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ABSTRACT

The number of media streams that can be supported concurrently is highly constrained by the stringent require-
ments of real-time playback and high transfer rates. To address this problem, media delivery techniques, such as
Batching and Stream Merging, utilize the multicast facility to increase resource sharing. The achieved resource
sharing depends greatly on how the waiting requests are scheduled for service. Scheduling has been studied
extensively when Batching is applied, but up to our knowledge, it has not been investigated in the context of
stream merging techniques, which achieve much better resource sharing. In this study, we analyze scheduling
when stream merging is employed and propose a simple, yet highly effective scheduling policy, called Minimum
Cost First (MCF). MCF exploits the wide variation in stream lengths by favoring the requests that require
the least cost. We present two alternative implementations of MCF: MCF-T and MCF-P. We compare various
scheduling policies through extensive simulation and show that MCF achieves significant performance benefits in
terms of both the number of requests that can be serviced concurrently and the average waiting time for service.

Keywords: Scheduling, stream merging, video-on-demand (VOD), video streaming.

1. INTRODUCTION

Recently, the interest in media streaming has grown dramatically over the Internet, cellular networks, and
Cable TV. Currently, the main applications over the web include Live Webcasting, Web Conferencing, Video-
on-Demand (VOD), Distance Learning, Employee Training, Collaborations, Product Announcements, Surveil-
lance/Security, and many more. Unfortunately, the distribution of streaming media faces a significant scalability
challenge due to the high server and network requirements. Hence, numerous techniques have been proposed
to deal with this challenge, especially in the areas of media delivery (also called resource sharing) and request
scheduling. This study focuses on video streaming of recorded/stored content.

Video delivery can be done in a client-pull or a server-push fashion, depending on whether the channels are
allocated on demand or reserved in advance. The simplest client-pull technique is unicast, whereby each request is
serviced using a full stream. The cost of each request with this technique is very expensive in terms of both server
and network resources. Batching1–4 increases resource sharing by accumulating the requests for the same videos
and servicing them together using multicast streams. Stream merging techniques5–11 reduce the cost further by
aggregating clients into larger groups that share the same multicast streams. These techniques include Stream-
Tapping/Patching,5,12,13 Transition Patching,6,14 and Earliest Reachable Merge Target (ERMT).7,15,16 Server-
push techniques (also called Periodic Broadcasting techniques)17–21 divide each video into multiple segments and
broadcast each segment periodically on dedicated server channels. Thus, they can be used only for the most
popular videos and require the clients to wait until the next broadcast time of the first segment. This paper
considers the stream merging approach.

The degrees of resource sharing achieved by video delivery techniques depend greatly on how the waiting
requests are scheduled for service. Scheduling has been studied extensively with Batching,1,3, 4, 22,23 and the main
policies include First Come First Serve (FCFS),1 Maximum Queue Length (MQL),1 and Maximum Factored
Queue Length (MFQL).4 Despite the many proposed stream merging techniques and the numerous possible
variations, the issue of scheduling has not been investigated in the context of these scalable techniques. Our
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analysis here stresses that the choice of a scheduling policy can be as important as or even more important than
the choice of a stream merging technique, especially when the server is loaded. Prior work on stream merging5–7

employed the scheduling policies proposed for Batching, and the decisions as to what policy to choose among the
many available candidates were based on the performance results in the Batching environment. For example, some
studies5,6 used MFQL since it performs well with Batching. The Batching and stream merging requirements,
however, differ significantly. With Batching, all streams are equal in length to the duration of the video, whereas
stream merging techniques lead to streams that vary dramatically in length. Hence, the results in the case of
Batching cannot be generalized for stream merging.

This paper investigates scheduling in servers employing stream merging techniques and proposes a simple, yet
highly efficient scheduling policy, called Minimum Cost First (MCF). This policy captures the varying stream
lengths with stream merging techniques by selecting the requests requiring the least cost in terms of the required
stream length. We propose two alternative implementations of MCF: MCF-T and MCF-P. MCF-T selects the
requests in the video queue that requires the minimum total cost (i.e., for all requests), whereas MCF-P selects
the requests in the video queue with the least cost per request. For Patching and Transition Patching, we present
three MCF-P variants based on how the cost is determined for regular and transition streams.

We analyze, through extensive simulation, various scheduling policies in servers employing stream merging and
demonstrate and compare the effectiveness of the proposed cost-based schemes. The study considers three main
stream merging techniques, offering different levels of performance and implementation complexity: Patching,
Transition Patching, and ERMT. The analyzed performance metrics include the overall customer defection (turn-
away) probability, the average request waiting time, and unfairness against unpopular videos. The defection
probability is the most important metric because it translates to the number of customers serviced concurrently
and to server throughput. The average waiting time comes next in importance. Moreover, we evaluate the impacts
of server capacity, customer waiting tolerance, arrival rate, and number of videos on the results. Furthermore,
we compare various stream merging techniques when applied with the proposed schemes and examine a dynamic
implementation to find key design parameters in Patching and Transition Patching.

The main simulation results can be summarized as follows.

• The results with stream merging differ significantly from prior results in the case of Batching. For example,
MFQL performs poorly compared with MQL and FCFS, when stream merging is used.

• The proposed MCF policy provides outstanding performance benefits with all studied stream merging
techniques. Interestingly, it performs significantly better than existing policies in terms of both the defection
probability and the average request waiting time (the two most important performance metrics). Moreover,
it performs better in unfairness within the most important regions of operation than the best performer
overall among existing policies.

• The performance benefits of MCF increase with more scalable stream merging (i.e., the improvements are
better with ERMT than Transition Patching and with Transition Patching than Patching).

• The implementation MCF-P offers the best overall performance although it performs somewhat worse than
MCF-T in unfairness, which is far less important than the other two metrics.

• The improvements achieved by MCF-P compared with the best performer among existing policies can be
up to 50% in all three metrics, simultaneously. This demonstrates its remarkable performance benefits.

The rest of the paper is organized as follows. Section 2 discusses and provides preliminary analysis of
stream merging and scheduling policies. Then, Section 3 presents the proposed scheduling policies and Section
4 discusses the simulation platform, the workload characteristics, and the main performance evaluation results.
Finally, conclusions are drawn in the last section.

2. BACKGROUND INFORMATION AND PRELIMINARY ANALYSIS

2.1. Stream Merging

Stream merging techniques aggregate clients into larger groups that share the same multicast streams. In this
subsection, we discuss three main stream merging techniques: Patching, Transition Patching, and ERMT.



With Patching, a new request joins immediately the latest multicast stream for the object and receives the
missing portion as a patch using a unicast stream. When the playback of the patch is completed, the client
continues the playback of the remaining portion using the data received from the multicast stream and already
buffered locally. Since patch streams are not sharable with later requests and their cost increases with the
temporal skew to the latest multicast stream, it is more cost-effective to start new full multicast stream (also
called regular stream) after some time. Thus, when the patch stream length exceeds a certain value called regular
window or Wr, a new regular stream is initiated instead.

Transition Patching allows some patch streams to be sharable by extending their lengths. It introduces
another multicast stream, called transition patch. The threshold to start a regular stream is Wr as in Patching,
and the threshold to start a transition patch is called the transition window (Wt). The transition patch length
is equal to the difference between the starting times of the patch stream and the last regular stream plus 2Wt,
whereas the length of the patch stream is equal to the difference between the starting times of the patch stream
and the latest transition stream or regular stream. Therefore, the maximum possible patch length is Wt, and
the maximum possible transition patch length is Wr + 2Wt.

ERMT is a near optimal hierarchical stream merging technique. Basically, a new client or a newly merged
group of clients snoops on the closest stream that it can merge with if no later arrivals preemptively catch them.7

The target stream can later get extended to satisfy the needs of the new client (only after the merging stream
finishes and merges with the target), and this extension can affect its own merge target. ERMT performs better
than other hierarchical stream merging alternatives and close to the optimal solution, which assumes that all
request arrival times are known in advance.7,15,24

These three stream merging techniques differ in complexity and performance. Patching is the simplest to
implement since it allows only one merge during the client’s service period and allows only regular streams to
be shared. Hence, it enables the client to know the streams it will listen to in advance. Transition Patching
also informs the client about all the streams to listen to in advance, but it allows up to two merges per client.
ERMT is the most complex because it allows any number of merges that can help in maximizing resource
sharing. The client needs to be continuously informed about all previous streams for the same video, and the
client (or the server) needs to perform frequent calculations to decide on the next merge target when a merge
occurs. Consequently, selecting the most appropriate stream merging technique depends on a tradeoff between
the required implementation complexity and the achieved performance. Both the implementation complexity
and performance increase from Patching to Transition Patching to ERMT.

2.2. Request Scheduling

To facilitate scheduling, the server maintains a waiting queue for every video, routes incoming requests to their
corresponding queues, and applies a scheduling policy to select an appropriate queue for service whenever it has
an available channel. A channel is a set of resources (network bandwidth, disk I/O bandwidth, etc.) needed to
deliver a multimedia stream. All requests in the selected queue can be serviced using only one channel. The
number of channels is referred to as server capacity.

All scheduling policies are guided by one or more of the following primary objectives.

1. Minimize the overall customer defection (turn-away) probability.

2. Minimize the average request waiting time.

3. Minimize unfairness.

The defection probability is the probability that a new customer leaves the server without being serviced because
of a waiting time exceeding the user’s tolerance. It is the most important metric because it translates directly to
the number of customers that can be serviced concurrently and to server throughput. The second and the third
objectives are indicators of customer-perceived quality of service (QoS). It is usually desirable that the servers
treat equally the requests for all videos. Unfairness measures the bias of a policy against cold (i.e., unpopular)

videos and can be obtained by the following equation: unfairness =
√

∑Nv

i=1(ri − r̄)2/(Nv − 1), where ri is the



reneging probability for the waiting queue i, r̄ is the mean reneging probability across all waiting queues, and
Nv is the number of waiting queues (and number of videos as well).

Let us now discuss the main scheduling policies proposed for servers employing Batching.

• First Come First Serve (FCFS)1 - This policy acts fairly by selecting the queue with the oldest request.

• Maximum Queue Length (MQL)1 - This policy maximizes the number of request that can be serviced at
any time by selecting the queue with the largest number of requests.

• Maximum Factored Queue Length (MFQL)4 - This policy attempts to minimize the mean request waiting
time by selecting the queue with the largest factored length. The factored length of a queue is defined as
its length divided by the square root of the relative access frequency of its corresponding video. MFQL
reduces the average waiting time optimally only if the server is fully loaded and customers always wait
until they receive service (i.e., no defections).

3. PROPOSED MINIMUM COST SCHEDULING

In this paper, we analyze scheduling in servers applying stream merging techniques and propose a simple, yet
highly efficient scheduling policy, called Minimum Cost First (MCF). The idea of MCF is to exploit the variations
in stream lengths caused by stream merging techniques and give preference to the requests in the queue requiring
the least cost. The length of the stream (in time) is directly proportional to the cost of servicing that stream
since the server allocates a channel for the entire time the stream is active. By performing scheduling based on
the cost, the server is expected to support a larger number of concurrent customers. Moreover, it can reduce
the average request waiting time because server channels become available sooner for servicing new requests.
Furthermore, MCF-based scheduling is easy to implement and incurs only little implementation overhead.

The cost can be computed in different ways. We propose the following two alternative implementations of
MCF.

• MCF-T (T for “Total”) - This implementation selects the queue requiring the least total cost for servicing
all its requests. Thus, MCF-T aims at reducing the following objective function: F (i) = Li ×Ri, where Li

is the required stream length for the requests in queue i, and Ri is the (average) data rate for the requested
video.

• MCF-P (P for “Per”) - This implementation selects the queue with the least cost per request. The objective
function is F (i) = Li×Ri

Ni
, where Ni is the number of waiting requests in queue i. By incorporating the

MQL objective, MCF-P has the advantage of combining the benefits of MCF-T and MQL.

In certain situations, it may be desirable to modify the objective functions slightly because they introduce other
types of unfairness. In particular, with these functions, MCF-T and MCF-P can be biased against long videos
as well as high-quality videos. To remove this possible shortcoming, the objective functions can be modified
respectively as follows: F (i) = Li

Di
and F (i) = Li

Di×Ni
, where Di is the length of video i. In this study, we do not

seek to exploit the variations in video lengths or video data rates and thus these modified objectives are used.

MCF works with any stream merging technique. In the case of Patching, MCF favors patches over regular
streams and shorter patches over longer ones. With Transition Patching, MCF also tends to favor patches over
transition patches (but this is not always the case). ERMT does not have the concepts of regular streams and
transition patches. With ERMT, some streams may be extended but these extensions cannot be considered
by scheduling since they happen after the scheduling decisions have been made. When the server is loaded,
regardless of which delivery technique is used, MCF delays the services of long streams more than short ones
and thus long streams tend to benefit more from the batching effect.

In Patching and Transition Patching, regular streams and transition patches are longer than patch streams
but they are shared by all subsequent requests in Wr or Wt duration, respectively. The question arises as to
whether they can benefit from special treatment so as not to be delayed excessively. Therefore, we present three
variants of MCF-P, which differ in how regular streams and transition streams are treated.



• RAF (Regular as Full) - This variant simply uses the full length of regular streams and transition patches
in determining the cost. Thus, for a regular stream j for video i, Fj(i) = Di

Di×Ni
= 1

Ni
. For a transition

stream j for video i, Fj(i) =
2×Wti+sj

Di×Ni
, where sj is the skewness of the transition patch from the latest

regular stream, and Wti is the transition window (discussed in Subsection 2.1) for video i.

• RAP (Regular as Patches) - This variant computes the lengths of regular streams and transition patches
as if they were patches. Thus, for a regular stream or transition patch j for video i, Fj(i) =

sj

Di×Ni
, where

sj is the skewness from the latest regular stream or transition patch.

• RAS (Regular as Shared) - This variant amortizes the cost of regular streams and transition patches
considering that all subsequently serviced requests until the next regular stream or transition patch utilize
them. Hence, for a regular stream j for video i, Fj(i) = Di

Di×Nri
= 1

Nri
and for a transition stream j for

video i, Fj(i) =
2×Wti+sj

Di×Nti
, where Nri and Nti are the number of subsequently serviced requests until the

next regular stream or transition patch, respectively.

In RAS, Nri and Nti can be found dynamically through smoothing the results of recent history. They can
also be approximated by the expected number of arriving requests within Wr or Wt duration, respectively.
Thus, Nri = Wri × λi and Nti = Wti × λi, where λi is the request arrival rate for video i. By substituting
these values in the objective functions and using the optimal values of Wr and Wt derived in25 and,26 it can be
shown that for regular stream j for video i in Patching, Fj(i) ≈ Wri/2. With Transition Patching, for regular
stream j for video i, Fj(i) ≈ Wti/2, and for transition patch j, Fj(i) ≈ (2 + ki)/λi, where kj is the number of
transition patches, including transition patch j, since the latest regular stream.

The three MCF-P variants have close implementation complexities, which are also comparable to MCF-T,
assuming that RAS is implemented using the derived equations. Otherwise, RAS incurs a little more overhead
in updating Nri and Nti regularly.

4. PERFORMANCE EVALUATION

4.1. Simulation Platform

We have developed a simulator for a media server that supports various video delivery techniques and scheduling
policies. We have validated the simulator by reproducing several graphs in previous studies. The simulation
stops after a steady state analysis with 95% confidence interval is reached.

4.2. Workload Characteristics

Table 1 summarizes the workload characteristics used. Like most prior studies, we assume that the arrival of
the requests to the server follows a Poisson Process with an average arrival rate λ and that the access to videos
is highly localized and follows a Zipf-like distribution with skewness parameter θ = 0.271. We characterize the
waiting tolerance of customers by an exponential distribution with a mean of 0.5, 1.5, or 2.5 minutes.

We generally study a server with 120 videos, each of which is 120-minute long. We examine the server at
different loads by fixing the request arrival rate at 40 requests per minute and varying the number of channels
(server capacity) generally from 350 to 800. We also study the impacts of arrival rate, number of videos, and video
length. MCF is expected to perform better in workloads containing videos of varying lengths (time durations)
and data bit rates (if the original unmodified objective functions are used). In this paper, we do not seek to
exploit these variations because they lead to bias against long videos and videos with high quality encodings.
Interactive operations can be supported using contingency channels.27 Thus, the relative performance of various
scheduling policies in terms of defection probability, waiting times, and unfairness does not depend on these
operations as long as the fraction of server channels used for these operations is kept the same. To isolate the
impact of these operations, the reported server capacity in this study includes only the number regular (i.e.,
non-contingency) channels.



Table 1: Summary of Workload Characteristics
Parameter Model/Value(s)
Request Arrival Poisson Process
Request Arrival Rate Variable, Default = 40 Requests/minute
Server Capacity 350 to 800 channels
Video Access Zipf-Like with Skewness Parameter θ = 0.271
Number of Videos Variable, Default = 120
Video Length 120 minutes
Waiting Tolerance Model Exponential Distribution
Mean Waiting Tolerance (µtol) 0.5, 1.5, and 2.5 minutes

4.3. Result Presentation and Analysis

4.3.1. General Analysis

Let us start with the results in the case of ERMT, the most efficient and most complex of the considered stream
merging techniques. Figure 1 compares various scheduling policies in terms of customer defection probability
(which translates to the number of customers that can be serviced concurrently), waiting times, and unfairness
when the waiting tolerance of customers has a mean value of 0.5 minute. These results demonstrate that MCF-T
and MCF-P significantly outperform other policies in terms of both the number of customers that can be serviced
concurrently and the average request waiting time. They also perform better than MQL and MFQL in fairness
(towards unpopular videos) in the most important region of the curve (when the defection probability is less than
30%). In contrast with prior studies on Batching, MFQL performs the worst in both the defection probability
and the waiting times (which are the two most important metrics). As expected, FCFS always leads to the best
fairness (which is the least important metric). FCFS and MQL produce close results in defection probability,
but MQL achieves shorter waiting times, especially for low server capacities. MQL achieves the best overall
performance among the previously proposed policies and thus can be used as a reference for comparison with
our newly proposed schemes.

Figures 2 and 3 depict the results when Transition Patching and Patching are used, respectively. The results
exhibit similar behavior as those for ERMT. Comparing the three sets of results demonstrate that the benefits of
MCF-T and MCF-P in both the defection rate and waiting times generally are larger with more efficient stream
merging. Figure 4 summarizes the percentage improvements achieved by MCF-P versus MQL under the three
stream merging techniques. Note that the improvements achieved by MCF-P compared with MQL are up to
50% in all metrics when ERMT is used. Of course, when the number of server channels is over-provisioned,
the server already can support all incoming requests immediately and thus scheduling becomes irrelevant. This
explains why all policies perform the same beyond a certain point.

The conclusion here is that with proper weighing of performance metrics, MCF-P performs the best among
all policies, followed by MCF-T. MCF-T generally has the advantage of somewhat better fairness since it does
not favor longer queues, whereas MCF-P considers queue lengths. MCF achieves significant performance im-
provements in both of the most important metrics, compared with all other policies. It also improves the fairness
significantly, compared with the best performer among existing policies, when the server capacity is not too low.

4.3.2. Impact of Customer Waiting Tolerance

Let us now compare the performance of the two implementations of MCF (MCF-T and MCF-P) under different
levels of customer waiting tolerance. Only the results for ERMT are shown here to save space. The results
for Patching and Transition Patching are similar. Figure 5 plots the comparisons for three values of the mean
time of the waiting tolerance: 0.5 minute, 1.5 minutes, and 2.5 minutes. Smaller values correspond to higher
customer expectations and services closer to true Video-on-Demand. As expected, the defection rate decreases
with the waiting tolerance, but the average waiting time increases. Also as expected, MCF-P performs better
than MCF-T in the defection rate and waiting times, but MCF-T is more fair.

The performance gaps between MCF-T and MCF-P widen with the waiting tolerance. This happens because
requests can wait longer and thus the variation in queue lengths increases. One might have expected the
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Figure 1: Comparisons among Various Scheduling Policies [ERMT, µtol = 0.5 minute]
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Figure 2: Comparisons among Various Scheduling Policies [Transition Patching, µtol = 0.5 minute]
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Figure 3: Comparisons among Various Scheduling Policies [Patching, µtol = 0.5 minute]

performance gaps to be much wider since MCF-P computes the cost per request and considers both stream
lengths and queue lengths. There is, however, a correlation between the two factors that brings MCF-P close to
MCF-T because more popular videos tend to have longer queues and shorter streams.

Let us now discuss the effectiveness of the best implementation of MCF (MCF-P) in comparison with the
(generally) best performer among the previously proposed policies (MQL). Figure 6 compares these two policies
under three levels of waiting tolerance and shows that outstanding performance benefits achieved by MCF-P.
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Figure 4: Percentage Improvements of MCF-P vs MQL [µtol = 0.5 minute]

The performance improvements achieved by MCF-P in the defection rate and waiting times generally increase
with lower values of waiting tolerance. The reason is that the higher the tolerance is, the longer the waiting
queues become for the more popular videos. Hence, the different queues vary more significantly in length and the
queue-length factor plays a more important role, bringing MCF-P a little closer in behavior to MQL (although
the performance gap remains significant).
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Figure 5: Comparisons between MCF-T and MCF-P under Variable Customer Waiting Tolerance [ERMT]

4.3.3. Impacts of Request Arrival Rate and Number of Videos

Figures 7 and 8 depict the impacts of request arrival rate and number of videos, respectively. Server capacity
is fixed at 500 channels. Only the results for Transition Patching are shown here for space limitation. The
results for other stream merging techniques are similar. The results confirm that MCF-P consistently performs
significantly better than previous policies in terms of the two most important metrics. MCF-T performs close
to MCF-P in waiting times but the gaps between the two in defection probability are somewhat wide since the
mean waiting tolerance in these sets of figures is 1.5 minute. When the arrival rate exceeds 45 requests/minute
or the number of videos exceeds 160, MQL achieves lower defection probability than MCF-T. The unfairness
with MCF-P and MCF-T grows at relatively fast rates with the arrival rate. MQL starts to be more fair than
MCF-T when the arrival rate exceeds approximately 49 requests/minute and more fair than MCF-P when the
arrival rate exceeds 58 request/minute. This behavior suggests that the impact of favoring short streams (which
are likely for hot videos) in unfairness becomes more dominant than the impact of selecting longer queues as the
request rate increases.
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Figure 6: Comparisons between MQL and MCF-P under Variable Customer Waiting Tolerance [ERMT]
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Figure 7: Impact of Request Arrival Rate [Transition Patching, 500 Server Channels, µtol = 1.5 minute]

4.3.4. Analysis of Stream Merging and MCF-P Variants

From this point on, we modify the optimal equations of these design parameters by replacing the arrival rates
with the actual service rates, which are to be computed dynamically. The original equations were derived based
on the assumptions of immediate service and no defections (i.e., True Video-on-Demand). For existing scheduling
policies, the dynamic approach improves the performance of Patching and Transition Patching when the server

60 80 100 120 140 160 180 200 220 240
0

10

20

30

40

50

60

70

80

90

 C
us

to
m

er
 D

ef
ec

tio
n 

P
er

ce
nt

ag
e

 Number of Videos

  FCFS
  MFQL
  MQL
  MCF−T
  MCF−P

(a) Defection

60 80 100 120 140 160 180 200 220 240
0

10

20

30

40

50

60

70

80

90

100

 A
ve

ra
ge

 W
ai

tin
g 

T
im

e 
(s

ec
on

ds
)

 Number of Videos

  FCFS
  MFQL
  MQL
  MCF−T
  MCF−P

(b) Waiting

60 80 100 120 140 160 180 200 220 240
0

0.002

0.004

0.006

0.008

0.01

0.012

0.014

  U
nf

ai
rn

es
s

 Number of Videos

  FCFS
  MFQL
  MQL
  MCF−T
  MCF−P

(c) Unfairness

Figure 8: Impact of Number of Videos [Transition Patching, 500 Server Channels,µtol = 1.5 minute]



is loaded. The improvements become negligible with MCF-T and MCF-P, which tend to be more resilient to
such inaccuracies in computing Wr and Wt.

Let us now compare the performance of the three stream merging techniques when the newly proposed MCF-
P policy is employed and analyze the three variants of MCF-P. (RAP and RAS are applicable for only Patching
and Transition Patching.) Figure 9 plots the comparisons in the three metrics. The results are relatively similar
to those with previous scheduling policies, such as MFQL and MQL. MCF-P, however, widens the performance
gaps among stream merging techniques and makes the more complex ones even more efficient. The results
indicate that the gaps between the RAF, RAP, and RAS are wider with Patching and that RAP is generally the
best performer, although it is less fair than RAF. Moreover, RAP has smaller implementation complexity than
RAS. The higher unfairness with RAP and RAS compared with RAF is due to treating regular streams and
transition patches effectively as (or close to) patches, thereby increasing the chances of service to the requests
for hot videos, which tend to have shorter patches.
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Figure 9: Comparisons among Stream Merging Techniques and MCF-P Variants[µtol = 1.5 minutes]

4.3.5. Comparing the Performance of Scheduling and Stream Merging

Finally, let us compare the impact on performance of stream merging and scheduling. In Figure 10, ERMT
uses one, poor scheduling policy (MFQL), whereas Transition Patching uses different scheduling policies with
varying performance. These results demonstrate that the decision of what scheduling policy to select can be
more important and have stronger impact on performance than the choice of a stream merging technique. For
example, ERMT is the most scalable stream merging technique, but when applied with a poor scheduling policy,
it performs worse than Transition Patching, when the server is loaded.
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Figure 10: Comparing Stream Merging and Scheduling Performance [µtol = 1.5 minutes]



5. CONCLUSIONS

We have investigated the issue of request scheduling in streaming media servers applying stream merging. We
have proposed a simple, yet highly effective scheduling policy, called Minimum Cost First (MCF), and have
presented two alternative implementations: MCF-T and MCF-P. MCF captures the great variation in stream
lengths caused by stream merging. Thus, it favors the requests requiring the least cost, which is proportional
to the required stream length. MCF-T considers the cost for all requests in a video queue, whereas MCF-P
computes the cost per request in the queue. We have also presented three MCF-P variants, which differ in how
regular streams and transition patches are treated: RAF, RAP, and RAS.

We have compared various policies through extensive simulation in terms of three performance metrics: the
customer defection probability, waiting times, and unfairness. We have considered the impacts of customer
waiting tolerance, server capacity, request arrival rate, number of videos, and video lengths. The main results
can be summarized as follows.

• The results with stream merging differ significantly from prior results in the case of Batching. For example,
MFQL performs poorly compared with MQL and FCFS, when stream merging is used.

• Interestingly, MCF performs significantly better than existing policies in terms of both the defection prob-
ability and average request waiting time (the two most important performance metrics). Moreover, it
performs better than both MQL and MFQL in terms of unfairness in the most important regions of oper-
ation.

• MCF works well with all stream merging techniques. The benefits of MCF, however, in both the defection
rate and waiting times become larger when a more efficient stream merging is used. Thus, the improvements
are better with ERMT than Transition Patching and with Transition Patching than Patching.

• The performance improvements achieved by MCF-P, compared with the best performer of existing policies
(MQL), in the defection rate and waiting times, generally increase with lower customer waiting tolerance
(corresponding to higher customer expectations and service closer to true Video-on-Demand).

• The implementation MCF-P (RAP in particular) offers the best overall performance although it performs
somewhat worse than MCF-T in unfairness, which is far less important than the other two performance
metrics.
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