the service time is general with an average value given by the sum of

the deterministic video duration and the mean waiting time before video start. Since the incoming

video c request represents a random point within the batching interval, the mean waiting time is tB/2

[12], then the mean service time is Sc+tB/2.

II.2 Distribution of idle and active users

By hypothesis, the crossing class probabilities are:

p0,0 = 0; p0,c = πc ; pk,0 = 1; pk,c = 0; (1)

with c =1, …, NF and k =1, …, NF.

Let n(1) and n(2) be, respectively, the number of users at the first center and at the second one; let

nc, with c = 0, 1, …, NF, be the number of users at class c. To solve the queueing network, the first

step is the resolution of the following homogeneous system of linear equations [13], which admits

infinite solutions:

∑ =
= FN

d cddc py  y
0 , c = 0, 1, …, NF (2)

thus, the relative service time at class c is:

bc = yc·Tc c = 0, 1, …, NF (3)

and the relative service times at service centers are:

b(1) = y0·T0 b(2) = ∑ =
FN

c ccTy
1

 . (4)

In the stated hypothesis, the network admits a product form solution [14] and the state probabil-

ity is given by:

P(n(1), n(2)) = 
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with (n(1), n(2)) ∈ S (5)

where S = {( n(1), n(2)) | n(1)+ n(2)=NU , n(2)≤ NAU} is the states space and G is the normalization con-

stant. Since n(1)=NU – n(2) and the maximum value for n(2) is NAU, we have [14]:
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Once this constant has been found, it allows the evaluation of the marginal state probability for

the number of users at each center:
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P(n(1)=i) = P(n(1)=i, n(2) = NU - i) with i = NU – NAU, …, NU

P(n(2)=i) = P(n(1)=NU - i, n(2) = i) with i = 0, …, NAU (7)

and the marginal state probability for the number of users at each class c [13] with c = 1, …, NF:

P(nc = i) = 
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II.3 Batch Modeling

The second phase is based on the results of the first one and allows the evaluation of the prob-

ability distribution of the number of batches and the related performance indices.

Let nBc be the number of batches for the video c, with c = 1, …, NF. By the total probability theo-

rem, we have:

P(nBc = i) =  )()|(
0∑ =

===
AUN

j
ccBc jnPjninP  (9)

with c = 1, …, NF and i= 0, …, NAU.

It is to note that:

� P(nBc= 0|nc=j) = 0         j ≠ 0; with active users, the minimum value for nBc is 1, i.e., all users

require the same video in the batching interval;

� P(nBc= 0|nc=0) = 1 without active users, certainly, nBc is 0;

� P(nBc= i|nc=0) = 0          i ≠ 0; without active users, there are no batches;

� P(nBc= i|nc=j) = 0           i>j ; maximum value for nBc is j; in this case we have batches with

single user, that is, really, there are no groups of users, i.e., no

real batches.

We need the conditional probability P(nBc= i |nc= j ) for i=1, …, NAU and j = i, …, NAU. Let us

consider i batches with j active users of class c; let αα = (α1, α2, ..., αi) be the vector of the number of

users for each batch of class c, where αk is the number of users of the kth batch and α1+α2+ ...+αi=j .

Summing over all possible state αα, we obtain:

P(nBc= i | nc= j) = ∑
=+++ j

i

i

P
ααα

ααα
...

21

21

) ..., , ,( . (10)

Now, referring to the time diagram for request arrivals in Fig. 3, where tk is the instant of the kth

user arrival, the probability P(αα) is given by:

P(α1, α2, ..., αi ) = P(
1αt −t1≤ tB, 11+αt −t1 > tB)⋅P(

21 αα +t − 11+αt ≤ tB, 121 ++ααt − 11+αt > tB)⋅…⋅
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⋅P(
11 ... −++ i

t αα − 1... 21 +++ −i
t αα ≤ tB, 1... 11 +++ −i

t αα − 1... 21 +++ −i
t αα  > tB)⋅P(

i
t αα ++...1

− 1... 11 +++ −i
t αα ≤tB) . (11)

Each of the first i-1 terms is the probability that a time period tq-tp, with 1≤p≤q≤j, is less or equal

than tB with the time period tq+1-tp greater than tB. This probability (see Appendix A) is given by:

Φ(q-p+1) = P(tq-tp≤ tB, tq+1 -tp> tB ) = 
( )

)!( pq

te pq
Bc

tBc

−

−⋅− λλ

(12)

where λc is the accepted requests rate for video c at the active state center, that will be evaluated

later.

The last term of (11) is the probability that the time period between a first arrival and an xth one,

tp+x – tp+1, is less or equal than tB; then, simply by definition, this time period is an Erlang random

variable [12] with parameters x-1 and λc, thus:
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Using (12) and (13), (11) becomes:
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Thus, we have:

P(nBc= i | nc= j) = ∑
=+++ j

i
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Practically, we can evaluate this expression, with low computational costs, using a simple itera-

tive algorithm (see Appendix B).

2t 1αt1t 11+αt 21 αα +t21+αt i
t ααα +++ ...21121 ... −+++ i

t ααα 1... 121 ++++ −i
t ααα1... 221 ++++ −i

t ααα

··· ··· ··· ···

time

·····

t B t B t B t B

Figure 3. Time diagram for request arrivals

To evaluate the rate λc, we suppose that each idle user generates a new request, and thus transits

in the active state, following an exponential distribution with parameter λ; the average accepted re-

quest rate at the active state center is:

λF = λ⋅E[nR] (16)

where E[nR]  is the mean number of accepted video requests. Since no other requests are accepted
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when the active center is full, the random variable nR assumes the values:

nR = 




=
<−
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)2(

)2()2(

                      0
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 . (17)

Its average value is:

E[nR] = )()()()()()( )2(0 )2(

1

0 )2( AUAUU
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i U

N

i U NnPNNinPiNinPiN AUAU −−−=⋅−==⋅− ∑∑ =

−

=
(18)

then:

E[nR] = NU – E[n(2)]− (NU –NAU)P(n(2)=NAU) (19)

where E[n(2)]  is the mean number of active users.

By the splitting property of Poisson process [13], for class c, the accepted request rate at the ac-

tive center is:

λc = λF⋅πc (20)

where πc is the video c request probability.

II.4 Performance Indices

At this point we define some parameters for evaluating the performance of the analyzed multi-

media system.

The first performance parameter is the probability of unsuccessful video request, PU, i.e., the

probability that a user, making a video request, does not find available system resources because

there are already NAU active users. Taking into account the arrival theorem [15], when a user makes

a service request, in the transition instant from idle to active center, we must consider the system

with NU-1 users instead of NU. Thus, the unsuccessful probability is:

PU = P(n(2)=NAU) with NU-1 users in the system. (21)

Another parameter is the percentage reduction of resources requirement, R% :

R% = 100·
][

][
1

)2(

⋅







−

nE

nE B (22)

where E[nB] is the mean number of batches in the system:

E[nB] = ∑ ∑∑ = ==
=⋅=

F AUF N

c

N

i
Bc

N

c
Bc inPi]E[n

1 01
)(  (23)

and E[n(2)]  is the mean number of active users given by:
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E[n(2)] = ∑=
=⋅

AUN

i
inPi

0
)2( )( . (24)

III  Numerical results

In this section we provide numerical results of the analytical model and compare them with the

results obtained from simulation in a simple VoD system. We consider NU = 100 users, NF = 10

available video programs, a given request probability and a video duration per each video (see Ta-

ble I). The results illustrated are referred to the buffering techniques, the application to batching

may be easily obtained as described in section II by considering as the mean service time the value

Sc+tB/2.

The behavior of the mean number of batches, E[nB] , is observed as a function of the video re-

quest rate per user, λ [requests/min], the batching interval, tB [min] and the maximum number of

active users, NAU. Other important results are concerned with R%, that is the percentage reduction of

resources requirement when resources are shared among the users of a batch, with respect to the di-

rect allocation of resource to users; R% behavior is shown as a function of λ with parameter tB and

NAU. Moreover, we investigate the unsuccessful video request probability PU as a function of the ar-

rival rate λ and for different value of NAU and as a function of λ with NAU  as a parameter.

In all the following figures, the plain lines represent analytical results, while the simulation re-

sults are reported using the symbol '+'.

TABLE I

Video 1 2 3 4 5 6 7 8 9 10
Request Probability (πi) 0.2 0.2 0.15 0.15 0.075 0.075 0.075 0.025 0.025 0.025
Video Duration Si [min] 120 90 85 100 60 120 90 75 90 120

III.1 Mean number of active users and batches: E[n(2)] and E[nB]

A comparison of the mean number of active users, E[n(2)] , and E[nB]  is illustrated in Fig. 4,

where the maximum number of active users is NAU = 60.

We note that E[nB]  approaches to E[n(2)] for λ close to zero. This means that, for small values of

λ, the probability of more than one request for the same video in the time interval tB is not relevant,

then each batch has approximately one user. Note that the differences between the two curves be-

come larger when λ grows, here E[nB]assumes increasing values but keeps always below E[n(2)] .

This is due to the fact that there is a higher number of active users that are grouped in batches.

Figures 5 and 6 represent respectively the dependence of E[n(2)]  and of E[nB]  on the maximum

number of active users. In these figures, we consider a batching interval of tB = 10 minutes. The dif-

ference between the two curves becomes meaningful for large values of λ where the system has
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high blocking probability. For decreasing value of NAU each curve reaches the saturation for smaller

values of λ. On the other hand, for a fixed λ a reduction in the number of active users causes a re-

duction in the number of batches then for smaller NAU the saturation is achieved at a smaller value

of λ.
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Figure 4. Mean number of active users and batches vs. λλ (NAU = 60 users)
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Figure 6. Mean number of batches vs. λλ (tB = 10 min)

Fig. 7 shows E[nB]  as a function of NAU; we fix tB to 10 minutes and observe E[nB] for different

values of λ. For a fixed value of λ an increase in NAU causes an increase in E[nB] even though tB
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does not change. This is due to the fact that more requests arrive to the system in the batching inter-

val of fixed duration tB; such requests, eventually for different video objects, are then grouped in

different batches, thus increasing the number of batches. As far as λ is concerned, let us observe

that the curves with higher values of λ dispose all above those corresponding to lower values of λ,

this is due to the fact that if λ grows, for fixed NAU and tB, there is a greater number of batches.

Fig. 8 shows E[nB]  versus NAU for different values of the parameter tB. For a given value of NAU

and λ the mean number of batches decreases with the duration of tB  since a higher number of re-

quests may arrive to the system for a wider tB.

Figures 9 and 10 show E[nB]  as a function of the batching interval. As expected, fixed the re-

quests rate and the maximum number of active users, if tB increases, the mean number of batches

decreases. In fact, with higher values for tB, we have more requests in the same batching interval

and then a lower number of batches.
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III.2 Percentage reduction of resource utilization

Let us observe that the percentage reduction of resource utilization, R%, is meaningful when

evaluating the bandwidth reduction in the case of shared bandwidth. Moreover, R% does not depend

on the particular video object  required by each batch and has a global meaning.

Figure 11 shows the behavior of R% versus λ for several values of NAU and tB=10 min. R%

grows for higher values of NAU, anyway such value strictly depends on the physical resources used

to implement the system.

In Fig. 12 R% is reported as a function of λ with parameter tB for NAU =60. R% increases for

higher value of tB that means more main memory in case of buffering or larger response time for

delivery video objects in case of batching.
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III.3 Unsuccessful video request probability

Figure 13 shows the probability PU that a customer request is refused, as a function of the arrival

rate λ for varying values of NAU. For small values of λ we note that PU keeps close to zero; gradu-

ally, for increasing values of λ, PU grows and reaches the maximum value for high values of λ.

Such behavior is due to the fact that for small λ there is a small number of active users then a new

video request is likely accepted. When λ grows, the number of users in the active state arises then

the blocking probability is higher. The smaller NAU the smaller is the value of λ where PU becomes

meaningful, such result is intuitively justified by a reduced capability of the system to satisfy cus-

tomer requests.

In Fig. 14 PU is function of NAU; the block has a high probability for  small values of NAU and de-

creases for increasing values of NAU.
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In the architecture design, we can use the previous figures to choose the values of the system pa-

rameters. For example, with a fixed value of the number of users and of the video requests rate,

from Fig. 14 we obtain the minimum value for NAU ensuring the system works with a given unsuc-

cessful probability; thus, fixed a batching interval, from a graph similar to Fig. 12, we can obtain

the percentage reduction of system resources.

III.4 Simulation environment

The simulator is an event oriented simulation program written in the C language using the li-

braries of the SMPL simulation language [16].

Two main events characterize the system behavior, both describing the transitions of the user re-

quests between the two service centers. Event 1 occurs when a user leaves the service center 1 to

reach the service center 2 in the queuing network, this corresponds to a transition from the idle state

to the active state. After the service, the user joins the service center 1 and returns to the idle state,

thus event 2 occurs. In case of lack of resources of the center 2, the request is not accepted and the

user makes a new attempt after a new round of service in center 1. The system clock advances when

one of these two events occurs.
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Interarrival times between two video requests for the same user are generated randomly by suit-

able exponential distributions. Users require videos following the request probability shown in Ta-

ble I.

Through simulation we measure the mean number of active users in the system, the mean num-

ber of batches and the unsuccessful video request probability as follows:

E[n(2)] = ∫
max

0
max

)(
1

T

users dttn
T

; E[nB] = ∫
max

0
max

)(
1

T

batches dttn
T

 ; PU = 
Vreq

Vref

N

N
   (25)

where nusers(t) and nbatches(t) are respectively the number of users in the active state and the number

of batches at the time t, and NVRef is the number of user refused requests during the simulation, and

NVReq denotes the number of attempted requests of users over the simulation duration, that is Tmax.

IV  Conclusions

In this paper we have developed a simple analytical model, validated by simulation, to study the

performance of a multimedia on-demand system with resource sharing, exploiting batching and

buffering techniques.

As we can see from the obtained results, high values for the batching interval give high perform-

ance, in terms of reduction of resources requirement, e.g., transmission bandwidth, I/O bandwidth

for video servers, etc. But this reduction causes an increase of the waiting time for each user with

the batching technique or an increase of memory required to store the video frames with the buff-

ering technique. Moreover, we have the maximum resources saving for high values of the video re-

quests rate, but, in this case, the system operates with high unsuccessful probability. The developed

model allows a good system design providing a tradeoff among these contrasting needs.

Appendix A

Let us consider a Poisson process with rate λ; let t1, t2, …, tj be the arrival instants. Now, we

evaluate the probability P(tq-tp≤ tB , tq+1 – tp>tB) with t1 ≤ tp ≤ tq ≤ tj-1. We have:

P(tq-tp≤ tB, tq+1 – tp>tB)=P(tq+1-tq+ tq- tp > tB , tq – tp≤ tB)=P(tq+1-tq+ τ > tB , τ≤ tB). (A.1)

Considering the total probability theorem and the memoryless property of Poisson process, ob-

serving that τ is an Erlang random variable with parameters λ and q-p, (A.1) becomes:

∫∫ −−
−>−===>+−

−−−−

++

BB t pqpqx

Bqq

t

Bqq dx
pq

xe
xtttPdxxPxtttP

   

0  

1

1

   

0   
1 )!1(

)(  )()|(
λτττ

λ

 . (A.2)

The first term in the integral is the probability that in the time interval tB – x there are no arrivals,
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i.e., ( )xtBe −−λ  by Poisson distribution, thus:

P(tq-tp≤ tB, tq+1 – tp>tB) = ( ) ( )∫ −
=

−−

−⋅−−−−−
−−

B B

B

t pq
B

tpqpqx
xt

pq

te
dx

pq

xe
e

   

0   

1

)!()!1(

λλ λλ
λ  . (A.3)

Appendix B

Here, we show a simple algorithm to evaluate the expression (15) with low computational costs.

Since the minimum dimension for each batch is one (i.e., each αk ≥ 1 where αk is still the number of

users in the kth batch) we can observe that it is possible to rewrite (15) as:

P(nBc=i | nc=j ) = )(  )()...(
1

1 ...

11

11

kj

j

ik

i

k

i

i

−=











∑ ∑

−

−= =++

−

−

αΨαΦαΦ
αα

 = ∑
−

−=

−−
1

1

)()|1(
~

j

ik

kjkiP Ψ      (B.1)

Fixed j= 2, …, NAU, it is possible to evaluate )|(
~

jiP  with a recursive expression, in fact:
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== ∑ ∑∑
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−
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(B.2)

that is:

∑
−

−=

−−=
1

1

)()|1(
~

)|(
~

j

ik

kjkiPjiP Φ (B.3)

with i=2, …, j and the initial condition:

)(  )|1(
~

jjP Φ= (B.4)

Now, we can build a simple algorithm to evaluate each P(nBc=i | nc=j ) for i=1, …, NAU and j = i,

…, NAU:

� Step 1:evaluation of each Φ(i) and Ψ(i) for i=1, …, NAU –1;

� Step 2:evaluation of initial conditions )(  )|1(
~

jjP Φ=  for j = 1, …, NAU;

� Step 3: for i = 2, …, NAU

for j = i, …, NAU

evaluation of P(nBc=i | nc=j ) and )|(
~

jiP .

In this algorithm, all loops require O( )2
AUN  iterations.
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