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Abstract

A network-aware application provides QoS to end-users without relying on service
guarantees from the underlying networks. This kind of application actively monitors the
performance variation of the network and adjusts resource demand accordingly. A
critical issue for such an application is the accurate estimation of the available bandwidth.
We propose a new bandwidth estimation algorithm for multimedia delivery network-
aware applications. The main QoS parameter is the time limit for delivery of a media
object. The algorithm uses the first fraction of the time limit to do bandwidth sampling
and then uses this knowledge to estimate future bandwidth. The algorithm has two
salient features. First, based on a t-distribution statistical model, it makes a controlled
conservative estimation of the available bandwidth. This estimation preserves the time
limit parameter with a confidence level.  Second, the algorithm dynamically
approximates the optimal amount of bandwidth sampling. It thereby maximizes the
media object being transmitted within the time limit. Simulation results as well as
experiments on real networks are presented to demonstrate the effectiveness of the

algorithm.
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Chapter 1

Introduction

1.1 The Quest for “Quality of Service”

Since its inception 40 years ago, the Internet has evolved from a few leased lines
connecting half a dozen large computers to millions of inter-connected networks
supporting all kinds of computing devices. Accordingly, the applications running on it
have evolved from character-based programs to all kinds of multimedia applications. In
the future, perhaps five years from now, the Internet is expected to connect various
mobile devices like cell phones and personal data assistants (PDAs) with much more
sophisticated features than exist today. Theses devices are expected to receive various
information including that from emails, news, stock quotes, and online games. Much of
this information will take the form of multimedia objects like images, sound, videos, and
3D graphic objects. These envisioned applications will create new challenges in the

design of future Internet protocols, across all the levels of the protocol stack.

In terms of the network layer, the Internet was originally designed to offer only one level
of service, the "best effort", to all its service users. In such an environment, all data
packets put into the Internet have the same priority; the networks do not provide any
guarantee on when a packet will be delivered or even whether a packet will be delivered
at all. However, as new applications continue to emerge, requirements for the quality of
data delivery become more diversified for different kinds of applications. Some
applications may need guaranteed delivery for every bit of data in transmission, while

others may focus much more on the average speed of the delivery; some applications are



sensitive mainly to the bandwidth the network is able to sustain, while others are equally
sensitive to bandwidth, delay and jitter. The quest for solutions to these problems has
been an active research area for the past decade, under terms like “Quality of Service”

(QoS) and “Differential Services” [Miloucheva, 1995], [Vogel, 1995].

1.2 Resource Reservation

One solution to these problems that has currently attracted a lot of attention is the
Resource Reservation Protocol (RSVP) and the “Integrated Services” it proposes [Zhang,
1993], [Braden, 1997]. The Internet envisioned by Integrated Services will provide a
number of service classes other than the “best effort”. The examples of such classes
include guaranteed service and controlled load service. For guaranteed service packets,
the Integrated Services provider makes sure the delay of the packets will be within a
specified time limit; for controlled load service packets, the Integrated Service provider
emulates a lightly loaded network in delivering them, even though the actual network

may be heavily loaded'. More service classes are under consideration and proposal.

To provide these services, substantial changes need to be made to hosts and routers.
Apart from telling the network where the packet is intended to go, the hosts must also
inform the network of the quality of service they expect for all the ensuing packets going
to the same destination, which is called flow specification. Then, each router on the path
from the sender to the receiver must determine whether it has enough resources (link
capacity, buffer, etc.) to satisfy the flow. This process is called admission control.
Based on admission control criteria, the router will either reject the request by sending an
error message to the flow initiator, or commit the resources and maintain some internal
states for the new flow. Finally, when packets of different flows arrive, routers need to

meet the agreed-upon flow requirements by doing packet scheduling among all the

! The controlled-load service provides no firm quantitative guarantees as guaranteed service does. When a flow is
accepted for controlled-load service, the router makes a commitment to provide a service equivalent to that seen by the
“best effort” flow on a light-load network. Therefore, a controlled-load service flow does not noticeably deteriorate as
the real network load increases. A good introduction to the implementation methods of both service modes is [White,
1997].



packets.

1.3 Network-aware Application

Although the resource reservation method provides a graceful solution to QoS, it has
been suffering from slow acceptance and deployment for two reasons. Firstly, since
RSVP requires the replacement (at least the upgrade of software) of a significant portion
of the routers currently running the Internet, the cost is high. Secondly, since RSVP
maintains states and schedules packets on the basis of each flow, it places a much heavier
computation burden on routers. How to address these issues is still under research

[Black, 1998] [Grossman, 2002].

One alternative approach that has generated a lot of interests in QoS-based multimedia
delivery application is the network-aware application [Bolliger, 1998], [Bolliger, 1999]
and [Wang, 1999]. These applications do not rely on the underlying network to provide
guaranteed quality and are built on the old “best effort” service model of the Internet. As
a result, they try to provide a trade-off between QoS parameters. For example, in
interactive multimedia applications like tele-education [Maly, 1997], application

designers may choose to trade image/video resolution for response time.

Instead of reserving a specific bandwidth before transmission, network-aware
applications actively monitor the performance variation of the network and attempt to
adjust their resource demands in response. For example, a server needing to deliver a
certain multimedia object to a client adapts the volume of data (in turn, the quality of the
multimedia object®) to be transmitted to the client, given different network bandwidth
availability. If the available bandwidth is low, the application reduces the size of the
object and thus reduces demands on the network; and if the bandwidth is high, the

application increases its demand to fully utilize the additional resources. In such a

2 In the real world, different applications may have different interpretations of what constitutes the “high quality” of a
multimedia object. In this thesis, we will always asswne quality correlates to the size of the object. Larger objects are
assumed to have higher quality.



method, the application can guarantee the delivery of an object to its client with a

meaningful QoS parameter like a user-specified time limit.

Several prototype systems have demonstrated this idea. In [Cheng, 2001], the author
presented a Tele-Learning system that delivers multimedia course materials (mainly still
images) to students over the Internet. The system allows the users to specify several QoS
parameters. The first one is time limit, which allows the user to specify the time the
transmission is expected to finish. The user can also set a target resolution and quality
(the quality represents the quantization factor of JPEG image compression), as well as a
set of criteria on how to trade off between resolution and quality in case the target cannot
be met given the condition of the network. The server will adapt the resolution and
quality of the requested image to provide the best image to the user while trying to

restrict transmission time to within the time limait.

1.4 Bandwidth Estimation Problem

Generally speaking, to deliver a user-requested multimedia object adaptively, the
network-aware application needs to go through three phases. Firstly, the server needs to
monitor the current network condition and estimate the available bandwidth in the brief
future period during which requested object will be transmitted. Secondly, given the
user-specified time limit and estimated bandwidth, the server calculates the volume of
data the network is able to handle and then adapts the object to that size. For instance, if
the object is a JPEG image, the application can adapt it in terms of the image resolution
and the JPEG quantization factor to produce a tailored JPEG image with the target size.
In the third phase, the tailored object is transmitted to a user. Figure 1.1 is an illustration

of the architecture of such a network-aware application, taken from [Bollinger, 1998].



apptication layer
7

i i
i ]
I monitor & reasct (P, prepare (0,0 1ansmit {Prgng) !
b Coonttorsot bandwidih wanstorm avaitatis | !
B |- ottty § b | by objent warsin o . Sl o5 5 4
dehuwst objeot to cHant

Qastity eadundion or hesgigiped ¥ Aty ]
§ ARpEBSION 5 ||
i i

Froadbamok,
From mavanrk

objact dellvery
acrogs aetwork

Figure 1.1, Network-aware Application Architecture

Obviously, the bandwidth monitoring and estimation are of critical importance to this
strategy. Only an accurate estimation of the available bandwidth allows the user request
to be met. In several previous studies, bandwidth-monitoring modules were
implemented in different ways. In [Bolliger 1998], where the purpose of the application
was to send a group of images (90 JPEG images in its experiment) from the server to the
client, the author used the bandwidth achieved from one image to estimate the bandwidth
for the next. The method is clever since in that way, all the data transmitted are real
application data; there is no overhead for bandwidth monitoring. However, not many
applications will be like the one described by the author, which had a large group of

objects to be sent at one time. Therefore, more general methods are needed.

In [Cheng, 2001}, the author used a different method to perform network monitoring and
estimation. Since the Tele-Learning system described was intended to provide course
materials interactively to students as they browsed the course content, it was expected
that significant idle time would pass by between two consecutive media delivery requests.
The bandwidth estimation method used in that system was to have the server maintain a
session for each client currently active and send testing packets periodically (e.g., every
15 seconds) to the client. The client then calculates the available bandwidth based on the
time needed to transmit the testing packet. In this way, each connection maintains a

history of bandwidth samples. When a media delivery request is made to the server, the



server estimates the available bandwidth of the future period by using some sort of
average of the history of the bandwidth samples. This method suffers from several
problems. Since the method uses a relatively long history of the bandwidth to predict the
future bandwidth, the estimation result is not very accurate. As the approach assumes the
availability of the history of the bandwidth information, the applicability of the method is
again restricted to those applications for which a long session is maintained, as in a Tele-
Learn system. An even more serious problem is that periodically sending random bits
along the network for bandwidth testing purposes when no real data transmission is
actually required can be a significant waste of the total bandwidth of networks because it

interferes with the traffic of other users running a congestion control protocol.

1.5 Thesis Objective

The subject of this thesis is the design of a new method of bandwidth estimation for
network-aware applications. Given a multimedia object to be transmitted and a user-
specified time limit, an application will use the first fraction of the time limit to do
bandwidth testing. Based on the average and the variance of the bandwidth samples
measured during the bandwidth testing period, this method gives an estimation of the
available bandwidth, guaranteeing that the transmission of an object will finish within the
time limit by a specific confidence level (e.g., 95%). Compared to the methods
discussed above, the new method obtains the most up-to-date bandwidth information; the
entire traffic including both bandwidth testing and real object transmission is bounded by
a user-specified time limit so that bandwidth testing will not occur when no actual

transmission is required; and the method has wide applicability.

A challenge in designing this kind of method was how to balance the time for bandwidth
testing and the time for data transmission. Since the bandwidth testing involves sending
random bits along the path to the client in order to obtain knowledge of the available
bandwidth, the time set aside for it is pure overhead. Using too much time for bandwidth

testing obviously decreases the amount of time available for real transmission. This



prevents the sender from sending an object of the largest size within the time limit. On
the other hand, using too little time for bandwidth testing yields less reliable knowledge
of the available bandwidth, and thus poses a risk of exceeding the time limit. If we want
to keep the same confidence level for finishing transmission within the time limit, a more
aggressive under-estimation of the bandwidth is needed, but such an estimation also
prevents us from achieving our goal of sending an object of largest size within the time

limit. Thus, an optimal trade-off strategy is required.

To meet the challenge, a statistical model was used to quantify the advantages and
disadvantages of bandwidth estimation spending. The new method used this model to
determine the proportion of the time limit for bandwidth testing that would yield the
largest size of the transmitted object. We will show that the bandwidth testing time

chosen by our method is a good approximation of the optimal amount.

1.6 Thesis Organization

In Chapter 2, we will first closely examine of the mechanisms of TCP congestion
avoidance and controlling, which are the underlying source for bandwidth fluctuation in
terms of the application layer. We also compare our method with those of related
research and emphasize the contribution of this thesis. In Chapter 3, we present the
mathematical model of bandwidth testing for the simple condition (where only one
server exists to serve the client) and give an algorithm to determine the amount of
bandwidth testing. Chapter 4 presents the simulation results for the algorithm. In
Chapter 5, we extend the model to the condition of a multi-server environment and
present the simulation results for the extended algorithm. In Chapter 6, we report the

experimental results for real networks. Finally, we draw our conclusions in Chapter 7.



Chapter 2

Background and Related Works

In this chapter, we will take a close look at the bandwidth estimation problem. We will
first explain some internal design issues of the TCP protocol, especially the congestion
avoidance and control mechanisms, which are the main reason for the difficulty of
bandwidth estimation. Then we will survey the related research in bandwidth modeling

and estimation and emphasize the main contribution of this thesis.

2.1 TCP Congestion Control

Transmission Control Protocol (TCP) [Postel, 1981] [Braden, 1989] is one of the two
most widely used protocols (together with IP) in today’s Internet. It provides a
guaranteed and in-order data stream delivery service on top of the unreliable service of IP.
In order for each packet sent out by the sender to be received properly, several factors
must be in place. Firstly, the receiver must have enough buffers to store the arrived data
yet to pass to higher layer. The TCP protocol achieves this by having the receiver
piggyback an advertise window on its ACK messages. The advertise window tells the
sender how much buffer area is available on the receiver side; thus, the sender should
never send out unacknowledged data larger than the advertised window size. Secondly,
even if the receiver has enough buffers, the routers on the path may not be able to keep
up with the speed at which the sender inserts data into the connection. In that case, we
say congestion has occurred, and the router begins to drop packets. One design goal of
the TCP protocol is to find out and sustain the largest bandwidth on a connection with

minimum congestion.



In order to control the congestion, the TCP protocol introduces a parameter called the
congestion window. The sender will never have outstanding data larger than the
advertised window size and the congestion window. When a new connection 1s
established, the congestion window is set to the maximum segment size (MSS, a TCP
option negotiated between sender and receiver) of the connection, so that the sender can
send out only one packet before the acknowledgement (ACK) is received. Each time an
ACK is received on time, the sender increases the congestion window by one MSS. This
algorithm is called slow start [Jacobson, 1988]. Ironically, it is not slow at all. Actually,
when operating in the slow start mode, the congestion window grows exponentially to
the number of the round trip time (RTT). Suppose at the beginning of the connection the
speed at which the sender injects data into the network is much less than the path can
handle, every packet will be acknowledged quickly and properly. Therefore, in the first
RTT, one packet is sent; in the second, two packets are sent; in the third RTT it is four,
and so on. After a few RTTs, the sender will exceed the maximum load the network is
able to handle, so a timeout (due to the drop of packets) will happen. At that point, a
new slow start process begins (from one packet per RTT), but this time, the sender will
not continue the slow start process until another timeout happens. Actually, the TCP
protocol also maintains a third parameter called a Congestion Threshold. It is initially set
to be 64K. Once a timeout happens, the Congestion Threshold is set to half of the
congestion window at that time, so when a new round of slow start occurs, the slow start
will finish when the congestion window reaches the congestion threshold. After that
threshold has been reached, the congestion window grows linearly instead of
exponentially (to the RTT) by adding a fraction of the MSS for each ACK. Figure 2
(taken from [Tanenbaum, 1996]) shows the change of the congestion windows size in a

typical TCP connection.
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Figure 2.1, An example of congestion window dynamics in a TCP connection

The mechanisms of slow start and congestion window dynamics first appeared in
[Jacobson, 1988]. The other two widely implemented congestion control schemes of the
TCP protocol are fast retransmit and fast recovery. As the congestion control
mechanism uses the timeout as the indicator of the loss of packets, and the timeout is
usually set to be several times larger than the RTT (in order to avoid a false timeout), it
usually takes a relatively long time before the sender realizes that a packet is lost and
retransmits it.  “Fast retransmit” was designed to address the problem. When using fast
retransmit, every time a data packet arrives at the receiver side, the receiver responds
with an ACK® (acknowledging the last in-order packet), even if that sequence number

has already been acknowledged. (This happens when one packet is lost on the way, so

3 The TCP protocol uses cumulative acknowledgements. The sequence number in an ACK is the next octet that the
receiver expects. There arc several reasons for this design choice.  Firstly, with cumulative ACKs, lost
acknowledgements do not necessarily force retransmission. Secondly, compared with a mechanism with NAK,
cumulative ACK does not require the receiver to maintain timers. All the decisions about timeout and retransmission
are made at the sender side. This is important. As the sender-and receiver are separated by the Internet, different
packets can take different paths, so the sender is in the better position to make the decision on when to timeout packets.

24
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all the ensuing packets that arrive will ACK the packet before the lost one). In that case,
the sender will receive several duplicate ACKs for the same sequence number. This
event is a strong indicator that a packet (the one immediately after the last acknowledged)
is lost. TCP will retransmit that packet after three duplicate ACKs have been observed at
the sender. Figure 2.2 (taken from [Peterson, 2000]) illustrates fast retransmit based on
duplicate ACKs.

Packet #1

Packet #2
= ACK #1

Packet#3\x
> ACK #2
Packet #4 ,
> ACK #2
Packet #5 <

Packet #6
» o> ACK #2

> ACK #2

Retransmit
Packet #3

1 ACK #6

Figure 2.2, Fast retransmit based on duplicate ACKs

A technique related to fast retransmit is fast recovery. When the fast retransmit
mechanism signals congestion, rather than shrink the congestion window size all the way
back to that of one packet and run a slow start, the fast recovery mechanism uses the
ensuing duplicate ACKs to clock the sending of new packets until the retransmitted
packet is acknowledged. In other words, since the receiver can generate a duplicate ACK
only when a packet has arrived (i.e., when the packet has left the network and is no
longer consuming network resources), the sender can safely inject a new packet into the
network without worrying that it will create more congestion. The fast recovery

terminates when the sender receives the ACK for the retransmitted packet. The sender
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then sets the congestion window to the congestion threshold and moves on. [Stevens,
1997} and [Allman, 1999] summarized the four schemes we have discussed so far, which

are now part of the requirements for all the TCP implementations.

Over the last decade, many new congestion control mechanisms have been proposed.
[Hoe, 1996] proposed changes to the fast retransmit scheme to enable it to quickly
recover from multiple packet losses during the slow start period. [Mathis, 1996] added
“Selective Acknowledgement” as an option of the TCP protocol. This mechanism also
helps addressing the problem of slow recovery from multiple packet losses. [Lin, 1998]
proposed a modification to the sender behavior during the fast recovery period,
improving both the throughput of individual TCP connection and the fairness among the

TCP connections sharing network links.

2.2 TCP Congestion Avoidance

All the mechanisms we discussed in Section 2.1 are based on congestion control. They
generally try to inject more and more traffic (quickly or slowly) into the connection until
congestion is sensed (by timeout or duplicate ACKs), and then back off quickly to
alleviate the situation. Other mechanisms have been proposed to avoid congestion from
happening in the first place. [Ramakrishnan, 1990] and [Floyd, 1993] proposed putting
additional functionality into the routers to assist the sender to anticipate congestions.
[Brakmo, 1995] introduced TCP Vegas, a new congestion avoidance mechanism
working purely in the end nodes. So far, TCP Vegas has received most supports of these

new schemes.

The basic idea of TCP Vegas is as follows. As the sender expands the congestion
window gradually, it also monitors the actually achieved throughput in the connection. If
the congestion window grows constantly, while the throughput begins to flatten, then
bandwidth limitation of the connection has been reached. Although congestion may not
have happened yet (no timeout has occurred), excessive packets are queuing up in the

buffer of the intermediate routers. If the sender continues to pump more packets into the
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connection during each RTT, congestion will eventually occur. TCP Vegas tries to
maintain the right amount of extra data in the network. The author argued that with too
much extra data, the delay will increase, and congestion will occur; on the other hand,
with too little extra data, the mechanism cannot respond rapidly to the transient increases

in the available bandwidth.

TCP Vegas maintains two parameters in order to measure the “extra data”. First, it sets
ExpectedRate = CongestionWindow / BaseRTT, where BaseRTT is the minimum of
all the round trip time measured on the connection (usually the first RTT). Second, it
maintains the parameter ActualRate = DataSent / SampleRTT, where DataSent and
sampleRTT are derived from observing one “distinguished packet”. The sampleRTT is
the time between when the distinguished packet is sent and when its acknowledgement
arrives. DataSent is the number of bytes sent out at the sender during that period. TCP

Vegas also defines two thresholds @ and £ (a < f), roughly corresponding to having
too little and too much extra data in the network. During each RTT, it compares Diff =
ExpectedRate - ActualRate to e and £ . If Diff <a, it increases the congestion
window linearly during the next RTT; if Diff > £, it decreases the congestion window

linearly during the next RTT; otherwise, it leaves the congestion window unchanged.
The details on how to determine « and /3 can be found in [Brakmo, 1995]. By avoiding
congestion in first place, TCP Vegas was reported to have achieved between 40% to 70%
better throughput than TCP Reno, which is the most widely used TCP implementation
(distributed with BSD Unix) [Brakmo, 1995]. We will next summarize the features

supported in three major implementations of the TCP protocol®.

4 TCP Tahoe, also known as the BSD Network Release 1.0 (BNR1), was implemented by Jacobson, with the
mechanisms described in [Jacobson, 1988]. It was released with the BSD UNIX version 4.3. TCP Reno, also know as
the BSD Network Release 2.0 (BNR2), includes all the mechanisms described in [Stevens, 1997]. As the most widely
used TCP implementation today, TCP Reno is the current de facto Internet standard.
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TCP Tahoe TCP Reno TCP Vegas
Slow start Yes Yes Yes
Additive Increase
/Multiplicative Yes Yes Yes
Decrease
Fast Retransmit Yes Yes Yes
Fast Recovery No Yes Yes
Delayed ACK No Yes Yes
Congestion
Detegétion/Avoidance No No Yes

Table 2.1, Features supported in major TCP implementations

2.3 TCP for wireless

In recent years, as wireless network applications began to take off, the TCP protocol has
been facing the challenge of a heterogeneous wired/wireless network environment.
Researchers have pointed out several shortcomings of TCP’s behavior in such an
environment [Tsaoussidis, 2002]. Firstly, the TCP protocol usually assumes that all
packet losses are caused by congestion, which is generally true in the wired network
world. Therefore, when the TCP sender senses a packet loss, it always backs off and
reduces the sending rate. However, in a wireless world, transient packet losses due to
corrupted data are very common. Mislabeling these transient losses as “congestion”
greatly reduces the throughput of the TCP protocol over wireless links. Secondly, the
traditional TCP protocol does not control the tradeoff between performance measure
(like throughput) and energy consumption. When a wireless link is experiencing burst
errors (e.g., during handoffs and fading channels), the traditional TCP usually expends

much energy in wasteful retransmission effort.

Many studies have been performed to improve the situation, including [Balakrishnan,
1995], [Balakrishnan, 1997}, [Haas, 1997], [Ramakrishnan, 1999], [Parsa, 1999] and
[Tsaoussidis, 2000]. [Balakrishnan, 1997] proposed that an Explicit Congestion
Notification (ECN) be added to the IP protocol. The TCP protocol can be changed to
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trigger congestion control only after getting an ECN from an intermediate router.
[Tsaoussidis, 2000] proposed a mechanism called “TCP-probing” to address the energy-
saving problem. In TCP-probing, when a data segment is detected as lost, the sender,
instead of re-transmitting the lost packet again and again, initiates a “probe cycle”,
during which data transmission is suspended and only probe segments (headers without
payloads) are sent. A lost probe segment or its acknowledgement re-initiates the “probe
cycle”, suspending data transmission for the duration of the error (due to fading channel
or handoff). As a probe segment is short and only one probe segment is in transit at any
time, energy is saved during the probing-cycle. Once one probe segment makes the

round trip, the data transmission resumes.

2.4 Related Research

The discussion above has shown that the TCP protocol, particularly its congestion
control/avoidance mechanism, is complex and fluid. The main purpose of these
mechanisms is to achieve the maximum available bandwidth for individual TCP flows
with minimal the congestion, and to maintain fairness among all TCP flows. The
effective bandwidth realized on a TCP connection is affected not only by the network
traffics, the processing power and buffer size of routers, but also by the specific

mechanisms implemented on the host computers.

We will now describe some related research in modeling and estimating the throughput
of the TCP protocol. Studies of TCP bandwidth modeling fall into two categories. In the
first category, the authors try to model the TCP throughput in the context of the entire
network. [Lakshman, 1997] first modeled the network as a system with one single
bottleneck link (with a specific capacity and a FIFO buffer of a specific size). This
model assumed a constant number of connections sharing the bottleneck link and
modeled all delays other than the service time and queuing at the bottleneck into a single
“propagation delay”. The author modeled the cyclical evolution of the TCP congestion
window (as implemented in TCP Tahoe and Reno) and used Markovian analysis to

develop a closed-form expression for the throughput of the TCP connections. [Kumar,
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1998] used a similar system model and parameters, but modeled more versions of TCP
mechanisms, like TCP-NewReno and TCP-Vegas. [Casetti, 2000] extended the previous
two models by adding a new layer of model to mimic the application-level behavior,
such as the ON-OFF activity of a web server responding to clients” request. During an
OFF period, the application is assumed to be idle; during an ON period, the application is
sending data over a TCP connection. This model represents the time spent in each state

as a random variable with negative exponential distribution.

The common goal of these studies that adopts a system perspective is to understand the
aggregate performance of the TCP connections and the impact of different schemes on
the TCP throughput. For example, [Lakshman, 1997] concluded that for multiple
connections sharing a bottleneck link, the TCP protocol is generally unfair to connections
with higher round-trip delays. [Kumar, 1998] compared the throughput performance of
different TCP implementations in a local network environment with a lossy wireless link.
However, the throughput models described in these studies are not applicable to network-
aware applications, because these models are built on parameters of the network systems
like bottleneck capacity, router buffer size, and the number of concurrent TCP
connections. This information is not available to a host running network-aware

applications.

The second class of research tries to model the TCP throughput from the perspective of
the TCP sender. [Jacobson, 1988] first proposed to model the available bandwidth with
TCP’s congestion window cwnd and round trip time r#£. The rationale behind this
method is that when there are no packet losses, a TCP sender sends out a window of
packets with size cwnd for each round trip time. Therefore, the product of the average
cwnd and average rtt is an approximation of the TCP throughput. However, the method
does not include the TCP behavior when there are packet losses. When packet losses
happen, TCP’s sending rate is no longer governed by the congestion window.
Depending on whether packet losses are recovered by timeout or fast retransmit, this
recovering period can be shorter or longer. However, by ignoring this factor, Jacobson’s

method is able to provide only a rough approximation. Another problem associated with
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this method is that the product of cwnd and r#t measures the sender’s throughput, instead
of how much data is received by receiver. In the context of an application, obviously the

later makes more sense.

[Mathis, 1997] attempted to use network level metrics to model the TCP throughput.
The metrics used by this model include the packet loss rate p, the round-trip time r#¢, and
the packet size mss. Like the model of [Jacobson, 1988], it does not model timeout
periods. It models the TCP congestion window with a cyclical dynamics, with each
cycle ending at a packet loss. The probability of packet loss is modeled as a constant p.
The main advantage of this method is that it uses network level metrics; therefore, its
methodology could be extended to model other non-TCP protocols like reliable multicast.
However, it shares the problem of [Jacobson, 1988] since it does not model the period in

which the sending rate is not controlled by the congestion window.

[Padhye, 1998] extended [Mathis, 1997] by modeling timeout periods. In addition to the
metrics used in [Mathis, 1997], Padhye added the number of timeouts and the average
duration of timeouts into his model. By adding TCP level metrics like timeout, Padhye’s
model lost the generality of using only network level metrics. However, this model’s
accuracy was expected to be better than the previous two. [Bolliger, 1999] analyzed the
accuracy of all these three models by using large-scale real network traces. For each
trace (transfer of 1MB data among 35 hosts across Europe and North American), the
author computed the predicted bandwidth according to the three models and compared it
to the real bandwidth achieved. Padhye’s model was reported as the most accurate,
especially when timeout events occurred during the transfer. The other two models over-

estimated the actual bandwidth.

However, gaps still need to be filled before these models can be applied to the bandwidth
estimation in a real application. Firstly, all these models are based on a theoretical
analysis. For example, both Mathis’s and Padhye’s models assume a TCP connection
has existed for a time . They give an estimation of the steady state throughput of that

TCP connection based on the metrics observed in this TCP connection in time ¢
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However, these models do not answer the question of how long the ¢ should be in order
to get a relatively accurate estimation or of how long the estimation is valid. For this
reason, no clearly defined application programming interfaces (APIs) based on these
models exist to date. Secondly, as all these models use the knowledge of the TCP
congestion control and avoidance mechanisms, the models depend on specific
implementations of the TCP protocols. For example, both Mathis’s and Padhye’s models
are built on the packet loss rate p because they all assume a Reno-style congestion
window dynamics, in which the TCP sender generally approaches the bandwidth limit of
the network and backs off when light congestion occurs (as signalled by packet losses).
However, in a TCP Vegas implementation, since the sender tries to avoid congestion in
the first place, it is very likely that no packet loss occurs during the entire life of a TCP
Vegas connection. In such cases, neither of the two models is applicable. Therefore,
bandwidth estimation models based on transport or network layers need continuous
changes or at least re-evaluations as new mechanisms are proposed and added to TCP
implementations. Finally, all the models we have described operate on the TCP sender.
The throughput modeled represents how much data are sent out instead of how much
data are received by the receiver, even though the amount of data received is more

relevant to a real application.

2.5 Contributions

For this thesis, we did not try to create a general model of the TCP throughput like those
in the previous models discussed above. Instead, we create a ready-to-use bandwidth
estimation algorithm for network-aware applications. The algorithm works completely
in the application layer and mainly on the receiver side. It assumes that one or more
sender(s) and one receiver want to make a single transmission of a media object within a
specified time limit. Our algorithm slices the entire time limit period and uses the first
fraction of these slices for bandwidth testing. It makes an estimation for the entire time
limit based on the statistical characteristics of the bandwidth samples. Although the
algorithm does not have access to the internal metrics of the transport and network layers,

it is able to confidently make a relatively accurate estimation of the available bandwidth
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in the time limit period. Moreover, unlike the previous methods, which have trouble 1n
dealing with specific TCP implementations (e.g., TCP Vegas), we expect the algorithm
to work for all the implementations of the TCP protocol, since it is independent of the
TCP’s internal metrics. Throughout our design, the algorithm has been kept simple
enough to be implemented in a wide range of devices with limited computation power.
We believe the algorithm we will describe will directly benefit the development of

network-aware applications.
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Chapter 3

Single Server Bandwidth Estimation

3.1 The Problem and Assumptions

In this chapter, we will develop an application layer bandwidth estimation algorithm for
network-aware applications. We assume that one server and one client need to make a
one-time transmission of a multimedia object (from server to client). No previous
bandwidth information is available for the connection between the server and client. The
user on the client side has specified a time limit 7 for the transmission. Neither
exceeding the time limit 7" nor under-utilizing the time T is desirable. The first fraction
t of T will be used for bandwidth testing to obtain the bandwidth estimation B for the
future period T —¢. The server will then adapt the multimedia object to be exactly of the

size (T —¢)- B and then transmit it to the client.

Over-estimation of available bandwidth will yield a target object size larger than the
network can handle and therefore, will make the transmission exceed the time limit. On
the other hand, under-estimation will under-utilize the time limit and therefore, deliver an
object that could have had better quality (we assume an object with larger size always
has better quality). Our problem is how to determine the appropriate ¢ and use the
bandwidth testing information obtained in ¢ to make the bandwidth estimation so that to
deliver as much data as possible to the client within the time limit by a probability

(confidence level) of « .
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To simplify the model, we ignore the time needed for the adaptation of a media object,
since objects can be stored with multiple resolution levels or be dynamically adapted in a

short time, given a fast processor.

We will use time slices of equal length to do the bandwidth testing. Suppose each time

slice has length ?,, we then have T/¢, time slices. Each time slice has a bandwidth

C. . . . .
value x; = —t—’ (i=1,2..T/t,), where C, is the count of bytes received during the i™ time

5

slice. These bandwidth values can be viewed as random variables. We obtain the

bandwidth value of the first ¢/¢, slices and then use the mean and variance of these

samples to estimate the average of the 7'/¢_ population.

3.2 Notations

We first define the following variables, which we will use in our discussion.
DEFINITION 3.1: Basic Notation

e 7 is the time limit for the multimedia object transmission specified by a user.

t is the time used for bandwidth testing.

e 1, is the length of each time slice used for obtaining bandwidth samples.

T ) . ) ) . .
e N=—, N is the number of time slices in period 7, which generates our
t

§

bandwidth population, X,, X, ,..., X, .

e n=-—, n is the number of time slices in period t, which generates our bandwidth
t

5

samples, x|, X, ,..., X

2X
__N

nt

e U , 4 is the average of the N bandwidth population, the average

available bandwidth we are trying to estimate.
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Z (xi - lLl)z

e o= i——]-v———— ,o” is the variance of the N bandwidth population.
S
e x=-"— xisthe average of the n bandwidth samplesx,, x,,..., x,
n
2 (x,. ~x
o s’ = ”—————1———, s is the variance of the n bandwidth samples.
n —

In the context of a network-aware application, ?, is a system parameter (we will discuss

the choice of f, in Chapter 6). Since 7 is set by user, N = I can therefore be viewed as
t

§

a fixed number. Our bandwidth estimation algorithm has two tasks: to determine #, the

number of samples to take; and, given n, &, x , s7, to estimate 1.
3.3 The Algorithm

In statistical practice, x is usually used as an estimation of g . Actually, given n, N, x

and s?, the random variable 12 has a probability distribution centred at x. If we assume

that the random variable x (the true bandwidth available in any time slice) is a normal

variable (i.e., it follows the normal distribution), then according to statistical theory,

d= —————H—:]\)]C——— (3.1) is a continuous random variable following the “Student’s t-
s -n
Jn VN-1

Distribution” with degree of freedom »n (number of samples) [Harnett, 1982]. > We use

the character d instead of ¢ to specify the t-Distribution random variable to avoid

confusion with the time ¢, which we have already defined.

We point out that the assumption of normality of x is a rough approximation of real

3 Mathematically, the random variable d is defined as a standardized normal variable z divided by the square root of an

independently distributed chi-square variable, which has been divided by its degree of freedom. d=z/ X *In.
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world bandwidth®. As well, we further assume that during the entire time limit period,
the bandwidth random variable is stationary; therefore, the first fraction of the samples 18
a good representative of the entire population. This assumption is partially justified by
recent findings of [Balakrishnan, 1997B] and [Bolliger, 1999]. For example, Bolliger
compared the throughput of the first 50% of the time period of a TCP connection to that
of the second half. He found that in 80% of connections, the difference was within a
factor of 1.5, and in 90% of the connections, the difference was within a factor of 2.
Moreover, when building our model, we ignored the correlation between successive
samples, mainly to simplify our model and our algorithm so that they could be used in
network-aware applications in a real-time style. We will check the validity of the

algorithm developed for this model in our real network experiments (Chapter 6).

Thus, given n, N, x , s*, and t-distribution, we have the probability distribution of x .

,u=;c+d-s N-n

Jr U N-1

This means that when we take » bandwidth samples, we can expect the average

(3.2)

bandwidth within period 7 to be a random variable with a probability distribution
following Equation (3.2).

With the distribution of 2, we can infer the « confidence interval for u as follows,

T d Ky N-—-n

¢ < 3.3
@) T VN1 u (3.3)

Equation (3.3) states that the value of y is greater or equal to ;*d(w) % ]\]\[]—T
p ‘\j -

with a probability ofa . With this observation, we define the bandwidth estimation as

follows:

6 Fortunately, the t-distribution is known to be “robust”, which means that the assumption of normality of x can be

relaxed as long as n is relatively large.



24

DEFINITION 3.2: Safe Bandwidth Estimation
) N-—n

VN

According to our discussion above, we have a confidence of « that the actual bandwidth

We define 1, = x— diyn to be a safe estimation of the future bandwidth.

will be higher. [

We have mentioned that y is a random variable centred atx. From Definition 3.2, we

can see that in order to provide a confidence level that will conform to the time limit, we
actually have to under-estimate the bandwidth. This under-estimation has its cost; if we

use 4, as the future bandwidth estimation to determine the target size of the media

object, the actual transmission will most likely under-utilize the remaining time 7-z. It

can be shown that the under-utilized time is on the average (I’ -t)_(ﬂest '(T"t)j ,
Y7

or (T - t)(l - E—‘é‘—] . Therefore, we define the under-utilized time 7 as follows.
7

DEFINITION 3.3: Under-utilized Time

N-—-n
N-1

Aiamy -

A(T—n-t,) . It determines the average

« (5

f<n)=[x-ie—w~)(rmt)=

under-utilization time with the safe estimation. [

Given the definitions above, we are ready to determine how much bandwidth testing to

perform in order to maximize the data delivered to a user while conforming to the time
limit requirement by confidence levelr . We first prove an important property of T (n)

n Theorem 3.1.

Theorem 3.1: Forn < —z—N , T (n)’ <0, T (n)" > 0. This means when n is relatively

small compared to N, T (n) decreases as n grows, and the rate of its decrease

diminishes.
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Proof: We write 7 (n) as follows:

J s |N-n
_ () T AT
Flo)=— A YN () Noren,)

T :;_‘/N-_—l'd(am)' "
=c- f(n)-g(n)-hln)

Since we view T'(1) as a function of n, we will view s and x part of the constant ¢. We

denotef(n)zd(a‘"), g(n) = ~]\£~—l, h(n)=(T —n-t,).
n

Therefore g(n), = N
2-n*- —]X—l
n
and g(l’l)" _ N(3N "‘41’!) .
4.,14.(_]!._1) E_l
n n

For n <%N, g(n), <0, and g(n)" >0.

We also have h(n)' =—t, <0, and h(n)" =0

Thus, if we denote /(n) = g(n)- h(n), then for n <§-N ,
i(n) = g(n) -hn)+ g(n)- hn) <0
1) =) -hln)+2-2n) -Hn) +gln)-Hn) >0

Next, we need to show that the same properties hold for fin)=d,, . As f(n) is a
(a,n)

function with a complex representation, a strict mathematical proof is beyond the scope
of this thesis. Here we use a numerical hypothesis to serve the purpose. For every «

values we will use in this thesis, we calculate value d, ) for n=1...500, and verify that

a,n

d(a,n)<d(a,n-x) and d(a7n)—d(a,n_1)>d( )—d(a,n_z) (Part of the d(a’n) values are

an-1

presented in Appendix 2). Therefore, we have similar results for f(rn) on f (n)’ <0,

1

and f(n) >0.
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Therefore, for n < %N, f(n)’ = f(n), A(n)+ f(n)-l(n)' <0,

Fn) = () Un)+2- f(n) -i(n) + f(n)-1(n) >0.0
A direct result of Theorem 3.1 is a property of the expected object size V(n) We first

give the definition.

Definition 3.4: Expected Object Size:
V(n)=pu,, -(N-n)t,. It is simply our estimated available bandwidth times the
remaining time within the time limit. This is the object size the client will request from

the server if we take n samples for bandwidth testing. O

Theorem 3.1 means that 7'(n) decreases as n grows, and that the rate of the decrease
diminishes when n is relatively small compared to N. The implication is that as we take
more bandwidth samples, we can estimate the future bandwidth more accurately with the
same confidence level « , thus reducing the cost of time under-utilization. We denote
T.-T

a1~ tnl

As shown by Theorem 3.1, AT’n

the benefit of each new sample as AZN",, =

decreases as n grows. On the other hand, the cost of each new sample is a constant ¢_,
the time slice. Therefore, our expected object size will first increase as we take more

bandwidth samples (since at first Afn >t ), but the increasing rate of V(n) diminishes
(because as AT“" decreases, AYN“,, —t, diminishes). Then after passing a threshold, V(n)
begins to decrease (since now AYN",, <t,), and the decreasing rate of ¥(n) grows with n

(because as AT, decreases, ¢, — AT, increases with n). Therefore, to maximize the target

object size, we can determine the optimal value n by comparing V(n) with V(n-1) each
time a new bandwidth sample is obtained. As long as V(n)>V(n-1), we should continue
bandwidth testing. The pseudocode in Algorithm 3.1 illustrates the method. The
algorithm uses our safe bandwidth estimation to calculate V() in each time slice. The

process of bandwidth testing continues until the ¥(n) value begins to drop.



Algorithm 3.1: Single Server Bandwidth Estimation

Obtain samples X, X,, X;;
Calculate V(1) and V(2);
n«2;

while (V(n)>V(n-1)) {

n«n+l;
Obtain sample X,/

Calculate V(n); |}

return- M, ; ]

27
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Chapter 4

Simulation of Single Server Algorithm

In Chapter 3, we described an algorithm for bandwidth testing and estimation in a single
server environment. This algorithm has two main features. First, given a number of
bandwidth samples collected, the algorithm uses an under-estimation quantified by t-
distribution to serve as the future bandwidth estimation. Second, the algorithm calculates
the expected object size in each time slice. Since statistically this expected object size
has a single maximum value, the algorithm uses a drop in the expected object size as the

termination condition to stop bandwidth testing and start object transmission.

In this chapter, we use simulation to verify the effectiveness of the algorithm. We focus
on two things: first, on how well the under-estimation satisfies the user specified time
limit confidence level; and second, as the algorithm dynamically determines how many
samples should be used for bandwidth testing, we want to see how the number of
samples it chooses will approximate the optimal. Because too many testing samples
waste a significant portion of the time limit and leave little time for real transmission,
while too few testing samples will make an under-estimation too aggressive, the optimal
amount of bandwidth testing should finally yield the largest portion of the time limit that
can be used for real data transmission. To measure how well the algorithm approximates
the optimality, we will compare it against a straightforward approach — using a fixed
number of bandwidth testing samples. We will choose a series of different fixed
numbers, use them to perform bandwidth testing, and compare the real transmission time

yielded in this way to the real transmission time yielded by our algorithm.
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In our simulation, we model the bandwidth in each time slice as a normal random
variable with stationary mean and variance over the entire time limit period. Bandwidth
samples are treated as completely independent random variables, with zero correlations

between successive samples.

4.1 Overview of Simulation Experiments

We now describe our simulator. Figure 4.1 is a typical screen capture of the simulator at
work?. Tt has a user interface to allow the experimenter to set the parameters of
experiments. First, the experimenter can choose the statistical characteristics of the
channel. He or she sets the mean and standard deviation of the bandwidth samples
through two text-boxes in the bottom right area (labelled “Mu” and “Sigma”) of the
simulator. Second, the experimenter can choose the number of time slices. In a real
application, the user will set a time limit for media delivery. The total number of time
slices is the time limit divided by the time of each time slice. ~ For instance, if we
simulate that the end user has chosen to transmit an object within 25 seconds, and the
system has designated each sampling time slice to be 0.05 seconds, then the total number
of time slices is 500. The total time slice is set in the “Parameter” menu. Finally, the

experimenter can set the confidence level o for the time limit in the “Parameter” menu

as well.

Figure 4.1, Screen capture of simulator in work

"'We actually implemented one simulator that can be used for both single-server and multi-server experiments.
Therefore the title bar of the window in Figure 4.1 shows “Muiti-server Bandwidth Monitor Simulation™. In this
chapter, we will set the number of servers to one.
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After setting the parameters, the experimenter pushes the “Start Simulation” button on
the top right corner of the window to begin a simulated run. The simulator simulates the
operation of the 500 time slices in two phases, as in a real application. Phase One is the
network-testing phase. In each slice, the simulator generates a random number (using a
normal distribution generator with the mean and standard deviation specified by the
experimenter). This random number simulates the bandwidth observed in the real world

for this slice. Then it calculates the combined V value as defined in Chapter 3

(Vin)=pu,, - (N-n)-t, 2(;—01((1,”) Tsn: %i?)'(N—'n)-ts ). It uses a slightly

modified version of Algorithm 3.1 (see next section) to determine whether the bandwidth

testing should continue or not.

When the bandwidth testing is finished, the simulator enters Phase Two, the real
transmission, using the last V(n) as the target object size. We will assume the server will
tailor the object and begin to send an object of the target size immediately. The simulator
continues to generate random numbers for the channel to simulate the real transmission.
In each time slice, the simulator decreases the size of the remaining object on the channel
and checks whether it reaches zero. When the remaining object size does reach zero, the
real transmission on that channel is finished. If the object size fails to drop to equal to or
below zero at the end of the total time slices number, this run of simulation has failed to

deliver the object within the user-specified time limit.

When a run of simulation finishes, the simulator reports several results. First, it reports
whether this run has succeeded in delivering the object within the time limit. Second, the
simulator stored the bandwidth numbers in all the slices. After the run is finished, the
simulator recalculates the V(n) values for all the time slices (n=1...500, in the example
we discussed), and plots it in a graph, like the red curve over the black background in
Figure 4.1. It also draws a red vertical line at the place where V(n) is largest over all
slices, and a light red line at the place where our algorithm finished bandwidth testing
and began real transmission. As the example in Figure 4.1 shows, the simulator models

the bandwidth of slices as normal random number with a mean of 10.0 and a standard
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deviation of 2.0. The V(n) value is maximum when n=23, and the algorithm finishes

bandwidth testing at n=36.

4.2 Moving Average Method

Up to now, we have omitted an important detail in the implementation of the algorithm.

As we discussed in Chapter 3, “statistically” (i.e. if we view x and s as constant), the V(n)
value has only one maximum. It continues to grow until the maximum is met and begins
to drop all the way after that. Based on this factor, we can stop bandwidth testing and

declare that we have found the largest V(n) once we observe a drop in its value.

However, when taking the random effects of x and s into consideration, ¥{n) no longer
has one single local maximum. As shown in Figure 4.1, although the general trend of
V(n) is to grow to a maximum rapidly and drop gradually, the curve is more or less
serrated. (The larger the standard deviation of bandwidth random variable, the more
serrated it is.) Therefore, if we simply stop bandwidth testing when we observe one

decrease in V(n), the method will yield a weaker estimation of target object size.

We tried a couple of methods to address the problem. The method used in the experiment
shown in Figure 4.1 can be called the “continuous decrease method”. Instead of stopping
bandwidth testing after observing one decrease in V(n), this method requires a number of
continuous decreases (actually four in the case of Figure 4.1) in V(n) before stopping

bandwidth testing. The rationale behind this method is that if we observe several

continuous decreases in V(n), we are more sure that the random effects of x and s have
been dominated by the other parts of the formula of V(n). Therefore, we can judge that
V(n) has already entered the downward slope, and the bandwidth testing should stop.

The problem with the “continuous decrease method” is that it often detects the downward
slope of V(n) too late. As shown in Figure 4.1, the curve of ¥(n) has the largest value at
n=23 and enters the downward slope at that point. However, only at n=36 when four

continuous decreases of V(n) were observed.
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The method we finally adopted is slightly different from the ‘“continuous decrease
method”. We call it the “moving average method”. It keeps a moving average of the
last four V(n) values, and compares the “moving average” of the current slice with the
previous one. The average of the several past V(n) values helps to smooth out the
serrated effects of V(n). The bandwidth testing stops when a threshold number of

continuous decreases (of the moving average) have been observed. The method uses two

levels of thresholds®. When s/x < 0.3 , the threshold is set to 3; otherwise, the threshold
is set to 5. This is because when the standard deviation of the bandwidth is large, false
local maximums often occur before the actual maximum of V(n). Making the threshold
relatively large helps to eliminate them from being accepted as the real maximum.
Figure 4.2 shows the result of using the “moving average method” on the same curve of
V(n) values as in Figure 4.1 (We used the same random seeds to generate the bandwidth
values). As we can see, the maximum V(n) value is reached at n=23, and the “moving
average” method finishes bandwidth testing at n=26, a result significantly better than that
achieved by the “continuous decrease” method, which finishes at n=36. This method is
therefore a good heuristic for obtaining the approximation of the optimal bandwidth

sampling number.

Figure 4.2, Screen Capture of Simulator using the “Moving Average” method.

Finally, before presenting the experimental results, we will discuss the issue of efficient

implementation. Because the calculation of d(,, values is time-consuming and

¥ The levels and the values of thresholds were determined by trial and error in our experiments.
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repetitive, we chose to pre-compute them and store them in a multi-dimension array for
quick reference. Instead of letting the experimenter set an arbitrary value of e« , the

simulator allows only three choices in a value, 0.95, 0.90, and 0.75. The d, , values

were calculated by using the algorithm (which uses continued fraction representation of
the t-function) described in [Press, 1993]. We then verified our results with the t-

distribution critical value table in [Zwillinger, 1996] for those values available in it.

4.3 Experimental Results

In the experiments, we first show how well the algorithm approximates the optimal
amount of bandwidth testing. As we discussed, a gauge to measure the optimality is the
amount of time for real data transmission. We will compare the algorithm against a
straightforward method we call “fixed sampling”. In Figure 4.3, we present the
performance of a fixed sampling method. In that method, the simulator will first take a
fixed number of bandwidth samples, calculate ¥(n) based on them and use the remaining
time slices for real transmission. Figure 4.3 plots the number of time slices used for real
data transmission (out of 500 total time slices, for & = 0.95) for four different numbers
of fixed sample sizes (10, 20, 30, 40). The horizontal axis of the graph is the standard
deviation of the bandwidth random variable; the vertical axis of the graph is the average
real transmission time slice. The mean of the bandwidth random variables is always set
at 100.0, while the standard deviations are from the set {2.5, 5, 10, 15, 20, 25, 30, 35, 40,
45, 50, 55, 60}. Each data point is the average of 200 runs, excluding those runs that did
not finish the transmission within the time limit’. The details of the data plotted in

Figure 4.3 are presented in Appendix 1, Dataset 1.

® Those runs that did not finish within the time limit are excluded because they could distort the meaning of the actual
transmission time. Usually, the larger the actual transmission time, the better is the algorithm. However, if the actual
transmission time is so large that it exceeds the time limit, the time is not desirable.
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Real Transmission Litilziation (500 slice, Fix Sampling)
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Figure 4.3, Real Transmission Time for the Fixed Sampling Method (alpha=.95, 500 total slices)

Figure 4.3 shows that different numbers of sample sizes perform well at different
bandwidth variance regions. A small sample size like 10 outperforms others in low
variances (when standard deviation equals to or is less than 10), but lags behind
considerably when variances are large (e.g., when the standard deviation equals 60).
This result coincides with our expectation. A small sample size performs well with a
small variance because in this case, a small number of bandwidth samples are enough to
serve the purpose of bandwidth estimation. Taking more bandwidth samples is just a
waste of time slices. On the other hand, when the variance is large, a small number of
samples do not contain enough knowledge of the channel to provide an accurate
estimation. Therefore, to provide the same confidence level, the under-estimation
margin must be very high. This hurts the real transmission time as well.  The
performance of a large sample size like 40 is exactly the reverse of that of a small sample

size like 10.
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Next, we compare the performance of our algorithm using moving average method with
the performance shown in Figure 4.3 achieved by the fixed sampling method. We will
call our new algorithm the “dynamic sampling” algorithm. The comparisons are
presented in Figure 4.4 (a)(b)(c)(d), which compares our algorithm with the fixed
sampling of 10/20/30/40 samples, respectively. The data points of the fixed sampling are
the same as those in Figure 4.3, and the data points for our algorithm are the same across
Figure 4.4 (a)(b)(c)(d). We run the dynamic sampling algorithm in three groups of
experiments, 200 runs each group. For each group, we average the number of slices used
for real transmission, excluding those runs that did not finish within the time limit. The
results in Figure 4.4 are the average of the three groups. The details of these data are

presented in Appendix 1, Dataset 2.
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40)

As shown in Figure 4.4, the dynamic sampling algorithm almost achieves results that
resemble a contouring curve consisting of the best parts of the curves for each fixed
sample size. For example, it achieves similar good results as fixed sample 10 when
variance is low and similar good results as fixed sample 40 when variance is high. On
the other hand, it beats fixed sample 10 up to 20% under large variance and beats fixed

sample of 40 more than 5% when variance is small.

Under this set of experiments, the difference between the dynamic sampling algorithm
and the fixed sampling algorithm with a sample size of 20/30 is not very significant.
This founding indicates that the best sample size for fixed sampling should be
somewhere between 20 and 30. However, this conclusion does not mean that a fixed
sampling algorithm with a carefully chosen sample size can be used as a substitute for
our dynamic algorithm, because the best sample size is determined by many parameters,

like the total number of time slices and the confidence level & .



To demonstrate this effect, we present the results from another set of experiments. The
parameters of this experiment are almost the same as before:a = 0.95 ; the bandwidth
averages are set at 100.0, and the standard deviations are from {2.5, 5, 10, 15, 20, 25, 30,
35, 40, 45, 50, 55, 60}. However, this time, the total time slice is 100, and we change the
sample size for the fixed sampling method to 5, 10, 15, and 20. The results are shown in
Figure 4.5 and Figure 4.6 (a)(b)(c)(d). The details of the data are presented in Appendix
1, Dataset 3 and 4.
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Figure 4.5, Real Transmission Time for Fix Sampling Method (alpha=.95, 100 total slices)
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The results presented in Figures 4.5 and 4.6 follow the general trends of those in Figures
4.3 and 4.4, except for two important differences. First, as the total number of time slices
decreases from 500 to 100, the relative importance of each slice increases. Therefore, the
difference between a small fixed sample number and a large fixed sample number is
much more significant in the low variances region. The dynamic sampling algorithm
outperforms the fixed sampling of 20 samples by more than 15% when the standard
deviation is 2.5. This result is significantly larger than that obtained when 500 total
slices are used. Second, as the total number of time slice drops from 500 to 100, the best
sample size is now between 10 and 15, much smaller than the best sample size of the 500

slices case (20-30), but not linearly.

Now that we have demonstrated the strength of the dynamic sampling algorithm in
approximating the optimal amount of bandwidth sampling, we will show how well the
algorithm provides the confidence level of the user-specified time limit. As we
explained before, for the results presented in Figures 4.3-4.6, we discarded those runs
that failed to finish within the time limit. Now, in Figures 4.7 and 4.8, we report how
many of these runs there were. The details of the data are presented in Appendix 1,

Datasets 5 and 6.

Time Limit Confidene Level Result (100 stices)
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Figure 4.7, Number of runs that failed to finish within the time limit (out of 200). Total Slice is 100,
Alpha=0.95. The results are the average of all the bandwidth standard deviations in {2.5, 5, 10, 15, 20, 25,
30, 35, 40, 45, 50, 53,60}
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| Time Limit Confidence Level Result (500 slices)
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Figure 4.8, Number of runs that failed to finish within the time limit (out of 200). Total Slice is 500,
Alpha=0.95. The results are the average of all the bandwidth standard deviations in {2.5, 5, 10, 15, 20, 25,
30, 35, 40, 45, 50, 55, 60}

As shown in Figure 4.7, when the total slice is 100, the percentage of runs that failed to
finish on time ranges from 6% to 8%, and the dynamic algorithm generates about 7% of
failure runs. When the total slice is 500, the percentage ranges from 4% to 6%, and the
dynamic algorithm generates 6% of failure runs. These results mean the confidence
level is preserved within a reasonable range for a = 0.95 nominally. Therefore, the
estimation of the bandwidth based on t-distribution performs well in preserving the

confidence level of the user-specified time limit.
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Chapter 5

Multi-Server Bandwidth Estimation

In this chapter, we will extend the bandwidth estimation algorithm to a multi-server
environment. In such an environment, several servers are hosting the same set of
contents. A client is connected to all the servers via the Internet. We assume the client
maintains a session with each of the servers, so that it can create TCP connections and
receive data from the servers anytime it wishes. Figure 5.1 illustrates such an

environment.

oy
g
Gri®

Client

Content Storage

Content Storage

Content Storage Server

Figure 5.1, Network environment of a multi-server multimedia delivery application.

When the user selects a media object to be delivered and a time limit T, the client will
first use a fraction of T (denoted f) to perform the bandwidth testing on all the channels.
The bandwidth testing follows the same sliced time method. In each time slice, the client
will get a bandwidth sample on each channel. Based on the bandwidth samples collected,
the client can make the available bandwidth estimation on all the channels. When
bandwidth testing finishes, the client requests a strip of the object from each of the

servers. The size of the strips is the product of the bandwidth estimation and the
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remaining time (7-f), which will be proportional to the relative bandwidth estimation on
the channels. The transmission is successful only if all strips of the object finish

transmission within the time limit 7.

5.1 Simple Extension of the Algorithm

Suppose we have K channels '° available. As defined in Chapter 3,

V(”)= Hes '(N - fl) t, = (; =y ;—[S—;J ]]\\[[:Y] (N ~n)-ts is the expected object size

that will be delivered based on n bandwidth samples collected so far on any of these

channels. We use Vi(”)=[55i —d, ) ”3"—‘ ]]\\[[—Y]-(N—n)-ts to represent the V(n)
7 -

value on the i/ channel (;=/..K), and represent the combined value of ¥,(r) over all

K

channels ¥ (n)= ZK(n). As we discussed in Chapter 3, statistically, each V,(r) has a

i=l
single maximum value. Before it reaches its maximum, it grows as n grows with a
decreasing growth rate; after reaching its maximum, it decreases when n grows, with an

increasing decrease rate'!. We first prove a new theorem about ¥(n).

Theorem 5.1, If we view V(n) as a function of », then 1) v (n) < 0; ii) there exists 71,

V’(n)>0 for n<n, V’(n)<0 for n>1n.

Proof: We use induction on the number K. First we prove the theorem for K=2.
We have V,(x)>0, Vl’(x)> 0 for x<x,, ¥, (x)<0 for x>x,, and V,"(x)< 0.

V,(x)>0, Vzr(x)>0 for x <x,, Vzl(x)<() for x> x,, and Vzn(x)<0.

' Throughout this chapter, we will assume the independence of all the channels, so that when we use several channels
at the same time, each channel will have the same bandwidth as when that channel is used alone. This assumption is
true in real world when the bottleneck of the network resides in the intermediate routers instead of the host. If the
bottle-neck is in the host itself, then the whole idea of using multiple servers will not be attractive because it will not
help in gaining more bandwidth.

"' Or, mathematically speaking, )V, (1)< 0, ii) there exists 71, Vi'(n) >0 forn<n,, v, '(n)< 0 for n>n,.
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x, and x,are the x values that yield the maximum value for ¥;(x) and ¥,(x). Without
loss of generality, we assume x, <x,.

V(x)=V(x)+V,(x),s0 V(x)>0

V"(x)=V(x)+V;(x), s0 V'(x)< 0.

V'(x)=V/(x)+V,(x). We must show that there exist x; so that V’(x)> 0 for x <x;,
7' (x)<0 for x> x, .

First, for x < x,, we have v, (x)>0 and v, (x)> 0, therefore ¥ (x)>0; for x > x,, we
have VI, (x)<0 and Vz'(x) <0, therefore V’(x) <0.

In the range x, < x <x,, we have V/(x,)=0, ¥;(x) <0 for x, <x<x,, and V]"(x) <0.

We also have V;(x)>0 for x, <x <x,, V;}(x,)=0, and V2" (x)<o0.
Therefore V'(x,)=¥(x,)+¥,(x,)> 0, V'(x,)=V(x,)+ V)(x,) <0, and
V(x)=rAx)+V(x)<0.

]
Since V (x) is a monotonic decreasing function in the given range, there must exist a

single value x; so that V’(x) > 0 for x < x, and v (x) <0 for x> x,.

We therefore have proved the theorem for K=2.

Assume we have proved that the theorem holds for K=m-1, then the combination of the
m-1 channels has the same property as specified. The process of proving the
combination of m channels is exactly the same as K=2, viewing the first m-/ channel as a

single channel. This completes the proof. [

Theorem 5.1 basically means that we can design a similar algorithm as was used in the
single-sever environment to approximate the optimal amount of bandwidth testing by

checking whether the combined ¥(n) value has reached its maximum. However, a new

problem occurs in a multi-server environment, which is how to determine the value of «,
fori=1..K. ¢, is the confidence level we will use on channel i when calculating £, ;

(which in turn determines V, (n)). As we assume the independence of all the channels,
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K
we should have a = Hai , where & is the user-specified confidence level for the time

i=]

limit. Our problem is that given the n samples taken on each of the K channels, we must

i=1 -

determine o, for i=1..K, to maximize V(n):il/i(n):i(fi ‘d(ai,n)'j\/-'é——- N—n) (or to
i=l n

K
minimize Zd(a_ n) " Si )
e~

It is quite obvious that finding the optimal solution to the problem in real time is out of

the question. Even the calculation of the d, ,, value in real time, given arbitrary o,

value, will be too time-consuming to be performed for each time slice, let alone for

finding the optimal assignment of ¢,. In this chapter, we will use a simple heuristic,

which is to set the same ¢, values on all the channels. Therefore,c; = a%< for i=1.K.
For example, when K=2 and «=0.90, we will set &, and a, around 0.95 (more
precisely, o, =a, =0.9487). The intuition behind this choice is that it minimize
Ay td,y for o -o=a . For example when =090 |,
diossn) +dosss) = 6.314+6314<d g1,y + gy = 3.397+31.821 < d(gaq.) +dp05,) ~3.078+636.619 .

Therefore, when the variances on the channels do not vary too much, this heuristic is a

K
good choice in making Zd(al_’") -s, small. Another important merit of this heuristic is

i=1

that all the d(, ) values we need for the algorithm can be pre-calculated, eliminating the

need to calculate d, ) inreal time.

Based on this discussion, we have created the following simple extension of Algorithm

3.1 for determining the optimal amount of bandwidth testing.
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Algorithm 5.1: Multi-server Bandwidth Estimation (version 1)

1
o, (——(ZA , for i=1..K;

K
Obtain samples X;, X, on each channel and calculate V(l)% ZV,(I),

i=1
K
Obtain sample X, on each channel and calculate V{2)<« > V(2);
3 i
=1

n (——2;
while (V(n)>V{n-1)) {

nen+l;

Obtain a new sample on each channel;

K
Calculate V(n) “«— Z v, (n) ;

i=1

}

return f_, on each channel; [

5.2 Refinement of Multi-server Algorithm

Unfortunately, Algorithm 5.1 does not perform well when the sample standard errors on
channels vary greatly. Algorithm 5.1 assumes that the & values on all the channels are
the same. When it has K channels available, it always performs transmission on all the
channels. However, in some cases (especially when the standard errors on channels vary
a great deal), if we assume all channels use the same « value, we may end up better off if
we drop some of the channels in order to maximize the combined V(n) value'?. Consider
a simple example. Suppose we have only two channels, and the user wants to transmit
an object within the time limit 7 at a confidence level of @ =0.90. If we use two
channels, & will be about 0.95 on each channel; if we use either of the two channels

alone, o will be 0.90. Now suppose connection #1 has a much larger estimated

" This sounds'like a paradox: in order to maximize the expected object size, we end up better off using only some of
the channels instead of all of them. The reason is our simplification that all the channels are using the same ¢, values.

K
In fact, if we allow arbitrary o values (as longas o = ), then there will always be a set of o values that will
i 838 ¢ a; ;
=l

maximize the expected object size by using all the channels.
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bandwidth than connection #2 so that the difference between V, by using o = 0.90 and

a =0.95 18 larger than v, using a =095 (recall that

V=u, .(T-t)z[;—t(a’n) -jg__; ’]]Vv—_r;]-(N—n)-ts ); in this case, we may be better

off dropping connection #2 and using connection #1 for real transmission, with

a=0.90."

To accommodate the possibility of dropping channels during the bandwidth estimation,
we propose the following method to refine the algorithm. Suppose we have K channels
available. In each time slice when a new sample is obtained on each channel, the

algorithm calculates K ¥ values by using K different o (&, , &, ... @) for each

connection, where &, is the @ value if i channels are finally used for real transmission

(the other K-i channels are dropped). We have¢, :a% , where a is the confidence

level specified by end user. Therefore, we will have a total of K* ¥ values in each time
slice, as shown in Table 5.1 below. Each row of the table belongs to one channel, and the
K values of the same row represent how much volume will be transmitted when the K
different « values are used. From this definition of the table values, it is obvious that
the maximum value of column one of the table is the maximum » we can obtain if we
use only one channel; the sum of the maximum two values of column two is the
maximum V we can obtain if we use two channels; the sum of the maximum three values
of column three is the maximum ¥ we can obtain if we use three channels; finally, the
sum of all the K values of column K is the ¥ we can obtain if we use all the K channels.
Therefore, by picking the largest of these K options, we can obtain the maximum V that
can be obtained by using any subset of the K channels. As each new sample is obtained,
we can go through this procedure to find out the maximum V(n) and the channels that we

should use to achieve that ¥(n) (the rows that constitute the option we choose).

' Actually, in a real implementation, there are several strategies to make use of these “dropped” channels. One
strategy, suggested by W. Grover, is to use them to transmit the last portions of the strips allocated to the “admitted”
channels. In this way, the transmitted portions on “dropped” channels can serve as contingency backup in case the
“admitted” channels do not finish within the time limit. Another strategy is to allocate strips of the expected object to
all the channels including the “dropped” ones. However, when calculating the strip sizes, use acx value close to 1.0
(E.g. a = 0.999) for the “dropped” channels.
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Table 5.1, V values on K channels with K & values. Each row of the table represents K V values
Jor one channel. Please note that compared to the notation in Algorithm 5.1, we omit the time
slice number as a parameter of the V value but introduce the new parameter a,.

Based on this discussion, we present a refined version of our algorithm that

accommodates dropping channel(s).

Algorithm 5.2: Multi-server Bandwidth Estimation (refined version)
Calculate @, = a%for ie {1,2,...K};

Obtain sample X, X, on each channel;

Calculate Vi(l,d'j) for i€ {1,2,...K},6’i’j € {dl,dz,...&K };

V, = GetMax(l) ;

I”l(—l;

while (TRUE) {

né<n+l;

Obtain sample X,,;, on each channel;

Calculate Vl(n,dj) for [ € {1,2,...K},§Cj € {0?],&2,...&]{};
vV, = GetMax(n);

if (V, <V,) break;
}

return [ on each channel that constitutes part of Vn; 8]

The function GetMax(n) takes the variable n as input and works on a two dimensional
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array V. (n,a j)(for i, j = 1..K, as illustrated in Table 5.1). It first sorts each column of

the table, then picks the largest value from column 1, the largest two values from column
2 and adds them together, and so on, and finally adds all the values in column K. It
returns the largest of the K sums. Moreover, we can have GetMax(n) to set a vector
(implemented as a global variable) of K indicators, indicating whether row i is part of the
largest sum. This vector shows which channels are dropped and which channels are

admitted.

5.3 Simulation Overview

Now we present the simulation result for our multi-server bandwidth estimation
algorithm. As in Chapter 4, we try to find out how well the algorithm approximates the
optimal amount of bandwidth testing and how well it preserves the confidence level of
the user-specified time limit. Moreover, for the multi-server algorithm, we will study
how effective the algorithm is in handling the drop of the connections to maximize the

transmitted object size.

Figﬁfé 5.2, Screen Cabtﬁre of Multi-server Bandwidth Estimation Simulator. |
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Figure 5.2 is a screen capture of our multi-server simulator. The experimenter can
change the number of channels through the “Site” menu. The user-specified confidence
level « and total time slice number N are set through the “Parameter” menu. In Figure
5.2, we have chosen two channels and & =0.95. There are two panels in the middle of
the window, each with text fields (labelled “Mu” and “Sigma”) on the right for the
experimenter to enter the mean and standard deviation of the channel’s bandwidth

population.

The simulator simulates a real application in two phases. Phase One is the bandwidth
testing. In each slice, the simulator generates a random number by using a normal
distribution generator with the mean and standard deviation specified by the
experimenter for each channel. As we discussed, we assume the independence of the
channels; therefore, the random numbers are independently generated for each channel.
These random numbers simulate the bandwidth observed in the current time slice on each
channel. Then the simulator calculates the combined V7 values and uses Algorithm 5.2 to
determine whether the bandwidth testing should continue or not. When the bandwidth
testing is finished, the simulator determines which channels will be used (admitted) for
real transmission and what the strip sizes will be in each of them

(V.(n)=p,,, - (N=n)-1,). In Phase Two, the real transmission is simulated. The

simulator continues to generate random numbers in the admitted channels to simulate the
real transmission. In each time slice, the simulator decreases the remaining object strip
size in each admitted channel and checks whether it has reached zero. When the
remaining object strip size does reach zero in a channel, the real transmission on that
channel is finished. The entire object is transmitted to the client within the given time

limit only if all admitted channels finish transmitting their strips on time.

As in Chapter 4, we make a small amendment to Algorithm 5.2 by using 3/5 (determined
by variance) continuous decreases in the moving average of the past four V' values as the
termination condition of the bandwidth testing. We also limit the maximum number of

channels to five. With that simplification, all & values relevant are those for which

a'e {0.75,0.90,0.95} for i=1..5. We then pre-compute these d, ,) values and arrange
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thern in an array by using the same method discussed in Chapter 4.

After a run is finished, the simulator displays the V' value curve on the graph of the

channel panels. For each channel, K curves are drawn, one for each &, value (ie., if i

channels are used for real transmission). In the case shown in Figure 5.2, the red curve
represents V values if one channel is finally used; therefore, it uses &, = 0.95 to calculate
V; the yellow curve represents ¥ values if two channels will be used in real transmission;
thus, it uses @, = 0.9747 to calculate V. Finally, the lowest component of the window in

Figure 5.2 shows the graph of the combined ¥V values at each time slice. The red curve
represents the maximum combined ¥V values when one (the largest) channel is used, and
the yellow curve represents the combined ¥ values of both channels. In this case, we can
see that using both channels outperforms using only one of them, as the yellow curve is

almost always above the red one.

5.4 Simulation Results

We first show how well the algorithm approximates the optimality in the amount of
bandwidth testing. In this set of experiments, we use the size of the successfully
transmitted object as a gauge in measuring the optimality of the sample size'”. We
compare our dynamic sampling algorithm with the algorithm that uses a fixed number of
samples for the bandwidth testing. Simulation is performed in a setting of two channels.
Channel #1 has a mean bandwidth of 100Kbps and channel #2 10Kbps. In order to
measure the effectiveness of the algorithms under different network characteristics, we
vary the variances on both channels. For channel #1, we vary the standard deviation
from the set {2.5, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60}(Kbps), and choose the
standard deviations of channel #2 from {0.25,0.5,1.0,1.5,2.0,2.5,3.0,3.5,4.0,4.5, 5.0,

5.5, 6.0}(Kbps). For each combination of channel characteristics, we run 1000 times.

 Recall that in Chapter 4, we used the real transmission time as the gauge to measure the merit of sample size. In this
chapter we change to the transmitted object size, because when several channels are each delivering a strip of the
object, the real transmission time on each channel can be different. The transmitted object size is a more uniform
gauge in this case.
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We exclude those runs that exceed the time limit and average the remaining on the real

transmitted object size. We test two total time slice numbers, 100 and 500.

The results of the tests are presented in Figure 5.3 (a), (b), (c) and Figure 5.4(a), (b), (c).
Figure 5.3 shows the results for 100 time slices, and Figure 5.4 shows the results for 500
time slices. As both algorithms’ performances differed significantly under different
variances, we present each case in three graphs. The performance under small variances
(where sigma is less than 15% of mu) is shown in (a); the performance under large
variances (where sigma is larger than 35% of mu) is shown in (b); and the overall
performance is shown in (¢). The details of the data for Figure 5.3 and 5.4 are presented

in Appendix 1, Datasets 9 and 10.
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Figure 5.3(a): Comparison of the average size of the transmitted object for two algorithms (on 100 total
slices). Averaged over all small variances (sigma<0.15*%mu) in 1000 runs.
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Figure 5.3(b): Comparison of the average size of the transmitted object size for two algorithms (on 100
total slices). Averaged over all large variances (sigma>0.35%mu) in 1000 runs.
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Meving Avg vs. Fix Sample (all variance)
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Figure 5.3(c): Comparison of the average size of the transmitted object size for two algorithms (on 100
total slices). Averaged over all variances in 1000 runs.

Moeving Avg. vs. Fix Sample (Small Variance)

52000
51500
51000
50500
50000
49500
49000
48500
48000

B Moving
Average
Method

Media Object Size

11 14 17 20 23 26 29 32 35

# of Fixed Sample

Figure 5.4(a): Comparison of the average size of the transmitted object size for two algorithms (on 500
total slices). Averaged over all small variances (sigma<0.15*mu) in 1000 runs.

Meving Avg. vs. Fix Sample (Large Variance)

Moving
Average
Merhod

i Fixed
Sample
Methed

Media Object Size

i1 14 17 200 .23 26 2% 32 35

# of Fixed Sample

Figure 5.4(b): Comparison of the average size of the transmitted object size for two algorithms (on 500
total slices). Averaged over all large variances (sigma>0.35*mu) in 1000 runs.
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Figure 5.4(c): Comparison of the average size of the transmitted object size for two algorithms (on 500
total slices). Averaged over all variances in 1000 runs.

We have two observations concerning the above results. Firstly, the performance of the
fixed sampling algorithm depends on the number of samples used, yet the optimal
number of the sample varies under different total slice numbers and o values. However,
by using the dynamic sampling algorithm, we can always achieve results similar to those

obtained by using the fixed sampling algorithm with the best sample size.

Secondly, the performance gain by using the dynamic sampling algorithm instead of the
fixed sampling algorithm comes from different sources. For instance, the dynamic
algorithm outperforms the fixed sampling algorithm by up to 17% in small variances on
100 time slices, but only by 4% in small variances for 500 time slices, because for small
variances, the worst performing fixed sampling algorithms are those using a relatively
large number of fixed samples. These additional samples constitute a much larger
portion of the total time in 100 total time slices than in 500 total time slices. Conversely,
in the large variance case, our algorithm outperforms fixed sampling by up to 8% over
100 time slices and up to 15% over 500 time slices. That is because this difference
occurs when a small number of fixed samples are used, which cause aggressive under-
estimation of the bandwidth in the algorithms. This factor has more of an effect when
there are more remaining time slices for real transmission, 500 total time slices in this

case.
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Another important factor we are interested in is how well the algorithms provide the
confidence level that real transmission will be finished within time limit. In Figure 5.5,
we present the results for the total time slice of 100. The details of the data plotted in

Figure 5.5 are presented in Appendix 1, Dataset 11.
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Figure 5.5: The number of runs out of 1000 that failed to finish the transmission within the time limit (100

total slices).

The graph shows the number of runs out of 1000 that failed to finish the real
transmission within the time limit (averaged over all variances on both channels) for both
the dynamic algorithm and the fixed sampling method. Recall that we have set o =0.95.
We can see that the dynamic algorithm has around 95% of the runs finishing transmission
within the time limit. The results for the fixed sampling algorithm with different
numbers of samples vary slightly within the 94.5-96.5% range. Thus, both methods

deliver the confidence level of the user-specified time limit very well.

Finally, we present data to show how often the dynamic algorithm really drops channels.
In the previous discussions, we pointed out that when two channels with large variances
have a relatively large difference in their average bandwidths, it may be better to drop the
channel with the smaller bandwidth. We performed experiments on two channels with
average bandwidths of 100kbps (Channel #1) and 10kbps (Channel #2), respectively. We

counted how many times in 1000 runs our algorithm ended up using only one channel for
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real transmission. The total time slices in use were 100. As before, the experiments were
conducted over all the variances specified in the previous experiments, and the results are

shown in Figure 5.6. The details of the data are presented in Appendix 1, Dataset 12.
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Figure 5.6: This graph shows how many times in 1000 runs our algorithm uses only one channel for real
transmissions. The x-axis is the variance of Channel #1. The dark-colored bar shows the number for the
case of variance equals 6.0 on Channel #2, while the light-colored bar shows the average number for

variances belonging to {0.25, 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0, 4.5, 5.0, 5.5, 6.0}.

As the graph indicates, the percentage of runs using only one channel reaches as high as
30% when variance is high in both channels. This result justifies our efforts in
developing the refined algorithm to determine which channels to admit and which ones

to drop.
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Chapter 6

Experiments on Real Networks

Up to now, the experiments we have discussed are all based on simulations. In this
chapter, we describe an implementation of the algorithm and the experimental results in
the real network environment. We have several goals in doing experiments on real

networks.

Firstly, since the algorithm draws bandwidth samples from the first fraction of the time
limit, it has been assumed that these samples will be the unbiased representatives of the
entire population (the mean and variance of the bandwidth random variable are
stationary). However, this assumption is only an approximation of the real scenario. The
first group of samples are actually quite special, not only because they are from the
period when the TCP protocol tries to figure out the available bandwidth on the network
(as we discussed in Chapter 2), but also because the available bandwidth may be affected
by other traffic on the network if the total time limit is relatively long. Therefore, we
want to find out whether this assumption is valid in the real network. The positive results
we will present relating to this issue only partially justify the assumption. The results do
show that in several cases (the three cases we will describe), the assumption is acceptable.

However, they cannot be readily generalized to all applications.

Secondly, practical issues still must be addressed once our algorithm can be applied to
real applications. One important question is how to determine the proper length of each
time slice. In the simulation experiments we described, the unit of time was one time
slice, and we did not mention how long each time slice actually was. When determining
the time slice in a real network environment, several factors must be taken into

consideration. Although the TCP protocol provides the upper layer protocols a service as
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if the data were transmitted in a stream, they are actually delivered in packets. Therefore,
if the time slice is too small, the observed bandwidth samples will fluctuate a great deal
and exaggerate the variance of the bandwidth. Also, as each time slice introduces some
computation overhead in calculating bandwidth sample statistics, an excessively small
time slice will enlarge such overhead. On the other hand, if the time slice is set too large,
the cost of each sample grows, which also hurts the accurate estimation of the bandwidth.

We aim to understand these effects better by performing experiments in real networks.

Finally, we want to check the computation cost of the algorithm to determine whether the
algorithm is simple enough to be applied in real-time bandwidth estimation for network-
aware applications. To keep the project’s scope within a reasonable range, we have

restricted the experiments in real networks to a single-server environment.

6.1 Implementation of the Algorithm

Our implementation of the algorithm consists of two programs, a server and a client. The
server is a background process on the server host. It listens to a certain TCP port number
on the server machine and waits for connection requests from clients. The client is a
Java Applet embedded in an HTML page. It includes a user interface that allows the user
to specify parameters for an object transmission. There are three parameters: the “Time
Limit” is the user specified time for object transmission; the “Confidence Goal” is the
confidence level associated with the time limit; the “Time Slice” is the time used for each
bandwidth sample. Figure 6.1 is a screen capture of the client program, showing the GUI

for user parameter setting.






