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ABSTRACT

Characterization of User and Server Behavior in Web-Based

Networks

Amy Csizmar Dalal

The explosion in popularity of the World Wide Web over the past few years
has changed the focus of Internet research. While this research has given us some
insight into the behavior of this segment of Internet traffic, many holes remain in
our understanding of the interactions between World Wide Web users and the web

sites (servers) they frequent.

We seek to gain a better understanding of the interactions between a population
of impatient web users accessing a population of web servers. We attempt to answer
three key questions: How can we model user and server behavior on the World
Wide Web? How do users and web servers interact? Can we improve upon the

ways in which web servers process incoming requests from users?

Our approach is twofold. First, we derive a state diagram model describing a

il



typical web session from both the user and server perspectives. We identify key
actions, events, and times associated with the lifetime of a web session on both the
user and the server ends. We briefly explain how the combination of these three

entities can be used to construct a computer model of a web session.

Second, we explore the concept of “server performance”, defining performance
in terms of how much revenue a server earns from processing a request from a
user. We quantify revenue as a decreasing function of the amount of time a user
waits for the server to process its request. We then use this definition to derive an
improved service ordering policy at a web server. We find that when the goal is
to improve user-perceived performance by maximizing the revenue earned by the
server on average per unit time, the optimal service ordering policy tends to be
greedy rather than fair. We demonstrate these results both analytically and via

simulation.

We conclude by applying the server performance results in a brief exploration

of server dimensioning issues.
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In memory of my grandfather, Paul V. Jolley.
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Chapter 1

INTRODUCTION

This chapter contains the background information and motivation for this Ph.D.
dissertation research. We begin with a description of the rise in popularity of
the World Wide Web and the resulting implications for Internet backbone traffic.
We explain the general operation of the two main protocols, TCP and HTTP,
involved in web-based file transfers. Next, we describe the architecture of a typical
web server and define the inherent design problems in the architecture. We then
outline the scope of the research problems and explore previous work on related

research problems. The chapter ends with an outline of the rest of this document.



1.1 Motivation

The World Wide Web is a fairly recent phenomenon. Before 1994, web traffic
made up only a small percentage of Internet backbone traffic. The majority of
backbone traffic consisted of FTP and TELNET traffic. Around 1994, the web
started to gain popularity, first in the scientific community and then quickly with
the rest of the population. Since 1994, the web has enjoyed exponential growth.
Today, web traffic makes up the majority of Internet traffic, and the number of
users and hosts on the web and on the Internet as a whole continue to grow at an

extremely rapid rate.

As an illustration of this point, Figures 1.1 and 1.2 show the growth in the
estimated number of hosts and users on the Internet, respectively, by year. Figure
1.1 shows that since January 1994, the number of hosts has roughly doubled every
year. In the past year alone, between July 1998 and July 1999, the number of
hosts has risen from 30 million to 60 million. The pace of the growth of users on
the Internet is slightly slower than that of the hosts. As Figure 1.2 shows, though,
since 1996 the number of users worldwide has increased by roughly 50 million each

year.

The rapid rise in the number of participants on the World Wide Web, and

the Internet in general, worries those who maintain the Internet backbone. Lit-
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Figure 1.1: The number of Internet hosts by year [30]
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tle is understood about the long-term implications of web traffic on the Internet
backbone; however, understanding these implications is vital to the survival of the
Internet. Steps must be taken to insure that the Internet has enough capacity to

handle present and future access patterns, particularly those related to web traffic.

1.1.1 Web Server Protocols

In this section, we describe the main protocols involved in web transactions,
TCP/IP and HTTP. TCP/IP are the transfer and network layer protocols that
control how data packets travel on the Internet backbone between hosts. HTTP
is the application layer protocol that controls how web browsers and web servers

communicate with each other.

Hypertext Transfer Protocol

Hypertext Transfer Protocol, or HTTP ([11], [22]), is a request-response protocol
that operates between a web browser and a web server on the application layer.
Figure 1.3 illustrates the basic format of an HT'TP session. The HT'TP transaction
begins after the client and server establish a TCP connection (described in the next
section). The client begins the session by sending an HTTP request message to the
server. The most common request message type is GET, which is used to request

a file from the web server. Other request types include POST, which sends data



(as in a form or email message) to the server; and OPTIONS, which requests
information about the web server’s capabilities or the properties of a particular
file or resource at the server. We assume in the rest of the description that the

client has sent a GET message.

CLIENT (network) SERVER
5 Send HTTP request » New connection77\
message (GET) Y: start new N: locate existing
server process, process, thread, etc.
thread, etc. handling the connection

\/

Parse request message
Extract file ;ame and path

Attempt to locate file

File !ound?
P o .

Y: retrieve and place N: construct error

in output buff&x message response

Add appropriate HTTP header to file or message

Y

Parse response Send HTTP response message
Display in browser

Ano@l{i\n page?

L Y: repeat N: wait for
process next command
from user

Figure 1.3: A basic HT'TP session.

When the server receives the request message from the client, it searches for
the file requested within its memory stores. If the server finds the file, it attaches
an HTTP header to the file and then sends it back to the client. If the server does
not locate the file, or if there is some problem with the file or the request message

itself, the server sends back an error message.



When the client receives a response from the server, it parses it and displays it
in the browser window. If, when parsing the file, the client discovers that there are
more files contained in the web document (such as inline images within an .html
file), the client sends a GET message for each remaining file in the document. The
process continues until the client requests a file from another web server or ends

its web session.

TCP and HTTP

TCP and IP are the protocols used for data transfer on the Internet. TCP
([53],[20]) is the connection-oriented transport layer protocol, and IP is the con-
nectionless network layer protocol. TCP ensures that packets sent from one host
arrive error-free and in a timely fashion at the destination host. As mentioned

previously, HT'TP runs on top of TCP at the application layer.

To establish a TCP connection, two hosts exchange a “three-way handshake”,
illustrated in Figure 1.4. The initiating host sends a TCP SYN (“synchronize
segment”) packet to the second host. The SYN packet contains information about
the size of the data segments that the first host will send and how much buffer space
it has to store data sent by the second host. The second host responds with a TCP

SYN/ACK (“synchronize/acknowledge”) packet to indicate that it has received



the SYN from the initiating host. The first host then ACKs (acknowledges) this

packet, completing the connection establishment process.

(client application)  CLIENT (network) SERVER (server application)
open Send SYN: Ready
connection” - - L .
starting
to server
sequence number,
buffer size
Receive SYN
Check buffer size
Send ACK/SYN:

sequence number,
buffer size, next
expected seq. number
from user

/

Verify parameters
from server

Send ACK
Connection g ....... READY
open READY -~ > Connection open

Figure 1.4: Three-way handshake to open a TCP connection.

After completing the three-way handshake, the two hosts can send packetized
data to each other. In transferring data, one host sends a number of data packets,
limited by the minimum of the destination host’s receive window and the con-
gestion window (described below), to the destination host and waits for a reply.
When the other host receives these data packets, it checks to see if any packets

were lost in transmission. It does so by checking the received packet sequence



numbers against the packet sequence numbers it expects to receive. The destina-
tion host then sends an ACK to the original host for the received packets. Once
the first host receives this ACK, it transmits the next set of packets, until the
message transfer completes and all packets in that message have been ACKed by
the receiver. If the first host does not receive an ACK within a specified timeout
period, it retransmits any data packets that have not yet been ACKed by the

receiver.

To tear down an existing TCP connection, the hosts exchange another “three-
way handshake”, illustrated in Figure 1.5. The host initiating the close sends a
TCP FIN (“final segment”) packet to the second host. The second host responds
with an ACK and then a FIN packet to acknowledge the close. Once the initiating
host receives this packet, it ACKs the second host’s FIN packet and breaks the
TCP connection on its end. The second host breaks the TCP connection on its

end once it receives this ACK packet. Either host may initiate the close.

In HTTP/1.0 [11], each request sent by the client requires a new TCP con-
nection to the server. Once the server sends its response to the client, it closes
the TCP connection between them. For example, if a web document contains four
image files in addition to the main .html file, client software using HTTP /1.0 opens

a total of five distinct TCP connections to the server (one for each file). Earlier



(application) CLIENT (network) SERVER (application)

(or server) (or client)

application:. . . . > Send FIN

CLOSE \
Receive FIN
Send ACK - > Notify application
/ Send FIN —<--------- Application OKs close
Send ACK \
notify - CLOSED CLOSED

application

Figure 1.5: Three-way handshake to terminate a TCP connection.

versions of browser software would open these connections sequentially; later ver-
sions of some browsers (previous versions of Netscape Navigator [46], for example)
implement simultaneous TCP connections for retrieval of multiple files. Returning
to the previous example, if the client uses simultaneous connections to retrieve
the document described above, it first opens one TCP connection to retrieve the
.html file, then closes this connection once the file transfer completes. The client
parses the .html file, determines that there are four more files to retrieve, and
opens up four simultaneous connections to the server, one for each image file. The
client closes each connection once the file transfer associated with that connection

completes.

Using TCP in this manner is problematic for several reasons, and has been



10

well-documented in the literature. (See, for example, [42], [48], and [56].) First,
maintaining, establishing, and tearing down TCP connections is expensive in terms
of the server and client resources required. Second, setting up and tearing down
TCP connections is expensive in terms of the number of round trip times needed
for the task. For a single TCP connection, the number of round trip times is not
significant. As the number of files in a web document increases, and subsequently
as the number of TCP connections required to retrieve the document increases, the
number of round trip times becomes more significant. Third, TCP contains some
inherent congestion control mechanisms, in particular “slow start” [31], designed to
benefit longer-duration TCP connections (such as those associated with TELNET
sessions). Briefly, the slow start algorithm ensures that a host does not suddenly
flood a possibly-congested network with a large number of packets by dictating
a “ramp-up” process for transmitting packets. Slow start defines a congestion
window that limits the number of packets a client is allowed to send onto the
network at any one time. Initially, slow start sets this window to one packet. Each
packet that is ACKed by the receiving end increases the congestion window by
one packet. The number of packets the sender is allowed to transmit is always
the minimum of the congestion window and the receiver’s receive buffer size; the
congestion window can never exceed this receive window size. This mechanism
is ill-suited for HTTP transactions which tend to be of short duration and small

in terms of the number of packets transmitted, because slow start takes up a
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significant portion of the total connection duration. Also, each time the client

requests a new file from the web server, it must go through this process.

In 1997, the World Wide Web Consortium and Internet Engineering Task Force
released the first version of the standard for HTTP/1.1 [22], a modification to
the HTTP/1.0 protocol. With HTTP/1.1, the client has the ability to keep the
TCP connection to the server open to make subsequent requests. When one TCP
connection is used for multiple file requests, we call this persistent connection TCP.
Persistent connections reduce retrieval latency by reducing the number of round-
trip times required to retrieve a web page from a server. Returning to our example
from the previous section, to retrieve the five files in the web document, the client
opens just one TCP connection to the server. The client then either explicitly
closes the TCP connection once all five files have been retrieved, or keeps the
connection open if it anticipates retrieving more files from the same server in the
very near future. The connection times out if it remains idle for an established

period of time.

HTTP/1.1 represents an improvement over HTTP/1.0 for several reasons.
First, the need for fewer setups and tear-downs of TCP connections means fewer
round trip times are required per web document retrieval. The existence of fewer
TCP connections means that less resources are used at the client and server overall

to maintain the connections. Finally, since HTTP/1.1 reuses a TCP connection
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for several file retrievals, slow-start affects a smaller percentage of the connection

duration time.

Because HTTP/1.1 utilizes persistent connections rather than simultaneous
connections, in some cases file retrieval could take more time under HTTP/1.1
than HTTP/1.0. Under persistent connections, the client reuses one connection
to retrieve multiple files, whereas using simultaneous connections, the client can
send out multiple file requests at the same time. To address this shortcoming,
HTTP/1.1 also implements pipelined requests. When a client pipelines a series
of requests, it sends out the requests in succession on the same TCP connection,
without waiting for a response. The server then processes each connection in turn,
sending back the responses according to the order of the requests. This helps to
reduce the total retrieval time associated with a web document without increasing
the number of necessary TCP connections. [47] verifies the performance improve-
ments from using persistent pipelined connections in HTTP/1.1 as compared to
both HTTP/1.1 without pipelined connections and HTTP /1.0 with multiple si-

multaneous connections.

1.1.2 Web Server Architecture

In this section, we briefly describe the typical configuration of a web server. Specif-

ically, we discuss the structure of a typical web server software program, or HTTP
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daemon, and the relationship between this daemon and the underlying operating

system of the computer on which the software runs.

A web server software program is basically an implementation of the HTTP
protocol on the server side. Figure 1.3 illustrates the basic operation of the HTTP
protocol from the client and server sides. This section expands on the server side
of this diagram. In the following discussion, we use the terms HTTP daemon
(or httpd for short), web server software, web server daemon, and server daemon

interchangeably.

The web server software interacts with the computer system’s CPU, file system,
and network interfaces in order to serve web documents to clients that request
them. The software only provides an interface to these resources, and does not
control them directly. The scheduling of processing time for requests, for example,
is left to the operating system kernel. The software interfaces with the network
connection only via reads and writes from a specific socket, commonly referred to
as a port. Finally, the software interfaces with the file system in retrieving files

and writing to various log files.

A web server daemon processes incoming requests in the following manner.
The daemon listens to a specific TCP port, typically TCP port 80, for incoming
requests. A client, after establishing a TCP connection with the server, sends

an HTTP request to the server. Upon receiving this request, the server daemon
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parses the request message to determine the requested file and any other special
instructions involved in the request. For example, the client may only be able
to accept certain file types, called MIME types; it would then send a list of the
acceptable types to the server as part of the request message. The server daemon
next expands out the file name and locates the requested file, either in the file
system or in the memory cache, using this extended path name. Lastly, the server
daemon writes this file (or an error message), along with the proper headers, to
the network queue to be sent out on TCP port 80 back to the client. If the server
implements HTTP /1.1, the connection between the client and server remains open

until either the client explicitly closes it or the connection times out.

One of the most important aspects of the server daemon is its ability to handle
multiple simultaneous requests. There are two ways in which web server software
accomplishes this. The first way is via cloning. In this method, one instance of
the server daemon is created upon initialization. This parent process listens on
TCP port 80, or some other port dedicated to HT'TP traffic, for incoming web
request messages. Upon arrival of a request, the parent process spawns a child
process and passes the connection to this child process. The child process serves
the connection for the entire lifetime of the connection. Once the connection closes,
the child process is either killed or added to a process pool to be reused by a later

connection.



15

Spawning child processes can be a time- and resource-consuming process, so in
some cases the parent process pre-spawns a number of child processes to form a
“process pool”. The parent then passes incoming requests to one of the processes in
this pool. Again, the processes may or may not be reused, or may have a “lifetime”
associated with themselves to dictate how many requests they may service before

being killed. The Apache server [2] operates in this manner.

Another way in which web servers handle multiple simultaneous requests is by
using multiple threads. This method creates a thread for each HT'TP connection.
The threads are created and controlled by a main thread, which operates similarly
to the parent process described above. As with the parent/child processes, the
main thread may pre-create a thread pool to handle incoming requests faster.
Examples of multithreaded servers include Netscape Enterprise [45], Zeus [62],

Microsoft IIS [40], and PHTTPD [51].

The scheduling of the processes and threads is left largely up to the operating
system kernel. Multithreaded servers tend to share resources among all open
connections. Typically, one thread executes until it reaches a “pause” in execution,
such as a disk read or a write to a log file. At each pause, the execution switches to
another thread until that thread reaches a pause in execution, and so on. Process-
based servers may operate by sharing resources as in the multithreaded case, or in

a first-in, first-out manner. In most cases, however, the combination of web server
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and kernel scheduling results in some form of processor-sharing service ordering

policy.

In general, the thread-per-request model is more efficient than the process-per-
request model. It generally takes less time to switch between threads than between
processes. Each thread retains its own information about the network connection it
is handling and the memory associated with the request, but shares the web server
program code and global data. Each process in the process-per-request model, on
the other hand, is a complete copy of the web server daemon, and retains its own
information about the connection, memory, and program code. Thus, switching
between threads incurs much less overhead, because only the connection informa-
tion has to be copied to runtime memory; whereas switching between processes
entails copying the connection information, memory information, and program

code to runtime memory.

Using threads has its disadvantages. First, a multithreaded server only works
well on an operating system that supports threads. This is becoming less of an issue
as most of the popular operating systems support threads now. Second, a multi-
threaded server is more complex than one that uses the process-per-request model,
because it is difficult to program and coordinate the execution of threads, particu-

larly when doing file input/output operations. Third, in some cases dynamically-
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generated pages cannot use threads, but must be generated by a process. Doing

so eliminates the time-saving advantages of the threaded operation.

The main disadvantage to using the process-per-request model, besides being
slower than the multithreaded model, is that care must be taken to ensure that
too many processes are not generated/active at once. Each process, even when
inactive, takes up memory and CPU time; thus, the pool of available processes

must not exceed some maximum value (which varies from system to system).

1.1.3 Issues

One area of particular interest to Internet researchers is in identifying the sources
of bottleneck, or excessive delay, within a web session. In many cases the backbone
network is to blame for much of the bottleneck. Most of the congestion is related to
the interactions between HTTP and TCP/IP, which we explored in Section 1.1.1.
Even with the implementation of HTTP /1.1, which utilizes TCP connections more
efficiently than its predecessor, web traffic stresses the backbone network, in terms

of both the sheer volume of traffic and in the way traffic traverses the network.

Many researchers believe that the key to identifying and alleviating congestion
on the Internet due to web traffic lies in developing a clear picture of web traffic

and defining its characteristics. However, this task has proved difficult thus far.
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There are several reasons for this, many of which are addressed in [50]. For one,
the picture of web traffic is constantly changing. Not only is web traffic growing
in terms of the number of users and hosts sending and receiving it, but it is also
changing in terms of what constitutes “web traffic’. The type and number of ap-
plications classified as web traffic has not remained constant, even over relatively
brief periods of time. As a result, it is difficult to characterize what web traffic
will look like in a few years or even a few months. The increasing use of Java,
scripting languages, dynamically-generated content, and multimedia traffic is al-
ready changing the nature of web traffic. Another factor is the exponential growth
of the user population on the web, which makes it increasingly difficult to profile
the “typical” web user. In addition, the nature of the network itself is dynamic.
New hosts and routers are added daily, and the paths traversed by Internet traffic,
because they are dependent on the instantaneous congestive state of the network,
change on the order of minutes or even seconds. All of these factors contribute to

the difficulty in characterizing World Wide Web traffic on the Internet.

Some of the bottleneck can be traced to the architecture of the web server
itself, and the web server software in particular. Most of today’s web servers
handle incoming web requests in a round robin manner. This method of scheduling
requests is partly a consequence of operating system design and partly due to the
web server software design. Traditionally, it has been held that processor sharing

policies (such as round robin) yield the best “user-perceived” performance, in



19

terms of fairness and response time, when service time requirements are variable.
Processor sharing policies typically allow shorter jobs to complete before longer
jobs, and the average time a job spends in a system that employs processor sharing
is linearly proportional to its required service time. However, this theory falls short
when applied to the construction of web server software. Web users tend to be
very impatient and will abort, or cancel, a pending request if a response is not
received in a matter of seconds. Users that time out in such a manner cause the
server to waste resources on a request that never completes. At a lightly-loaded
server handling a few requests per second, this may not pose a problem; but at a
heavily-loaded server with many requests arriving per second, this may ultimately
prove disastrous, and lead to a situation of “server deadlock”, where the server

works at capacity but does not complete any requests.

The two main issues we address in this thesis are the user population charac-
teristics and web server characteristics. To characterize the user population, we
consider what a web session looks like from one user’s and one web server’s per-
spective, identifying the key stages and parameters involved in such a session. To
further characterize the web server, we again consider one web server, and deter-
mine how requests from remote users are processed at that server via a queueing
theory approach. We do so by exploring the concept of “server performance”,
defining what constitutes “good performance” and using this definition to derive

an improved service ordering policy at a web server.
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The objective of the web server in the system studied here is to maximize user
perceived performance, which is a function of the amount of time the user spends
waiting for a file to download from a web server. In this context, download refers
to the actions from the time the user requests a file from a web server to the time
the file (or an error message) is delivered to the user’s browser. The shorter the
download time, the higher the user’s perceived performance. We assume that the
network connecting the client and server is a static quantity; we therefore look

solely at what the server does in processing requests.

In this model, requests arrive at the system according to a Poisson process.
They are numbered in the order that they arrive at the system. The service time
requirement of a request is directly proportional to the size of the file requested.
These file sizes are independent and identically distributed exponential random
variables with identical means. Once a request has entered the system, it does not

leave until it completes service. We assume that swap times are instantaneous.

Our metric of interest is a quantity we call “revenue”. We define revenue as a
measure of the perceived performance per user per file. The user “pays” the server
an amount relative to the download time upon the server’s completion of the user’s
request. Here, we ignore the transit time required to send the result of the request
back to the browser, and assume that the revenue is collected instantaneously upon

the file’s departure from the server.
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We describe revenue as a decaying exponential function of the time the request
spends in the system before completing service. Thus, the longer the request
remains in the system, the lower its probability of remaining at the server until
its service is completed. Our goal is to find the service policies that maximize the

average revenue earned per second by the server.

1.2 Prior Work

Despite the relative newness of the web, there has been a significant body of work
established in Internet research. The prior research falls into three main areas:
research into issues on the network-level and transport-level, or how HTTP traffic
traverses the backbone network and interacts with other TCP traffic; research
into issues at the session level, which includes characterization of browser and/or
server behavior; and research into issues on the application level, most of which
concerns defining and measuring the “performance” of the web server in terms of
one or more metrics and finding ways to improve upon its performance (typically

by modifying the order in which web requests are serviced).
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1.2.1 Network- and Transport-level Research

Network- and transport-level research studies the interactions of HIT'TP and TCP
and the effects that HTTP traffic has on Internet (TCP) traffic as a whole. Since
1995, HTTP traffic has dominated the traffic on the Internet backbone. By char-
acterizing how HTTP and TCP interact on the backbone network and/or at the

server, researchers hope to predict how Internet traffic will look in the future.

One of the premier works in this area is [41]. This work studied the HTTP
and TCP characteristics of a heavily-trafficked web server, the 1994 election server
in California.! The study measured the usage of network resources at the server
level using server logs and packet traces of the LAN on which the distributed hosts
resided. In addition to these measures, the study also measured some server char-
acteristics, including peak and average hit rates, number of retrievals per client,
file popularity, and load imbalances among the hosts. The study was primarily
transport-layer-focused; in particular, the study was expanded upon in [42] to jus-
tify the revision of the HT'TP protocol in order to utilize the TCP protocol more

efficiently and cut down on the amount of backbone traffic.

A similar study [4] used packet traces from the Atlantic Summer Olympics

web site in 1996. This, too, was a transport-layer-centric study. In particular,

IThe site received heavy traffic as compared to most web sites in the same time period. It
received nearly one million hits in a 24-hour period, which in 1994 was a phenomenal amount of
web traffic.
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this study was concerned with the relationship between the number of open TCP
connections and the performance of the server in terms of throughput and loss

rates.

The two papers mentioned above are similar in that they look at transport-level
traffic from the server’s perspective. Another related approach looks at this same
traffic from the perspective of the backbone network, using packet traces from
points on the backbone network or from stub networks in order to characterize the

HTTP and/or TCP traffic. We discuss several of these studies below.

The original studies on the backbone network did not involve HTTP traffic.
We mention them here because they in essence sparked much of the interest in
Internet research, and many of the problems and characteristics they identified
are still hotly debated today. The pioneering work in this area is described in [35],
which measured packet-level traffic on an Ethernet between 1989 and 1992. The
study concluded that traditional forms of modeling packet-level network traffic—
using Poisson arrivals—are inaccurate. Instead, the study found that Ethernet
traffic exhibits some properties of self-similarity, meaning that it shows burstiness
across all time scales which does not average itself out on longer time scales, as
exponential traffic does. [49] performed a similar study on Telnet and FTP traffic

over the Internet backbone. They found evidence of self-similar characteristics,
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but also found some cases in which Poisson modeling was adequate for this traffic

(in particular, for session arrivals).

Modern studies in this area examine the behavior of the Internet in the face of
ever-increasing amounts of HT'TP traffic. These studies attempt to characterize
HTTP traffic on the backbone network in order to predict future traffic patterns
and identify potential capacity problems and bottlenecks on the backbone network.
The best examples of this research are [14] and [21], both of which use packet traces
of backbone traffic to identify traffic “flows” that correspond to HTTP sessions

between endpoints.

The works described above relate indirectly to our research. They represent
one approach to characterizing web and Internet traffic. They are also important
to our research in that they present ideas as to the shape of the traffic on the

backbone, which we apply to our web session characterization.

1.2.2 Session Level: Web Characterization

The most extensive research has been done in the area of web session characteri-
zation. Web characterization research attempts to parameterize certain elements

(usually traffic patterns or server actions) of a typical web session. Several ap-
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proaches have been undertaken, ranging from server-centered characterization, to

client-centered characterization, to network-centered characterization.

The pioneering work in this area was done by Arlitt and Williamson, who in
[3] identified ten invariants of web traffic seen at a web server by studying server
log files from 1994 and 1995. This web workload study involved six different
servers that saw several orders of magnitude of traffic over two different orders of
magnitude of time. The ten invariants represent traffic characteristics common to
the log files from all six web servers. The invariants ranged in scope from file size
distribution, to the distribution of requested file types, to locality of requests with
respect to the client’s IP address. This work was pivotal because it paved the way
for similar studies of server and client traffic patterns, and also because most of

the invariants have been confirmed by other researchers.

Others who have attempted to characterize web traffic from the server end
include [34], who used server logs from 1994 from the NCSA server; and [38],
who also used server logs in a workload development study for a new web server

benchmark.

Another pivotal paper in this subgroup tackles the traffic characterization prob-
lem from the opposite end: the client side. [18] presents a traffic analysis from
logs gathered from instrumented versions of Mosaic [44], the first popular web

browser software. The study confirmed some of the invariants in [3], in particular
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the heavy-tailed distribution of file sizes and the concentration of file references.
The study was updated in 1998, with the results presented in [6]. In the updated
study, new traces were taken from a proxy server installed on the same worksta-
tions as the web browsers in the study (this time Netscape and not Mosaic) and
compared to the original traces. The study found that the file size distribution
was largely unchanged from the original study, but that the effects of file reference
concentration were less pronounced in the later data set. A third study based
on this data set, [15], uses the original data to establish the self-similarity of the
client-side traffic and the heavy-tailed nature of the file size distributions. A simi-
lar but unrelated paper is [23], which used logs from a proxy at a modem bank to

characterize the web traffic at that location.

Another similar study is described in [29]. This work measured traffic from an
AOL caching proxy in 1997 and also from another instrumented version of Xmosaic
at Georgia Tech in 1994. This study, unlike those mentioned previously, focused
on characterizing the number of pages accessed per web site and the number of

visits per web site over a time period.

Still other studies attempt to view and characterize traffic from the network
level. Mah [36] used packet-level traces from a LAN, collected in 1995, to re-
construct web session traffic between clients and servers. From these traces, he

calculated empirical distributions for such quantities as request size, response (file)
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size, user think time, number of files per web page, and number of documents re-
trieved per server visit. Even though it used packet-level traces, the study was not

concerned with any packet-level characteristics of the traffic.

Some studies combine session-level characterization with network-level char-
acterization. For example, [7] presents an analysis of the effects of HTTP traffic
on the network and also on web server resources, such as CPU utilization and
disk accesses; it studies both HTTP/1.0 and HTTP/1.1. An earlier study, [9],
similarly looks at CPU utilization and its relationship to the TCP connections
carrying HTTP traffic. [8] similarly proposes a model for measuring web client,
server, and network performance simultaneously. [1] studies the interactions on
three levels: the operating system level, the application level (HTTP), and the
network level (TCP). It measures system level characteristics like CPU utiliza-
tion, process lifetimes, and logging times; as well as file size distributions and the
throughput in connections per second. [5] presents a model of a traffic generator
that is mainly concerned with reproducing client access patterns. Finally, [37] uses
a web proxy log to construct a server workload, characterizing such measures as

CPU utilization and response times.

A study that does not fit the above categories is [39], which presents a “site

characterization” from web server logs. It measures such factors as growth indi-
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cators, variation in site volume, and the differences in traffic patterns at different

web sites.

These studies and others (see [52] for a summary of the most relevant web
characterization studies through 1998) relate to our research in that they present
various methods of characterizing a web session. The problem with most of these
studies is that they rely on empirical data. While using empirical data does have its
advantages, it may quickly render these studies obsolete since web traffic changes so
rapidly. Our work, by contrast, relies on identifying known actions and events tied
to the HTTP and TCP protocols to characterize web traffic. Using this method
allows us to create a web session characterization that is valid under a variety of

traffic patterns and types.

1.2.3 Application Level: Server Queueing Models

The research on the application level is most closely related to the majority of
the work in this thesis. The majority of the work in this area has been done by
the same group of researchers. The approaches for the works described in this
section are similar. All of the studies model the web server as a queue or a system
of queues to represent the web resources (CPU, file system, and network queue).
They all define performance in terms of the latency involved in serving a request;

typically, the studies use user-perceived latency of some form. In most cases, the



29

analysis involves modifying the service ordering at the web server in an attempt

to improve performance in terms of the chosen latency measure.

Two key papers in this area are [16] and [26], which compare less conventional
service ordering policies to service orderings traditionally found in web servers.
[16] compares the two most commonly-used service orderings in web servers, first-
in, first-out and processor sharing, to a shortest-connection-first service ordering.
The study compares two “fair” service orderings against a size-based policy, and
quantifies the performance in terms of mean response time, where response time
is defined as the sum of the waiting time and the service time. They find that
the “unfair” policy performs four to five times better, in terms of mean response
time, than either of the fair policies. [26] is also a comparison of a fair service
ordering, processor sharing, against a more aggressive policy, shortest-remaining-
processing-time. Like [16], this paper measures performance in terms of mean
response time, but it also looks at mean slowdown as a performance measure,
where mean slowdown is the ratio of waiting time to service time. Also like [16],
this work finds that the “unfair” policy represents a performance improvement in

both metrics as compared to the processor sharing policy.

The two papers described above are similar to our work. Each paper presents
both an analytical analysis and a simulation analysis of the queueing system, as

we do. Each of the papers measures performance, at least partially, in terms of
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user-perceived response time solely at the server level. While we do not define
performance in the same manner, our measure of performance is a function of

response time.

The key differences between our approach and the approaches presented in
these two papers lie in the goals of the analyses. The papers described above select
one service order policy that may perform better than one or more commonly-used
service ordering policies. Then, using a “realistic” service time distribution, they
determine the improvement in response time (or some other related metric) when
this new policy is used in lieu of the traditional policies. The two papers, and much
of the rest of their work, assume that the file size distribution is heavy-tailed,
meaning that it is modeled by a bounded Pareto distribution with parameter
a,0 < a < 2; and that the server knows the size of each task upon its arrival to
the server. They argue that this is an appropriate model for static files arriving at
a web server, since the server can deduce file sizes from the HT'TP GET message
and since a number of studies (see, for example, [3], [18], [6], and [36]) verify the
heavy-tailed nature of file sizes for static files. Thus, using such a model gives
them a “realistic” picture of how the new policy improves upon the old policies,
both analytically and in practice (empirically). By reducing mean response time
and other mean time-related metrics, they infer that more pages on average can

be served to the general population of web users.
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By contrast, our approach is to consider all general policies (within a certain
set of conditions), including traditional, well-defined policies and non-traditional
policies that are not clearly defined. Once we determine the set of acceptable
policies under consideration, we systematically eliminate the policies that do not
maximize our metric of interest, average revenue per unit time, until we are left
with a policy or a family of policies that does maximize average revenue per unit
time under the limiting conditions. We define this as our optimal policy, because
it optimally serves the pool of impatient users; by maximizing the revenue per
unit time, we infer that we are maximizing the number of users that remain at the
server until their service requirements are met. We find, in fact, that under most
conditions the optimal policy can be described by one of a family of “greedy” poli-
cies, rather than one well-defined policy. In order to make our analysis tractable,
we necessarily must use a less-accurate model for file size than the model used in
the work described above. We thus assume a worst-case scenario in which file sizes
are exponential, meaning that the server does not have any sense of the size of

each incoming task.

A related paper is [10]. The focus of this work is on avoiding “starvation” of
incoming requests, or ensuring that requests are serviced within some maximum
response time. The performance of the server is measured in terms of two metrics:
response time per request and slowdown per request. Unlike [16] and [26], this

work is concerned with satisfying both fairness and good performance; also, this
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work looks at the performance with respect to individual requests instead of the
on-average behavior of the system. As a result, the optimal policy deduced in this
paper is a family of earliest-deadline-first policies. The authors find that these

optimal policies are too complex to implement in practice, however.

Another set of closely-related papers looks at service ordering among hosts in
a distributed server system. In this system, the web content is duplicated at a
number of hosts, and incoming requests are assigned to one of the hosts according
to a “load-balancing” scheme. [25] compares four task assignment policies: round-
robin, size-based, random, and dynamic-least-work-remaining. This work assumes
that each host uses first-in, first-out service ordering. It finds that the best task
assignment policy depends on the amount of variance in the task sizes (file sizes),
and that the optimal policy is either size-based or dynamic-least-work-remaining.
It measures performance in terms of mean waiting time, mean queue length, and
mean slowdown, both overall and at each host. [17] studies the effects of running
each host in a distributed server system at different loads, and assigning small
incoming requests to the more lightly-loaded hosts. It measures performance in
terms of mean slowdown and mean waiting time, and finds that the performance
in terms of mean slowdown improves using such a scheme significantly, by up to
several orders of magnitude; it also explores the tradeoff between reduction in

slowdown and increase in waiting time at the more highly-loaded hosts. As in the
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service ordering studies, task sizes are heavy-tailed and known upon arrival at the

server system.

[24] is a combination of the service order and load balancing studies. It com-
pares two service orderings at each host, processor sharing and first-in-first-out,
where tasks are assigned to each host based on their file sizes (which again are
known to the server and are heavy-tailed). This work finds that in this case,
first-in-first-out actually outperforms the more “fair” policy, processor sharing, by
utilizing the CPU and server resources more efficiently. We mention this work here
because like our research, it challenges the conventional wisdom as to the best way

to service incoming requests.

In addition to the works mentioned above, [55] studies the performance of a
web server by modeling it as an open Jackson network. Like the papers mentioned
above, and like our research, this work measures performance in terms of response
time at the server. [55], however, views how response time is affected by server
parameters such as network bandwidth, processor speed, and adding additional
hosts to a distributed server system. (We explore the latter two in our research.)
Like our study, [55] assumes that file sizes are exponential, so that the server has
no indication as to the service requirement of an incoming request. However, [55]
only considers first-in, first-out service ordering, and does not study how alternate

policies may affect response time.
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1.3 About This Document

The rest of this document describes the research areas that comprise this doctoral

dissertation.

Chapter 2 discusses the traffic modeling problem. The goal of this portion
of the research is to characterize web traffic from the user’s perspective and the
server’s perspective. The chapter covers the important background issues and
discusses how the important parameters in a web session are identified. It ends
by suggesting how these parameters can be measured and perhaps quantified in

distribution form.

Chapter 3 discusses the basic server performance problem. The goal of this
portion of the research is to identify ways in which server performance can be
modified to improve the users’ perceived performance (or perceived latency). We
study this problem by deriving an optimal service ordering policy for a web server

or server cluster.

Chapter 4 extends the basic model to include two permutations of the scenario
presented in Chapter 3. First, we assume in the original model that all incoming
requests pay the same amount of revenue to the server upon successful completion
of the request. We modify the model so that this reward varies among the incoming

requests. Second, we examine the case where the file sizes of incoming requests
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are drawn from a family of exponential distributions, each with a unique mean.
This corresponds to the case where a web server contains several different types
of content files (HTML files, image files, CGI scripts, et cetera) that are described
by different exponential distributions. We look at the worst-case scenario in which
each incoming request has a file size drawn from an exponential distribution with

a mean unique to that request.

Chapters 5 and 6 present empirical results derived from simulations. The
basic simulation model is described in detail in Chapter 5. The revisions made to
implement the service orders derived for the extensions in Chapter 4 are described
in Chapter 6. In each chapter, we describe and interpret the key simulation results
obtained. The metrics of interest include total revenue per simulation, average

revenue per request, and average response time per request.

Chapter 7 discusses the issue of server dimensioning. To handle high “hit
rates”, it may be necessary to consider upgrading web server components, either
by replacing the CPU with a faster processor, using multiple CPUs in a single
host, or using a distributed host system. We present several examples of rev-
enue/cost tradeoffs and determine prudent courses of action to further improve

server performance (as defined in previous chapters).

Finally, Chapter 8 summarizes the accomplishments of the thesis and discusses

remaining unresolved issues.



Chapter 2

CHARACTERIZATION OF
USER AND SERVER

BEHAVIOR

2.1 Introduction

The first part of this thesis concerns the generic problem of characterizing a web
session. We describe the interactions between a user, the user’s web browser
software, and a web server via a three-tiered state diagram. We also identify the
relevant parameters associated with each tier of the state diagram and describe

how to use these parameters to construct a computer model of the system.

36
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In the descriptions that follow, the terms client, web browser, and web browsing
application are used interchangeably to refer to the web browsing software (e.g.,
Netscape Navigator, Internet Explorer). User refers to the person accessing the
World Wide Web, and server refers to the web server software. We also make no

assumptions as to the physical setup of the web server.

2.2 Model

Consider a computer network consisting of a web browser and web server. The
web browser and web server communicate over a TCP/IP network via the HTTP
protocol. We wish to characterize the interactions that occur between the web
browser software and the web server software, as well as the interactions between

the human user and the browser software.

Each portion of the system (browser, user, and web server) goes through a series
of “stages” during a web session. In each case, there is a series of setup stages in
which the entity establishes a communication link to another entity (for example,
when the browser connects to the server or the user starts up the browser). The
setup stages are followed by the actual web page (or web document) retrieval and
display. The session ends when the entities tear down the communication link

between them and each entity retreats to an “idle” state.
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We define a state to be one of the stages of a web session for either a user,
browser, or server. The series of stages assigned to an entity during a web session
comprises the state diagram for that entity. Our system consists of three such
state diagrams: the user state diagram, the browser state diagram, and the server
state diagram. We define an event as a transition in a state diagram of one entity
that causes a transition in a state diagram of another entity. Transitions between
states in any of the three state diagrams occur either as the result of an event or

after a specified time value.

Figure 2.1 illustrates the overall state diagram for a web session. Transitions
between states are denoted by solid arrow lines. Events are pictured as dotted
arrow lines. Events allow states from the three diagrams (user, client, and server)
to “communicate” with each other. The client is the only entity that communicates
with both of the other entities; the server and user only communicate with each

other via the client.

In our system model, we treat the underlying network connecting the browser
to the server as a “black box”. It is beyond the scope of this thesis to model all of
the actions of the underlying TCP protocol; thus, we remove quantities associated

with the TCP protocol and model each of these as a time delay. We model the
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Figure 2.1: State diagram for a WWW session.
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delay as a function of the level of congestion® on the network as well as the size of

the file being transferred.

From the state diagrams, we derive the important parameters inherent in a web
session and guess as to their distribution types. These parameters are identified

within the descriptions of the states in each state diagram.

2.3 State Diagrams of a WWW Session

The state diagrams described below assume that the client and server use
HTTP/1.1, which allows for persistent connections between the client and ser-
ver. That is, the same TCP connection can be reused to service multiple requests
from a single client to a single server within a time period specified by either the
client or the server. We assume that persistent connections are always used when

a client connects to a server.

2.3.1 User State Diagram

During a web session, the user interacts directly with the browser software and

indirectly with the server. Figure 2.2 illustrates the portion of the session state

!The level of congestion accounts for things such as path length, queueing delay at the routers,
and number of packet retransmissions.
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diagram corresponding to the user state diagram. There are eight states, of which
two are setup states and two are closing states. As in all of the diagrams that

compose the larger state diagram, this diagram includes a null or idle state.

/ user N
TCPConnect ! | patience ¥ apoit R -
TCPEstablishe%g timeout . pageDone ne\vPage
getbage A} endSession/newServer TCPDisconnected

abort

Figure 2.2: The user portion of the state diagram. This diagram includes the user
states as well as the events originating and terminating at user states (from the
client states).

Closed: In the closed state, the user is off-line, and the web browsing applica-

tion is not running. This state is the user’s “idle” state, or the inter-web-session

state.

The time spent in this state, #q., is the time between distinct web sessions by
a particular user, and varies from user to user. We assume that it is a measured
random variable, in that we could derive its distribution empirically by measuring

data from web sessions.

Open Browser: This is the first setup state in the user state diagram. In this
state, the user opens and initializes the web browsing application and goes online.

The user arrives at this state from the Closed state.
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The time spent in this state, #;,;, is the time required to open and initialize
the web browser software. We model this time as a measured constant that is
dependent on the browser software and the type and speed of the processor on
the user’s machine. After this amount of time elapses, the user transitions to the

Connect to Server state.

Connect to Server: This state represents the second setup stage. The user
chooses a web server from which to retrieve a document or web page, by selecting
a URL (either by typing the URL in the browser window, or by clicking on a
hyperlink, or by selecting a bookmark from a bookmark file). The user then waits
for the connection between the browser and the server to be established before

moving on to the next state.

Upon entering this state, the user sends an “open TCP connection” event to
the client state diagram. It exits this state when it receives a “TCP connection
established” event from the client state machine, and moves to the Page Loading

state.

The time spent in this state, fgeect, iS the time required for the client and server
to establish a TCP connection. The transition between this state and the next
state, Page Loading, is event-driven. The event causing the transition depends on
the TCP setup time required by the client and the server, described in sections

2.3.2 and 2.3.3, respectively.



43

Page Loading: In this state, the user requests a document or web page from the
web server it selected in the previous state. The user then waits for this document

or for an error message to appear in the browser window.

When the user diagram enters this state, it sends a “get page” event to the
client state diagram. The user moves to the next state either when the page finishes
loading or when the user grows too impatient to allow the page to finish loading,
and aborts the transaction. In the former case, the next state is the View state,
and the state transition is event-driven. In the latter case, the next state is the

Stop state, and the transition is timer-driven.

The time spent in this state, frequest, 1S given by

7jrequest - mln(tretrievea 7jtimeout,user)

where teirieve 1S the time required for the browser to retrieve and display a web
page and fiimeout,user 18 @ timeout value representing the user’s “patience level”. The
value of t,erieve depends on timer values from the client and server state machines,

while ttimeout,user 1S @ measured random variable.

Stop: The user enters this state when it aborts the transfer of a web page
or document before the document finishes loading in the browser window. A
transition to this state occurs when the user is in the Page Loading state and

Trequest = ttimeout,user- 11 this state, the client and server break the TCP connection
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between them. The user sends an “abort” event to the Wait 1, Receive, and
Parse states in the client state diagram. The user can reconnect to the same or
another web server immediately, in which case it moves to the Connect to Server
state. Otherwise, the user moves to the View state. The former case occurs if, for
example, the user selects a new URL before the present document finishes loading;
the latter case occurs when the user presses the “stop” button on the browser. In
either case, the transition to the next state results from the reception of a “TCP

disconnected” event from the client state diagram.

The time spent in this state, tgop, is dependent on the time required for the
client and the server to close the TCP connection between them. Thus, the tran-

sition from this state to either of the next two possible states is event-driven.

View: The user enters this state after the page finishes loading, or after the
user manually stops the page loading, in the browser window. The user enters this

state from either the Page Loading or Stop states.

There are three possible transitions from this state. If the user requests another
page from the same server, the next state is the Page Loading state, and the user
diagram sends a “get next page” event to the client diagram. If the user requests
another page from a different server, the next state is the Connect to Server state,
and the user diagram sends a “new server” event to the client diagram. The third

possibility is that the user decides to end the web session; in this case, the next
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state is the Close Connection state, and the user diagram sends a “end session”
event to the client diagram. All three transitions are timer-driven and occur with

some nonzero probability.

The time spent in this state, tyiew, is the time between user actions within
a web session, where the three possible user actions are defined in the previous
paragraph. t.e is a measured random variable. It is dependent to some extent

on the size of the web document and also on the user.

Close Browser Connection: This stage is the first of two stages in which the
user closes the browser and ends the web session. In this stage, the browser closes
its connection to the web server. The user arrives in this state from the View state
and transitions to the Close Application state once the TCP connection between
the client and server is broken, signified by the receipt of a “TCP disconnected”
event from the client diagram. Thus, the transition to the next state is event-

driven.

The variable t.s1 describes the time spent in this state. Its value is dependent
on the time needed for the client and server to close the TCP connection, which

is defined in sections 2.3.2 and 2.3.3 .

Close Browser Application: This is the second of two stages in which the user

closes the browser and ends the web session. This stage occurs after the client
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and server break the TCP connection between them. In this state, the browser

software closes. From this state, the user returns to the Closed state.

The transition from this state to the Closed state is timer-driven. The time
value associated with this state, f¢ose2, 1S a function of the browser software, oper-

ating system, and processor speed, and is a measured quantity.

2.3.2 Client State Diagram

The client is the liaison between the user and the server. The client handles the
details of connecting to the server and retrieving the files in the requested web
page. (Recall that a web document typically consists of one or more files.) The
client also parses these files and displays them in a viewable format. Figure 2.3

illustrates the client portion of the state diagram.

We assume a one-to-one relationship between the user and the client in our
analysis. We realize that some browsers are associated with a particular computer
or IP address and are shared among a pool of users; we ignore this for now to

simplify our analysis.

Idle: The Idle state represents the time in between TCP connections to a server
by a particular web user, either within or in between web sessions. In this state,

the client does not maintain a connection to any web server. The client leaves this
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Figure 2.3: The client portion of the state diagram. Events in the top half of the
diagram correspond to the user diagram, while those in the bottom half correspond
to the server diagram.

state upon receipt of a “T'CP connect” event from the user diagram, requesting a
TCP connection to a particular web server. This event is sent when the user state
diagram transitions to the Connect to Server state. The client then transitions to

the Setup 1 state.

The time spent in this state, tiqe, represents the time between TCP connections
by a single user. This time could be either within a web session or between distinct

web sessions for a single user. It is a slave to the user state machine.

Setup 1: This is the first of two states in which the client establishes a TCP
connection with a web server. To setup a TCP connection, the client and server
exchange a “three-way handshake”. The three-way handshake is described in

Section 1.1.1.
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In this first setup state, the client sends the initial SYN packet to the ser-
ver. The client immediately transitions to the Setup 2 state. This transition is

completely timer-driven.

The time spent in the first state represents the initial processing by the client

to set up the connection. This time is given by

tsetupl = ttrans, client

where Zians, client 1S the transmission time required for a SYN packet and is given

by
20

ttrans, client =—
c

Here, 20 is the size of a SYN packet in bytes and r. is the source rate of the client
in bytes/sec. We assume that . is a known quantity. Thus, fsetup1 is dependent

only on the source rate of the client.

Setup 2: This is the second of two states in which the client and server establish
a TCP connection. In this stage, the client and server exchange the SYN/ACK and
ACK messages. The client leaves this state after it receives the final ACK message
from the server. The client diagram receives a “T'CP connection established” event
from the server diagram at this point and moves to the Request state. Upon this
transition, the client diagram also sends a “T'CP connection established” event to

the user diagram.
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The time spent in this state, ftup2, is determined completely by the time spent

in the Setup state in the server state diagram.

Request: The next series of states represents the actions required in retrieving
a web page from a server. The Request state is the first of these stages. In this
state, the client requests a file from the web server. The file makes up part or all
of the web page or document requested by the user. The client diagram sends a
“get file” event to the server at the transition into this state. The client leaves this

state once it finishes sending the request and moves to the Wait 1 state.

The time spent in this state is the time required for the client to send the file

request to the server. This time is given by the random variable

7jrequest = 7jtrauns, client 1 tdelay

where

_ k.
i ttrans,client - ﬁ;

e [, is the size of the request message in bytes, and is a measured random

variable;?

2Studies such as [36] suggest that the distribution of this variable is bimodal; we assume in
our preliminary studies that the request size k, is a constant value



20

® t4elay 1S the time required for the message and the corresponding ACKs (and
retransmissions) to travel through the TCP network connecting the client

and server.

Wait 1: This is the second of the page-retrieval states. In this state, the client

waits for the server to process its request.

There are three possible transitions from this state. If the user grows impatient
and sends an “abort” event to the client, the client transitions to the Terminate
state. If the server does not send any response within a specified timeout value,
the client assumes that the TCP connection to the server has been broken. In
this case, the client moves to the Setup 1 state and attempts to reestablish the
TCP connection with the server. If, however, the server sends a response to the
client’s request, the client diagram receives a “start response” event from the server
diagram and as a result moves to the Receive state. In the first and third cases,

the transition is event-driven; in the second case, it is timer-driven.

The time spent in this state, tyait1, 1S given by

twaitl = mln(ttimeout,usera ttimeout,client; tresponse)

where tiimeout,user 18 the timeout value associated with the “abort” event from the

user; tiimeout client 15 the no-response timeout value; and Z esponse 1S the time between
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the transition to the Wait 1 state and the receipt of the “start response” event

from the server.

Receive: In this state, the client receives the file or an error message from the
server and begins to parse the file. The client remains in this state until it receives
either an “abort” event from the user or a “response finished” event from the
server. In the former case, the next state is the Terminate state; in the latter case,
the next state is either the Wait 1 state (if there is a pipelined request® pending)

or the Parse state otherwise.

The time spent in this state, teceive, 1S @ random variable representing the time
period between the first packet the client receives from the server and the last

packet received from the server corresponding to the requested file:

7jreceive - mln(tsenda 7jtimeout,user)

where t4.nq is the time required for the server to send the file over the network to

the client; it is a function of the TCP network dynamics and the file size.

Parse: In this state, the client, after receiving a file or error message from
the server, parses this file to determine if other files need to be retrieved from
that server or from other servers, and makes subsequent file requests accordingly.

File parsing actually begins in the previous state; the time spent in this state is

3Pipelined requests are defined in Section 1.1.1.
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the residual time required to parse the file after the transport time is taken into

account.

The client can transition from this state to one of three states. If the user sends
an “abort” event while the client is in this state, the next state is the Terminate
state. If the client successfully parses the file, it transitions either to the Wait
2 state if no further files need to be retrieved for that page, or to the Request
state if there is another file that needs to be retrieved from the server within that

document.

The client spends an amount of time in this state specified by the mini-
mum of the two variables fp.se and tiimeout,user- fparse 1S @ function of both the

browser /operating system speed and the size of the file or error message.

Wait 2: The client enters this state after it finishes parsing and displaying the
page or document. The client then waits for the next request or action from the

user.

From this state, the client transitions to one of two states, both of which result
from events received from the user. If the user sends a “new server” or “end
session” event, the next state is the Terminate state. If the user sends a “get next
page” event, the client moves to the Request state. The time spent in this state,

twait, 1s completely dependent on the user state machine.
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Terminate: In the final state in the client state diagram, the client closes
the TCP connection with the current web server. Either the client or the server
initiates this TCP close. From this state, the client enters the Idle state after
sending a “TCP disconnect” even to the server diagram and receiving a “TCP

disconnected” event from the server diagram.

To close a TCP connection, the client and server execute a three-way hand-
shake, similar to the one used to establish the TCP connection. This process is

described in Section 1.1.1.

The time associated with this state is given by

tterminate = 2ttrans, server T 2ttrans, client + tdelay + tprocess, TCP, end

where
i ttrans, client — E;
hd ttrans, server — E;
e [ is the size of the FIN or ACK packet (20 bytes);

r. is the source rate of the client in bytes/sec and r; is the source rate of the

server in bytes/sec;

tdelay 18 a function of the TCP network dynamics;
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® Throcess, TCP, end 1S the overhead time in seconds required to close a TCP con-

nection. (This quantity may be negligible.)

Since this event may originate in either the client or the server, we assume that
the Terminate states in both the client and server state diagrams are identical and

occur simultaneously.

2.3.3 Web Server State Diagram

In a web session, the server interacts with the user via the client. The server
state diagram, in Figure 2.4, is the simplest of the three state diagrams in that it

contains the fewest number of states and state transitions.

SERVER
. TCPDisconnect
TC/PConnect ge\tFlle staitSefnld/ T -
TCPEstablished o endSend ~ TGPDisconnect
4 ' Pt | A o

P . TCPDiscgnnected

w /

IDLE M SETUPY.

Figure 2.4: The server state diagram. Events correspond to the client diagram.

Idle: The Idle state represents the time in between TCP connections by the
same user (client) to the server. As in the client state diagram, this time repre-

sents either the inter-session time or the intra-session time between separate TCP
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connections from the same client. From this state, the server moves to the Setup

state once it receives a “T'CP connect” event from the client.

The time spent in this state, tige, is dependent on both the client and user

state diagrams.

Setup: In this state, the server responds to a request for a TCP connection from
a client. The server establishes a TCP connection with the client, according to the
three-way handshake described in Section 1.1.1, as long as resources are available
for such a connection. Once the server completes its portion of the connection
establishment process, the server diagram sends a “TCP connection established”

event to the client diagram and transitions to the Wait state.

The time spent in this state is the time required for parts two and three of this

three-way handshake:

7jsetup, server — 7jtrauns, client 7jtrauns, server T tdelay + tprocess, TCP

where ?,rocess, Tcp 1S the overhead time in seconds required to establish a TCP

connection.

Wait: In this state, the server waits for the next action from the client after
establishing the TCP connection with the client. Client actions include requesting

a file and closing the TCP connection. From this state, the server either moves
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to the Process state (if it receives a “get file” event from the client) or to the

Terminate state (if it receives a “disconnect” event from the client).

The waiting time, fya;, is @ measured random variable, and depends on the
action taken by the client. t..;; is either the time between file requests within
a web page, the time between web page requests, or the time between the last
request and the request to close the TCP connection. The upper bound on this
waiting time is the time an inactive TCP connection is allowed to remain open.

(Values for this timeout are defined in the TCP specifications [53].)

Process: In this state, the server responds to a request for a file from a client.
The server searches for the file in its memory stores, retrieves the file, attaches
an appropriate HT'TP header, and places it in its send queue. If the file can not
be located, or an error occurs such that the server cannot service the request,
the server composes a HT'TP header containing the error message and places this
header in its send queue. From this state, the server transitions to the Send

Response state.

The time spent in this state is given by:

7jprocess = tqueue + tretrieve + 7joverheaud

where
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® lqueue 1S the time a request spends waiting at the server for service, and is a

function of server load and server processing time;

® tretrieve 1S the time required to search for, locate, and retrieve the requested
file; or, if the file cannot be located, the time to assemble an appropriate
error message. This time is a function of the requested file size, processor

speed, and the operating system of the server;

® foverhead includes the time required to attach a header to the file or message
and to prepare the message to be transported over the network (breaking
the message into packets, etc.). It is a function of the requested file size and

the operating system.

Send Response: In this state, the server sends the file or error message as-
sembled in the previous state (Process) over the network to the client. When the
server transitions into this state, it sends a “start response” event to the client.
Upon completion, the server sends a “response finished” event to the client and

moves to either the Terminate* state or the Wait state.

4The HTTP/1.1 specifications [22] leave the termination of a TCP connection between the
client and server up to the implementor. Either entity has the ability to explicitly close the
connection by including a “close” token in the header of a request or response message. If
the client includes this token, the server will close the TCP connection after sending the entire
response. If the server includes this token, it will close the connection at the end of the response
it is currently sending.



o8

The time spent in this state is the time needed to transport the file or error

message to the client:

tsend = ttrans, server 1 tdelay

where tirans, server 15 defined as above, with k£ a random variable representing the

file size in bytes.

Terminate: In the final state in the server state diagram, the server closes the
TCP connection with the client. The close may be initiated by either the client
or the server, as described in Section 2.3.2. The server moves to this state upon
receipt of a “disconnect” event from the client, or from the Send Response state.
When leaving this state, it sends a “T'CP disconnected” event to the client and

goes to the Idle state.

The time spent in this state, tierminate, 1S defined in the previous section under

the Terminate state description.

2.4 Summary

A summary of the state diagrams in tabular form is listed in the appendix. Table
A.1 lists the states for each of the three state diagrams, along with a brief descrip-
tion of each state. Table A.2 lists the event names associated with each of the

state diagrams, and Table A.3 lists the timer values.
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The transitions within the state diagrams and the interrelations among them
are combined in Tables A.4 through A.6, also in the appendix. The information in
these tables represents the same information contained within the state diagrams,
but in a format that is more like “pseudocode” and thus more easily implementable

into a computer model.



Chapter 3

OPTIMAL SERVICE
ORDERING OF A WWW

SERVER

3.1 Introduction

We wish to determine an optimal service ordering policy for a web server processing
requests for files from remote clients. We define our system as the combination of
a WWW server and the HTTP requests for files, or jobs, coming in from remote

clients (users running WWW browser software).

60
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The web server wants to process the requests in the best way possible. In
particular, the server wants to maximize user perceived performance, which is a
function of the amount of time the user spends waiting for a file to download from

a web server.!

We assume that the network connecting the client and server is
a static quantity; we therefore look solely at what the server does in processing

requests.

We define revenue as a measure of the perceived performance per user per file.
The user “pays” the server an amount relative to the download time upon the

server’s completion of the user’s request.?

The server’s objective is to maximize the average revenue it collects from all
jobs served during a busy cycle. Busy cycles are time periods in which there is at
least one job in the system, either in service or awaiting service. Idle cycles, by
contrast, are time periods in which the system is empty. In our system, busy and

idle cycles repeat.

'Tn this context, download refers to the actions from the time the user requests a file from a
web server to the time the file (or an error message) is delivered to the user’s browser.

2Here, we ignore the transit time required to send the result of the request back to the
browser, and assume that the revenue is collected instantaneously upon the file’s departure from
the server.
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3.2 System Model

Assume that we have a system where jobs arrive according to a Poisson process.
The service times® for all jobs in the system are independent and identically dis-
tributed exponential random variables with parameter p. Once a job has entered
the system, it does not leave until it completes service (according to its service
time). The time it takes the server to switch between jobs in service is negligible,

so that we can assume that swap times are instantaneous.

Let state ¢ represent the “null” state, where no jobs await service. When the
system is in state ¢, we say that it is in an idle cycle. The beginning of a busy
cycle occurs when a job arrives at a server in state ¢. Let [Y}, Z;] denote the jth
busy cycle, where Z; marks the start of the jth idle cycle. Then busy cycles are

i.i.d., idle cycles are i.i.d., and busy and idle cycles are independent.

Jobs are numbered in the order that they arrive at the system. Let z; be the
arrival time of job 7 at the server and ¢;, be the departure time of job 7 under some
policy p. Then job 4 has a response time under a policy p equal to ¢;, — x;, where
we define response time as the total time spent in the system, both waiting for

service and in service.

3In actuality, we assume that the sizes of the files requested by the user are independent
and identically distributed random variables. However, we assume that the file size and service
time are related by a constant multiplier; thus, the service times are also exponential. For the
remainder of the discussion, we refer to “service times” rather than “file sizes”
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Suppose that the server earns an amount of revenue from serving job i under
policy p equal to g;,(t;,) = e~ =) The server collects this amount once job i
departs the system. Let N denote the number of jobs served in the first busy cycle
(i.e., the number served in the interval [Y7, Z;]. By the Renewal Reward Theorem

[54], the average reward per unit time earned by the server under policy p is

N
E 21 i, (ti,)
V(o) = —— 3.1
The optimal server policy satisfies
V = max V,(0) (3.2)

At any time ¢ prior to t;,, we define the potential revenue function for job 4 in
the system as Gipot (t) = e~“!=®)_ This is the amount of revenue the server would
earn from job ¢ if it departed the system at ¢, given that 7 is still in the system at

t.

In addition, we assume that the distribution over the first busy/idle cycle is
identical to those of later cycles; so it suffices to consider just the first busy/idle

cycle in our analysis.

Finally, we define S to be the set of policies under consideration. In this

discussion, the set of policies includes all preemptive and non-preemptive policies,
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policies that work on one request at a time, policies that work on multiple requests

simultaneously, and both idling and non-idling policies.

3.3 Optimal Service Ordering Policy Require-

ments

Given the above assumptions, we can determine an optimal service ordering from

the set of policies in §. Such a policy will satisfy the following criteria.

3.3.1 Non-idling Policies

Lemma 3.3.1 An optimal policy can be found among the class of non-idling poli-

cies

Proof: Suppose there exists a policy p which is optimal but not non-idling
over a sample path in the first busy cycle. Define [a;, as) to be a time interval in
this sample path in which the server remains idle under policy p during a busy
cycle (while jobs are queued). At time as, the server switches from idle to busy,
and works on some job j*. Define a3 as the next completion time during this busy

period, where ag > as.
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Figure 3.1: Illustration of policies p and p’ for proof of Lemma (3.3.1).

We can construct a policy p’ that is identical to p except over the interval
[a1,a3). Define dl to be an infinitesimal time interval, where dl << 1. We can
then define policy p' as the policy that makes a “swap” of two intervals of length
dl from policy p. In particular, policy p' serves job jx in the interval [ay — di, as),
remains idle in the interval [ag,as + dI), and then returns to the service order
defined in policy p at time as + dl, and continues following policy p until the end

of the busy cycle. Figure 3.1 illustrates the original policy and the new policy.

We define the optimal policy as one that maximizes the average revenue per
unit time per cycle, as given by (3.1). Thus, under policy p,

2 Lﬁl Jiy (tz'p)]
E[Z,]

Vp(9) =
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and under policy p/,
N
E [; gip/ (tipl )]

VA

Since the expected value of the duration of the busy/idle cycle is the same under
both policies, we can drop the denominator from our analysis and just consider

the numerator in each expression.

The difference in the expected revenue under the two policies is
N N
E [Z gipl (tipl)] - E [Z gip (tzp)] = E[gj*pl (UJQ)] - E[gj*p (a2 + dl)]
i=0 i=0

dl is small enough so that at most one departure can occur in either [as —dl, as)
or [as,as + dl). The probability of job j* departing within the interval [0, dl) is

pdl + o(dl) ~ pdl > 0. Thus,

N
E [Z gip/ (tlp/)
=0

-k [; Jip (tzp)] = Mdl [gj*p/ (a2)] - ,Udl [gj*p (CLQ + dl)]

- /J/dl [676(112733]'*) _ 670(a2+dl,mj*)]

= pdle @27 (1 — g7 (3.3)

The last term in the above equation is positive, so we conclude that

>0

E Lé iy (tz'p,)] ~E Li:v% 9iy (ti,)

and therefore

Vi (8) > Vi (9)
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Thus, with some nonzero probability, policy p’ will earn more than policy p, so

p cannot be an optimal policy according to our definition of optimal.

3.3.2 Piecewise-constant Policies

Lemma 3.3.2 An optimal service ordering can be found in the class of policies
that switch between jobs in service only upon an arrival to or departure from the

system.

Proof: Suppose there exists an optimal policy p which is not piecewise-
constant over some interval of a sample path in the first busy cycle. At some
time interval [a; — dl, a;) during this busy cycle, where dl is defined in the proof
of Lemma 3.3.1, the server works on job jx. At time a;, the server switches to job
(7 + 1)*, and processes that job for at least the interval [a;,a; + dl). We define
a; to be a time at which no arrivals to or departures from the system occur.*

At some future time aq, the server switches back to serving job jx. We make no

assumptions as to the jobs served in the interval [a; + di, as).

We construct a policy p’ which is identical to policy p in the intervals [0, a; —dl),
[a1 + dl,a3), and [as + dl,00). Our construction of p’ depends on the potential

revenues of jobs j* and (7 + 1)* at time a;. Recall that the potential revenue of a

4This definition of a; is necessary to yield a policy that is not piecewise-constant.
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Figure 3.2: Policy p and the two alternate p’ policies used in the proof of Lemma
3.3.2.

job 7 at time t, or the revenue the server would generate from serving that job if
it left the system at t, is given by Ginot (t) = e~**=7)_ Thus, the potential revenue
of job jx at a; is gj*pot(al) = e “@=%+) and the potential revenue of job (j + 1)*
is g(jﬂ)*pot(al) = e~(®=2G+1+)  Figure 3.2 illustrates the original policy and the

two alternate policies which will be described below.

If g(j+1)*pot(a1) > gj*pot(al)’ then we construct p’ as follows: In the interval
[a1 —dl,ay), serve job (j+1)*. At ay, switch to job j* and serve j* in the interval

[a1,a; +dl). Then, serve jx in the interval [ay, as+ dl). In this case, p' differs from
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p only over [a; — dl,a; + dl).

Again, we ignore the denominator of each term in Equation (3.1) in our analysis

for the reasons cited in the proof of Lemma 3.3.1.

The difference in the expected revenue under the two policies is

E Lﬁé iy (tip')] - E [i Yi (tip)] = Elgg+1)s(ar) + gj(ar + dl)]

— Elgj«(a1) + g1y« (ar + dl)]

We know that there is no departure at time a; under policy p by our definition,
but there may be a departure at a; under policy p’. Also, because the server
processes job jx again in the interval [ay, ay + dl), we know that job jx cannot
depart the system prior to time ay + dl; thus, the expected revenue the server
generates from job j* in the interval [ai,a; + dl) under policy p' is zero. Recall
that dl is small enough so that at most one departure can occur in any time interval

of length dl, with probability approximately equal to pdl > 0. Thus,

L [ig )] - [fggipmp)] = g (@) — gy (e + )]

— Mdl e_c(al_m(j"'l)*)(l . e—cdl)
The last term in the above equation is positive. Therefore, for this particular
definition of p’, we conclude that

>0

E Lé iy (tz'p,)] ~E Li:v% 9iy (ti,)
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If, however, g(j+1)*pot(a1) < gj*pot(al), then we construct p' such that p’ serves
job j* in the interval [a; — dl,a; + dl) and serves job (j + 1)* in the interval

[ag, ay + dl). Here, p' differs from p over [a1, 4y + dl) and [ag, ag + dl).

The difference in the expected revenue under the two policies is

B3 0,00 = B[S )] = Blap(on )+ g+ )

o E[g(jJrl)*(al + dl) + gj*(ag + dl)]

Again, there is no departure at time a; under policy p, but there may be a
departure at either a; + dl or ay + dl (or both) under policy p'. The expected

revenue is thus

E [é 9i, (tip/)] —F lé 9i,, (tzp)] = pdlgj(ay +dl) + pdl g1y (az + dl)
— pdl g(jnye(ar + dl) — pdl gj.(ay + dl)
= pudl e—c(dl—mj*)(e—cal s
+ pdl efc(dlf:l:(j+1)*)(€fca2 _oem)

— Mdl €*Cdl(€*ca1 . efcag)(ecmj* o eca:(j+1)*)
Since IG+1pot (a1) < ipot (a1), we know that x;, must be greater than z(j;1)..
Therefore, the last term in the above equation is positive, and

>0

E Lg% Yiy (tip/)] —E Lﬁ; iy (tiy,)
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Thus, for each policy p’, we have shown that with some nonzero probability,

Vi (8) > Vi (9)

and therefore p cannot be an optimal policy.

3.3.3 Non-processor-sharing Policies

Lemma 3.3.3 There is no policy outside of the class of non-processor-sharing
(NPS) policies that generates a strictly higher revenue than the best policy from

the NPS class of policies.

Proof: Suppose there exists a generalized processor-sharing (PS) policy that
generates a higher revenue than the best NPS policy. Then, over some interval

[a, b], the server splits its resources between at least two jobs.

We consider the case where the processor shares resources between two jobs.
The n-job case is a natural extension of this case, since the service times of all n

jobs are independent.

Prior to time a, job 1 has spent an amount of time equal to 7; in the system,
and job 2 has spent a time equal to 75 in the system. After time a, the distribution

for the total revenue that the server earns from serving the two jobs under policy
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p is
gw(t) = g1,(t) + g2,(1)
= cre T et
where

e T} is the time at which the first job to complete service departs the system,

with respect to time a, given by
Ty = min(Ty, T3)

with 7] and 7T, defined as the remaining service times of jobs 1 and 2, re-
spectively;

Ty ~ exp(qu+ (1 = q)p) ~ exp(p);

and ¢ defined as the probability that job 1 departs the system first.

e T is the time at which the remaining job departs the system, with respect

to time a, with a distribution
T,=Tr+ 7

where Z is an exponentially-distributed random variable with parameter pu.
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e ¢ is the previous revenue function decay of the first job to depart, and is

given by the distribution

en O

e M=o, Tr=T11
cr=

7072é —

e T=cy, Ty =1,

e ¢, is the previous revenue function decay of the second job to depart, and is

given by the distribution

A
e~ =¢y, Zf——ZQ’
Cs =

Cery A
e T=cy, Tp=1T]

The expected value of the revenue gained over this portion of the sample path
is
Elgp®)] = [ [ ee™ + ese™) frym, . dty di,
where fr, 1. (ts,ts) is the joint distribution of the service times of the two jobs,
given by

frpm (ty,ts) = pPe et e bl (3.4)
We make the substitution z = t; — ¢y and proceed:

Elgy(t)] = /o /o (cre™ 4 coelr o)) 2ol =% dt + dz

2
_ B
- c+ucf + (c+u) Cs



74

There are two possible values for ¢; and ¢, depending on which job departs
the system first. Thus, if job 1 departs the system first with probability ¢, the

expected revenue from the PS policy is
2 2
Elg,(1)] = ¢ {ﬁq + () CQ} (- {ﬁ@ + () 01] (3.5)

If, instead, the server chooses to work on one job first and then the other, there
are two possible policies. Define policy NPS1 as the policy that serves job 1 and
then serves job 2, and policy NPS2 as the policy that serves job 2 first and then
serves job 1. Prior to time a, each job has been in the system for a time 7 or 7,
respectively. After time , the remaining service time required by job 1 is ¢} and

the remaining service time required by job 2 is .

Under NPSI1, the total potential revenue is

e(r+ty) 4 pmelratti+th) e(th +th)

gNpsi(t) = e =cre M + cge

and under NPS2 it is

gNps2(t) = e C(mAti+ty) | p—e(metty) Clefc(t’lthfZ) + Cngcth

The expected revenue under policy NPS1 over this interval is

0 0 , , , ,
Elgnpsi(t)] = /0 /0 e N (¢1 + cre ) pPe e M gy dt)

= et () e (3.6)
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and under policy NPS2, the expected revenue is

00 00 , , , ,
Elgnps2(t)] = /0 /0 e (cre™ 4 o) pfe e dt di!,

= (ﬁ)Q ¢+ Fhe (3.7)

But (3.5) is just a weighted sum of (3.6) and (3.7). Therefore, (3.5) cannot
be greater than both (3.6) and (3.7). Thus, the PS policy cannot earn a strictly

higher revenue than both policy NPS1 and policy NPS2.

The above analysis assumes that the percentage of resources the processor
expends on the two jobs in service under the PS scheme is fixed. We can show
that the result obtained for the fixed probability case also holds when the server
expends a varying percentage of resources on the two jobs in service. Regardless
of the individual probabilities at any time over the interval in which processor
sharing is employed, one of the two jobs will still complete first with probability
¢'. The weighted sum is then represented by (3.5), with ¢ replaced by ¢'. But this
is also just a weighted sum of (3.6) and (3.7); just as in the fixed probability case,

the PS policy cannot earn a strictly higher revenue than both NPS1 and NPS2.

3.3.4 Markov Policies

Lemma 3.3.4 An optimal policy can be found among the class of Markouv policies.
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Proof: If not, then there exists an optimal policy p that relies on all past history

of the system to make its decisions as to which job to serve next.

Let G, denote the state vector of the system at time ¢ under policy p, where

Gy, = (91,(t) g2,(t) ... gar, (1))

M denotes the number of jobs that have arrived at the system since time ¢ = 0,

and g;,(t) is given by the equation

e =) if job i departed prior to ¢
9, (t) =

e =) if job i is still in the system at ¢

Here, ;, is the departure time of job 7 under policy p and z; is the arrival time of

job 1.

The state vector G, contains information about the arrival time of the job
at the system and, if applicable, the departure time of the job from the system.
Since each g;,(t) is an exponential function, each element of the state vector will
decay by the same ratio over each time interval, until the job departs the system,
at which point its revenue function ceases to decay. Thus, each g, (t) for the jobs
in the system at time ¢ “looks” the same over an interval regardless of whether or

not the server processes that job over the interval.

From Lemmas 3.3.1 and 3.3.3, we know that in each interval in which there

is at least one job in the system, the server will select one job to process in that
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interval. The server bases its selection on its determination of which job will
maximize its total revenue. It makes its selection from the pool of jobs that have
not completed service (and are still in the system) at time ¢. Since jobs that have
already departed do not affect the service selection, we can assume without loss of
generality that these jobs depart the state vector as well upon departure from the

system.

Because service times are memoryless, the probability of a job i completing its
service in the interval [t,t + dt), given that it is still in the system at time ¢ and

has already received an amount of service z;, is

= 1—¢ ¥k

where t; = t; — z;. This is identical to the distribution of the job’s original service
time. Thus, knowledge of how much service a job has already attained prior to ¢
will not yield any new information as to the chances of that job departing prior to
t + dt, given that the server chooses to process job 7 in this interval. We can then

replace each g; (t) in the state vector with the constant cipée_c(t_‘”i).

Doing so
removes all knowledge of past history without removing the information necessary
to make the decision as to which job to serve. The decisions made in policy p,

therefore, are the same decisions that would be made if only the present state of

the system is known.
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Corollary 3.3.4.1 An optimal policy over the interval [t, zy) can be found among

the class of policies that are independent of future arrivals to the system.

Proof: The proof to this corollary is similar to the proof of Lemma 3.3.4. From
this lemma, we know that the state vector G, contains information about the
arrival times of jobs already in the system at time ¢. Based on this information,
the server selects a job to process; the job selected is determined based on its

constant ¢;, a function of the arrival time of the job.

If this corollary does not hold, then there exists an optimal policy p that relies
on future arrival times to make its decisions as to which job to serve. But arrivals
to our system are memoryless; thus, the server does not have any prior knowledge
of the arrival times of future jobs. According to Lemmas 3.3.1 and 3.3.3, the server
must work on one job in each time interval in which there is at least one job in the
system. Since the server has no knowledge of future arrival times, it must assume
that no future arrivals will occur, and choose from the jobs presently in the system
based on the state vector values. Thus, p makes decisions that are independent of

future arrival times to the system.
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3.4 Construction of an Optimal Policy

Since we have shown that an optimal policy satisfies the above lemmas, we can con-
struct an optimal service ordering within these limitations. We make one further
assumption about the optimal service ordering before we state what this service

ordering is.

Definition 3.4.1 The best job is the job corresponding to the highest value in

the state vector at time t.

From Corollary 3.3.4.1, we know that future arrivals do not affect the service
order of an optimal policy. So, we will assume here that no arrivals occur to the

system after time t, and at time ¢ there are N jobs in the system.

We also know from Lemma 3.3.4 that an optimal policy will be a Markov
policy. Thus, the state vector at time t is Gy = (¢1 ¢2 ... cy), where ¢; indicates
the maximum revenue the server can obtain from job i from time ¢ onward (or,
conversely, the revenue the server would earn from job i if it departed the system

at time t).

Because the distribution of remaining service time is identical for every job

in the system at time t, the expected revenue gained from serving any one job ¢
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beyond time ¢ with remaining service time ¢} is

Elg(t)] = FBleie™"]
= ¢Ele ]

— B s
= c+ch

The job with the highest expected payoff satisfies

rnzaxa’f—uci:miax ¢i,ie€1,2,...,N

Thus the job with the highest expected payoff is the job with the largest constant
¢; in the state vector GG;. We define this job as the “best first job” to serve starting

at time t.

With this definition, we can now state the following theorem about the optimal

policy.

Theorem 3.4.1 An optimal policy is greedy. That is, it chooses the “best first

job” to serve, regardless of the order chosen for the other jobs in the system.

Proof: Assume there exists an optimal policy p that is work-conserving,
piecewise-constant, non-processor-sharing, and Markov, but not greedy. That is,

at some time ¢ in a sample path during a busy cycle, the server does not choose
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the best job to serve. Instead, it will choose to serve job 1x, at time t, complete

that job, and then serve job 2%, to completion, where ca,, > ci.p.

The state vector at time ¢ is given in the proof of Lemma 3.3.4. We can reorder
these values in terms of the order in which the jobs are served under policy p. The

state vector then becomes G, = (cl*p Cox, - - cN*p).

The revenue obtained from policy p from ¢ until the end of the current busy

cycle is

N

—ct' —clt ! (! ! !
Z 9i» (tjp) = C1x,€ oy 4 C24,€ e(pTz) + ...+ Cny € ApHauptotty )
j=1

;
N =2 by

— . k=1
- Z Cjxp€
Jj=1

where t;*p is the remaining service time of the ith job served after time ¢ under

policy p.

We construct a policy p’ that performs an interchange of jobs 1%, and 2x,, such
that the server processes job 2%, at time ¢ to completion and then processes job

1%, to completion.

The revenue earned under policy p' from ¢ until the end of the current busy

cycle is

—clt ! (! ! !
(tuptto.,) TR () apFthup ety

N

Y
> 95(t,) = cane Tt e
j=1
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—ectl,, —e(t), +th, ) al —c 2_: .
= 62*1)6 P+ Cl*pe P Pt Z Cj*p =t
Jj=3

The remaining service times for job 1%, and job 2x, are the same under policy
p and policy p’. Since service times are identically distributed, we let ¢}, denote
the service time of the first job served after time ¢ in both policy p and policy p’
and ti,, denote the service time of the second job served after time ¢ under both

policies.

N
The expected revenue under policy p is thus E [Z 95, (tjp)] and under policy
=1
! 3 N
p 18 E Z g]p/ (t]p/) .
7j=1
The difference in revenue between the two policies is

N
St

ig]p ] = F [02*1]6—@’1* + Cl*pe—c(t’lﬁt’z*)]
- B [Cl*pefctll* + 02*p6*0(t'1*+t{z*)]
= F [02*p6_6t,1* + Cl*pe_c(tll*+t,2*)
— Cr e — ey, €7 (’1*+t3*)]
= F [cl*pe’d'l* (e~ — 1)
+ 02*1,6’“'1* (1-— e*Ct{Z*)]

_ [e—ctll*(]_ _ e—ctg*)(CQ*p — 01*,,)]

But the term inside the expected value operator is always positive, so its ex-

pected value will also always be positive. Therefore, since the expected time of
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the busy cycle is the same under policy p and policy p’, we conclude that

Ve >V

Since p’ yields a higher average revenue per unit time than p, p cannot be an

optimal policy.

We have so far shown that the optimal service ordering must be non-idling,
piecewise-constant, non-processor-sharing, Markov, and greedy. For the system
we have defined here, with identical cost constants and identical service time
distributions, the greedy policy defaults to a preemptive-resume last-in-first-out
(LIFO-PR) service policy. To see why this is so, we apply the argument from the
proof of Theorem 3.4.1. It is clear to see that the newest job has the highest ¢;
value in the state vector. The server works on this job until either this job departs
or a new job arrives. In the former case, the job with the highest ¢; value is the
next-newest job, and the server chooses to serve this job; in the latter case, the

new arrival has the highest ¢; value, and the server chooses to process this job.



Chapter 4

EXTENSIONS TO THE
OPTIMAL SERVICE
ORDERING ANALYSIS OF A

WWW SERVER

4.1 Introduction

We now present several extensions to the service ordering analysis outlined in
Chapter 3. These extensions represent different scenarios that may exist at a web

server. We first present the case in which the file sizes are distributed as described

84
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in the previous chapter and the revenue function is exponential, but with a leading
constant multiplier. We then explore the case in which file sizes are independent
but not identically distributed. Specifically, we assume that request i is for a
file whose size is drawn from an exponential distribution with parameter p;. For
each extension, we assume the same model as used in the previous chapter, unless

otherwise noted.

Note that the service time required to complete an HI'TP request is directly
proportional to the size of the requested file. Thus, for the remainder of this

discussion, we replace “file size” with “service time”.

4.2 Extension 1: Varying Initial Reward

In this scenario, requests, or jobs, arrive at the web server according to a Poisson
process, as in the previous model. The service time of each job is drawn from
an exponential distribution with parameter p, and service times are i.i.d. The
difference between this model and the original model is that jobs arrive with an
witial reward, denoted as C; for incoming request . C; is a positive quantity that
represents the amount that job ¢ would be willing to pay for “acceptable” service.

Thus, the revenue function for job i under a policy p is g;, (t) = Cie=“». The
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optimal service policy, as before, satisfies Equations 3.1 and 3.2. The policy space

under consideration, &, is the same as that presented in Chapter 3.

Using a procedure similar to the original set of proofs, it can be shown that

the optimal service policy in this scenario satisfies the following lemmas:

4.2.1 Non-idling Policies

Lemma 4.2.1 An optimal policy can be found in the class of non-idling policies.

Proof: The proof here is the same as the proof of Lemma 3.3.1. We “swap” two
equally-spaced intervals (of size dl << 1), where dl is small enough so that at most
one departure can occur in the interval [0, dl). Policies p and p’ in S are defined
the same here as in the original proof. The addition of the initial reward factor

has the effect of multiplying Equation (3.3) by a constant. Thus,
N N
E [Z gipl (tipl)] - F [Z gip (tip)] = U dl [gj*p’ (ag)] — W dl [gj*p (a2 + dl)]
=0 i=0
— /J/ dl [Cj*efc(tw*ﬂ?j*) _ Cj*670(a2+dlfmj*)]
= Cjupdle=a27%) (1 — gedh)

which is the same equation obtained before, scaled by the initial reward of job jx.

This last term is still positive, since C, > 0, so we conclude that

Vi () > Vi (9)
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Again, with some nonzero probability, policy p’ will earn more than policy p,

so p cannot be an optimal policy according to our definition of optimal.

4.2.2 Piecewise-constant Policies

Lemma 4.2.2 An optimal service ordering can be found in the class of policies
that switch between jobs in service only upon an arrival to or departure from the

system.

Proof: The proof of this lemma is very similar to the proof of Lemma 3.3.2,
and the two alternate policies are defined under the same conditions as in the
original proof. In this case, the revenue improvement represented by using the
first policy p/, which involves swapping the intervals [a; — dl,a;) and [ay, a1 + di)

when g(j+1)*(a1) > gj*(al), is

N N
E lZ 9i, (tip,)] - B [Z 9, (tip)] = pdlCiirnlgg(ar)]
1=0 1=0
— pdl Cji1)elg(i1)s (a1 + dl)]

= ,udl C(jJrl)*e*c(mfm(jﬂ)*)(l _ efcdl)

This is a positive quantity; thus, for this particular definition of p’, we conclude
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that

>0

E Livg iy (tz'p,)] ~E Liv% 9iy (ti,)

The difference in the expected revenue between the original policy and the
alternate definition of policy p’, which involves swapping the intervals [ay, a; + dl)

and [ay, az + dl) when g, (a1) > g(j11)«(a1), is

N N
E [Z gip’ (tip/)] - F [Z gip (tzp)] = U dl gj*(al + dl) + 12 dl g(j+1)*(a2 —+ dl)
=0 1=0
— pdl ggrnyar + dl) — pdl gjaz + di)
— ,udl e—cdl(e—cal . e—caz)

(Gt = Clggnyoe™i)

Since gj.(a1) > g(j+1)«(a1), we know that the last term in the above equation
is positive, and

>0

E Livg iy (tz'p,)] ~E Liv% 9iy (ti,)

Thus, for each alternate policy p/, we have shown that with some nonzero

probability,
Vi (9) > V3 (0)

and therefore p cannot be an optimal policy in S.
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4.2.3 Non-processor-sharing Policies

Lemma 4.2.3 There is no policy outside of the class of non-processor-sharing
(NPS) policies that generates a strictly higher revenue than the best policy from

the NPS class of policies.

Proof: The proof is similar to the proof of Lemma 3.3.3. Because of the length

and complexity of the original proof, the important sections are repeated here.

We assume the existence of a generalized processor sharing (PS) policy that
generates a higher revenue than the best NPS policy. As part of this policy, over
some interval [a,b] the server splits its resources between at least two jobs. The
case where the server splits its resources among n jobs is a natural extension of
the simple two-job case. The service times of the two jobs are independent and

identically distributed.

Prior to time a, job 1 has spent an amount of time equal to 7; in the system,
and job 2 has spent a time equal to 75 in the system. After time a, the distribution

for the total revenue that the server earns from serving the two jobs under policy

p is

9(t) = 91,(t) + 92,(?)

— Cfe—CTf 4 Cse_CTS
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where, as in the original proof, Ty = min(77,73); T} is the remaining service time
of job ¢ after time a; Ty ~ exp(qu + (1 — q)p) ~ exp(p); and Ty, = Ty + Z,

Z ~ exp(p). Also,

Cie = 0161, Tf = Tll
Cf = <
CQG_CT2 = 0202, Tf = TQI

and )

C’le_cﬂ = 0101, Tf = TQI

Coe™ ™ = Cyey, Ty =1
The expected value of the revenue gained over this portion of the sample path
is
lﬂ%@ﬂ:ignﬁwﬁyedf+c¢%)h%n@ﬁthWd@
The joint distribution for the service times is given in Equation (3.4). Making the

substitution and simplifying the expression yields

2
Elgy ()] = Fhes + (7)o

If job 1 departs the system first with probability ¢, the expected revenue from

the PS policy is
ctu ctu ctu ctu

Elg,(t)] = q [Lcwl + (L)Q 0202] +(1—-4q) {LCQCQ + (L)Q 0101] (4.1)

If the server chooses to work on one job first and then the other, there are two

possible policies. Define policy NPS1 as the policy that serves job 1 and then serves
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job 2, and policy NPS2 as the policy that serves job 2 first and then serves job 1.
Prior to time a, each job has been in the system for a time 7, or 7, respectively.
After time a, the remaining service time required by job 1 is #} and the remaining

service time required by job 2 is .

Under NPSI1, the total potential revenue is

gNPSl(t) = Clefc(ﬁ“’l) + 02670(T2+ta+t’2)

and under NPS2 it is

gNPSQ(t) = Cle_c(Tl+tll+t’2) + C’Qe—c(72+t’2)

The expected revenue under policy NPS1 over this interval is

2
Elgxps1(t)] = £-Cher + () Caca (4.2)

and under policy NPS2, the expected revenue is

2
Elgnps2(t)] = (Cﬁu) Crer + #5020 (4.3)

But again, (4.1) is just a weighted sum of (4.2) and (4.3). Therefore, (4.1)
cannot be greater than both (4.2) and (4.3). Thus, the PS policy cannot earn a

strictly higher revenue than both policy NPS1 and policy NPS2.
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4.2.4 Markov Policies

Lemma 4.2.4 An optimal policy can be found among the class of Markov policies.

Proof: The proof is similar to that of Lemma 3.3.4. In this case G, the state

vector of the system at time ¢ under policy p, is given by

Gy, = (91,(t) 92,(t) ... gn, (1)) (4.4)

M denotes the number of jobs that have arrived at the system since time ¢t = 0,

and g;,(t) is given by the equation

Cie=tin=%:)  if job i departed prior to t
9, (t) =
Cie~°t=#)  if job i is still in the system at t

where ¢; is the departure time of job ¢ under policy p and z; is the arrival time of

job 7.

The state vector G, contains information about the arrival time of the job at
the system, the initial reward of the job, and, if applicable, the departure time of
the job from the system. Since each g;, (t) is an exponential function, each element
of the state vector will decay by the same ratio over each time interval, until the
job departs the system (at which point its revenue function ceases to decay and

retains a constant value).
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Because service times are memoryless, the probability of a job i completing its
service in the interval [t,¢ + dt), given that it is still in the system at time ¢ and

has already received an amount of service z;, is

Y
= 1l—e M

where t; = t; — z;. This again is identical to the distribution of the job’s original
service time. Thus, knowledge of how much service a job has already attained
prior to t, as well as knowledge of the job’s initial revenue decay, will not yield
any new information as to the chances of that job departing prior to ¢t + dt, given
that the server chooses to process job 7 in this interval. We can then replace each
gi,(t) in the state vector with the constant ¢;, = Ci;e~=79)  Doing so removes all
knowledge of past history without removing the information necessary to make
the decision as to which job to serve. The decisions made in policy p, therefore,
are the same decisions that would be made if only the present state of the system

is known.

Corollary 4.2.4.1 An optimal policy over the interval [t,xy) can be found among

the class of policies that are independent of future arrivals to the system.

Proof: The proof to this corollary is identical to the proof of Corollary 3.3.4.1,

with the state vector in that proof replaced with the state vector in Equation (4.4).
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4.2.5 An Optimal Policy

We now construct an optimal policy that satisfies the lemmas defined above. In

addition, we establish the following definition:

Definition 4.2.1 The best job is the job corresponding to the highest value in

the state vector, defined in Equation (4.4), at time t.

From Lemma (4.2.4), we know that an optimal policy will be a Markov policy.
Thus, the state vector at time t is Gy = (¢1 ¢2 ... ¢y), where each ¢; indicates the
maximum revenue the server can obtain from that job from time ¢ onward and N

indicates the number of requests currently in the system.

The expected revenue gained from serving any one job i beyond time t with

remaining service time ¢, is

Elg(t)] = Elee ) = 2o,

where ¢; 2 C;e~°t=%) The job with the highest expected payoff satisfies
max ¢; ,t1€1,2,...,N

as before. Thus the job with the highest expected payoff is the job with the largest
constant ¢; in the state vector Gy, where ¢; is as defined in Lemma (4.2.4). We

define this job as the “best first job” to serve starting at time t.

Now, we define an optimal policy for this policy space:
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Theorem 4.2.1 An optimal policy will be greedy (i.e., it will choose the “best first

job” to serve, regardless of the order chosen for the other jobs in the system).

Proof: The proof is identical to the proof of Theorem 3.4.1, and the results

are the same.

Remarks

We again have shown that the optimal service ordering is non-idling, piecewise-
constant, non-processor-sharing, Markov, and greedy. Unlike the original system,
the optimal policy for this policy space does not default to a “standard” service
policy (e.g., FIFO, LIFO, PS). The optimal policy chooses the job that has the
greatest current potential revenue, where potential revenue is a function of both

the time spent in the system so far and the request’s initial reward.

4.3 Extension 2: Varying Exponential File Size

Distributions

We now consider a system in which arrivals are Poisson and the service times vary
among entering requests. The service time for job ¢ is an independent exponential

random variable with parameter p;. As in the original system, each incoming
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request is willing to pay the same amount for “acceptable” service. We define
another quantity of interest for this system, the revenue rate of a request, as the

expected revenue per unit time for that request.

In this system, the policy space S contains policies in which the server pro-
cesses one request at a time and where the server only switches between jobs in
service upon an arrival to or departure from the system. (The reasons for these
restrictions will be obvious shortly.) In addition, we consider both idling and non-
idling policies, and both preemptive and non-preemptive policies, that fit these

restrictions.

Given the above assumptions, we can determine an optimal service ordering

that satisfies the following criteria.

4.3.1 Non-idling Policies

Lemma 4.3.1 An optimal policy will be non-idling.

Proof: Suppose there exists a policy p in § which is optimal but not non-idling
over a sample path in the first busy cycle. Define [a;, as) to be a time interval in
this sample path in which the server remains idle under policy p during a busy

cycle (while jobs are queued). At time as, the server switches from idle to busy,
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and works on some job j*. Define as as the next completion time during this busy

period, where a3z > as.

As in the original proof, we can construct a policy p’ in S that is identical to
p except over the interval [aj,a3). Define dl to be an infinitesimal time interval
(dl << 1). We can then define policy p' as the policy that makes a “swap” of two
intervals of length dl from policy p. In particular, policy p' serves job j* in the
interval [ay — dl, ay), remains idle in the interval [as, as + dl), and then returns to
the service order defined in policy p at time ay 4 dl, and continues following policy

p until the end of the busy cycle.

We define the optimal policy as one that maximizes the average revenue per

unit time per cycle, as given by (3.1). Thus, under policy p,

B Lé Yy (tz'p)]

Vy(g) =
p( ) E[Zl]
and under policy p/,
N
FE [Zl gz'p/ (tzp/ )]
V}J’ (Q) = E[Zl]

Since the expected value of the duration of the busy/idle cycle is the same under
both policies, we can drop the denominator from our analysis and just consider

the numerator in each expression.
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The difference in the expected revenue under the two policies is

L [ﬁ 0, ()| ~ B [i 0403)| = Bl (0)] Bl o + )

dl is small enough so that at most one departure can occur in either [as —dl, as)
or [as,as + dl). The probability of job j* departing within the interval [0, dl) is

tjx dl + o(dl) ~ pj, dl > 0. Thus,

N N

E [Z Giry (tip:)] - E [Z Gip (tip)] = pjedl g, (a2)] — pjs dl[gjs, (a2 + dl)]
1=0 1=0

—claz—T5x) _ e—c(az—l—dl—mj*)]

= pyedlfe

S dl efc(agfmj*)(]_ . efcdl)

The last term in the above equation is positive, so we conclude that

>0

E Lg% Giy (tip/)] - B Lﬁ; 9iy (ti,)

and therefore

Vi () > Vi (9)

Thus, with some nonzero probability, policy p’ will earn more than policy p, so

p cannot be an optimal policy according to our definition of optimal.
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4.3.2 Markov Policies

Lemma 4.3.2 An optimal policy can be found among the class of Markov policies.

Proof: The proof is similar to the proof of Lemma 3.3.4. We denote the state

vector, Gy, of the system at time ¢ under policy p, where

G, = {(g1,(t), 11) (92, (1), pi2) - (gns, (), poar) }

M denotes the number of jobs that have arrived at the system since time ¢t = 0,

pi is the service rate associated with job 4, and g;,(t) is given by the equation

e~tip=2) if job i departed prior to ¢
9, (t) =

e =) if job i is still in the system at ¢

Again, t; is the departure time of job ¢ under policy p and z; is the arrival time

of job 1.

Since jobs that have already departed do not affect the service selection, we
can assume without loss of generality that these jobs depart the state vector as
well upon departure from the system. We can then rewrite the state vector by
removing the departures and renumbering the remaining jobs based on relative

arrival times:

G, = {(c1,0 ) (2, 12) - (e, par)} (4.5)
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where M’ = M— the number of completions before ¢ and ¢;, 2 eclt-zi),

Because service times are exponential, the distribution of remaining service
time for each job is identical to the distribution of the job’s original service time.
Thus, knowledge of how much service a job has already attained prior to ¢t will
not yield any new information as to the chances of that job departing prior to
t 4 dt, given that the server chooses to process job ¢ in this interval. The decisions
made in policy p, therefore, are the same decisions that would be made if only the

present state of the system is known.

Corollary 4.3.2.1 An optimal policy over the interval [t, zy) can be found among

the class of policies that are independent of future arrivals to the system.

Proof: The proof of this corollary is identical to the proof of Lemma 3.3.4.1,

with the state vector defined by Equation (4.5).

4.3.3 Construction of an Optimal Policy

Since we have shown that an optimal policy for policy space S satisfies the lem-
mas presented above, we can construct an optimal service ordering within these
limitations. As in the previous cases, before we state what the optimal policy is,

we need to specify one further definition:
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Definition 4.3.1 The best job is the job corresponding to the highest c;p; product
at time t, where ¢; and p; are the state vector values for job i (i.e., (c;, ;) ) at time

t and the state vector is defined as in Equation (4.5).

We know from Lemma 4.3.2 that an optimal policy will be a Markov policy.
Thus, the state vector at time ¢ is Gy = {(c1, 1) (co, pt2) ... (en, pn)}. Each ¢
indicates the maximum revenue the server can obtain from that job from time ¢
onward. Each p; indicates the expected rate of service for job ¢, or the inverse of

the expected remaining service time for job i.

Since the requests are serviced at different rates, it is not sufficient here to
define the best job as the request with the highest expected revenue. Rather, we
must consider the combination of potential revenue and expected completion time.
In particular, we must consider the expected revenue per unit time of each request
¢ in the system at time t, which is equal to the expected revenue divided by the
expected completion time, or ¢; ;. Thus, the best job satisfies max;c; u; ,i €

1,2,...,N.

This definition differs from Definitions 3.4.1 and 4.2.1. In these scenarios,
however, the service times are identically distributed. Thus, the expected revenue

per unit time for job 7 is given by ¢; u for all 7. Since p is identical in each term,

max ¢; (i = max ¢;
[3 K3
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and this is equivalent to maximizing the expected revenue per unit time beyond

time t.

With this definition, we can now state the following theorem about the optimal

policy.

Theorem 4.3.1 An optimal policy will be greedy (i.e., it will choose the “best first

job” to serve, regardless of the order chosen for the other jobs in the system).

Proof: Assume there exists an optimal policy, p, that satisfies Lemmas 4.3.1
and 4.3.2, works on one request at a time, and does not switch between jobs in
service unless there is an arrival or departure, but is not greedy. That is, at some
time ¢ in a sample path during a busy cycle, the server does not choose the best
job to serve. Instead, it will choose to serve job 1x, at time ¢, complete that job,

and then serve job 2%, to completion, where co, fto., > Cia, i1+,

The state vector at time ¢ is given in the proof of Lemma 4.3.2. We can reorder
these values in terms of the order in which the jobs are served under policy p. The

state vector then becomes Gy, = {(Cix,, f14,) (C2ep, H24,) - -+ (CNspy HN%y) }-

The revenue obtained from policy p from ¢ until the end of the current busy

cycle is

(! ! ! ! /
(t1uptton,) +.+ CN*pe—c(tl*p—&—tz*p-i—...-&-tN*p)

N

Y
> 9i(t,) = cue 4 e
j=1
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;

— . k=1
- Z Cjxp€
i=1

where t;*p is the remaining service time of the ith job served after time ¢ under

policy p.

We construct a policy p’ that performs an interchange of jobs 1k, and 2x,, such
that the server processes job 2x, at time ¢ to completion and then processes job

1%, to completion. At all other times, p’ is identical to p.

The revenue earned under policy p' from ¢ until the end of the current busy

cycle is
N —ct! 7c(t’ S+t ) 7c(t’ T+t 4t )
Zgjp(tjp) = C2€ 2*p+cl*pe T —|—...+CN*p6 Tep T P2xp T TN g
Jj=1
N i ’
—c t
—ct; —e(t), +th, ) > Ly
= e ) 1 3 T
Jj=3

The expected revenue under each policy is the expected value of the sum of the
revenues collected from each job that departs the system from time ¢ to the end

of the current busy cycle.

The difference in revenue between the two policies is

E - F

N
Z g]p (t]iﬂ)] - E [02*p€_ct2*p + Cl*pe_C(tl*p+t2*P)]
j=1

N
Z gjp/ (tjpl )
7j=1

—ct! —c(t t
- F [Cl*pe ep €24, € ( Lt 2*1’)]

—ct, —c(th +t
= F [02*1,6 2p | Cl4, € (1*p z*p)
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—ct! —c(t, +t!
— Cl*pe lxp CQ*pe ( 1xp Z*p)]

= E [cg*pe_Ct{Z*p (1— e )
_ Cl*peictll*p (1 _ eictg*p)]
= F [02*1,6_%*? (1-— e_Ctll*p)]
—F [cupe_dll*p (1- e_CtIQ*P)}
_ 02*p/v42*p (1 B Ml*p )
c+ ,u2>kp c+ ,Ul*p
_ il (1 _ L)
c+ ,ul*p c+ ,U2>kp
. Cox,, 24, ( (& >
€+ figw, \CF i1,
_ Clxp M4, ( (& >
CF fira, \CF fize,
¢

f (C + Ml*p) (C + M2*p) (CQ*I)MQ*I) - Cl*p/'Ll*P)

Both terms in the above equation are always greater than zero. Therefore,
since the expected time of the busy cycle is the same under policy p and policy p/,

we conclude that

Ve >V

Since p’ yields a higher average revenue per unit time than p, p cannot be an

optimal policy.
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4.3.4 Remarks and a Counterexample

We have demonstrated that the optimal policy for the system described above is
non-idling, Markov, and greedy. Returning to our definition of the best job, we
find that the optimal policy for this system processes requests in decreasing ¢; u;
order. The job in service only changes upon an arrival to or departure from the
system; unlike the original system, however, an arrival only preempts the request

currently in service if it has a higher ¢; ; product than that of the job in service.

Note that Theorem 4.3.1 only covers the policy space S§. A particularly glaring
omission from & is the family of generalized processor-sharing policies. If we define
policy space 8’ to contain all policies in § and all generalized non-idling processor-
sharing policies, will the same optimal policy still apply? In particular, will the
optimal policy still be from the family of non-processor-sharing policies? To answer

these questions, we consider the following example:

Conjecture 4.3.1 A non-processor-sharing (NPS) policy is always at least as

good as a processor-sharing (PS) policy over all sample paths in this system.

Proof: We show that this conjecture does not hold by means of an example.

Suppose there exists a sample path in which the server processes two requests

during a busy cycle. We label these jobs “job 1”7 and “job 2”. There are no further
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arrivals to this system. In this sample path, job 1 arrives at time zero, and job 2
arrives at some time a > 0, where a is less than the service time required by job

1. The busy cycle ends at some time b, b > a.

We consider three service policies, two of which are non-processor-sharing poli-
cies from S and one that is a processor-sharing policy from &'. We label the
policies NPS1, NPS2, and PS, respectively. The three policies behave as follows

over the interval [a, b]:

e NPS1: The server processes job 1 to completion, queueing job 2. Upon job

1’s departure, the server processes job 2 to completion.

e NPS2: The server processes job 2 to completion, queueing job 1. Upon job

2’s departure, the server processes job 1 to completion.

e PS: The server processes both job 1 and job 2 simultaneously, until one of
the jobs completes service and departs, at which time the server dedicates

all of its resources to processing the remaining job to completion.

We are interested in the revenue the server expects to earn over this sample
path under each of the three policies. We derive the general expressions for the
expected revenue earned under the three policies first, and then describe a specific
example where the expected revenue earned by the PS policy is greater than the

expected revenues earned by the NPS1 and NPS2 policies separately.
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—ca

The associated revenue decay for the two jobs at time a is ¢; = e and

co = e = 1, respectively. We define 7| as the remaining service time for job
1 beyond time a and T, as the service time for job 2 beyond time a. Due to the
memoryless property of the exponential distribution, 77 is distributed identically

to 17, the original service time of job 1. 77 and 77 are exponentially distributed

with parameter p;, and 75 is exponentially distributed with parameter pus,.

We consider the two non-processor sharing policies first. Under policy NPSI,
the time job 1 spends in the system past time a is T|. Job 2 waits for a time period
equal to job 1’s remaining service time and then departs after its service time; its
total time in the system is thus 77 4+ 7T5. The revenue earned by the server during

this sample path under this policy is

gnps1 = c1 e 4 ¢y e )

The expected revenue is given by the equation
[ et —c(t,+2) ' '
Elgxpsi] = [ [ 71e7 8 4 a4 fry o (8, o)ty

Because the service times are independent, fr r,(t},t2) = fr/ (t}) fr, (t2), and so

Elgnps1] = /0 /0 [e7h + cpeaF ] et ye P22t dt,
H1

= C

1 + €9 ad A (46)
c+ p C+ 1+ o
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Similarly, under NPS2, job 1 spends an amount of time equal to 7} +75 beyond
time « in the system, and job 2 spends an amount of time equal to 75 in the system.

The revenue earned by the server during this sample path under this policy is

gnpsg = cre D) 4y el

and, using the same procedure as the one used in evaluating the expected revenue

from the NPS1 policy, the expected revenue for policy NPS2 is

H1 H2 H2
E =c +c
[9NPs2] T

(4.7)

We now look at the PS policy. Under this policy, the server devotes a fraction ¢
of its total resources to processing job 1 and 1—gq of its total resources to processing
job 2, where 0 < ¢ < 1. Define T} as the time at which the first job to complete
service departs the system with respect to time a, where Ty = min(77,75) and is
exponentially distributed with parameter (qu; + (1 — q)u2) éu. Also, define T;
as the time at which the remaining job departs the system. We set Ty = T} + Z,
where Z is the remaining processing time for the job remaining in the system past
time Ty + a. The probability that job 1 completes its service and departs the
system first is (qu1)/u, and the probability that job 2 completes its service and

departs the system first is [(1 — ¢) 2]/

To define Z, we let Z = Z; given that job 1 finishes first, and Z = Z, given

that job 2 finishes first. Thus, Z; is distributed exponentially with parameter ps



and Z; is distributed exponentially with parameter p;. Then

7y, with probability (qui)/u
7 =

Zy, with probability ((1 — ¢)u2)/p

So the distribution of Z is given by the equation

qih (1 —q)pe
f2(2) = —fz,(2)+—"—f2(2)
1t 0
]_ _
_ QZ1M2€H2Z L q)uame,w

= —M:Q [ge™% + (1 = g)e™]

The joint distribution of the service times of the two jobs is

frym(ty,ts) = fryr (tslty) fr, ()
= fryr,(tr + 2lty) fr, (tf)
fayr, (2[tr) fry (ty)

But
qi

Farry (alty) = = fn () + Uit )= 1a2)

7

and thus Tt and Z are independent. So the joint distribution is

froao(ty,ts) = fry(tp)fz(2)

= pupee " ge M + (1 — q)e "]

109
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In addition, we define

(
C1, Tf = Tll
Cf =
Co, Tf = T2
\
and
p
Co, Tf = Tll
Cs =
C1, Tf = T2

The revenue collected by the server during the sample path is

gps = cre T+ cie T = cpe T 4 e e TIHE)
The expected value of this revenue is
et T+ 2)
Elgps) = [ [ lere ™ + e T D) fry (t) fu2)t e

= / / [cre T+ coe T D) g pge M [ge 2% 4 (1 — q)e M%) dt; dz
0 0

S (4.8)
c+ u Cc+ p1c—+ ls
If job 1 completes first with probability (gsu)/p, then we make the proper

substitutions and obtain

qu
Plars] = |

Y M1 H2

1 + ¢o

c+pu Cc+ p1c+ po

1_

(1—q)pu P S
It c+p et

+

qeipn + (L—q)eaps 1 2
= + — c +(1—gq)c 4.9
ct MC+NIC+M2[q2M1 ( Q)1M2]( )
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We now show that there exist nonnegative values of ¢y, ¢9, i1, 2, ¢, and g for
which the expected revenue for the PS policy exceeds the expected revenues of
both policies NPS1 and NPS2. Let us assume that the server splits its resources
evenly between the two jobs, such that ¢ = 0.5. Let us also assume the revenue
function is e “, where ¢ = 1. We have already established that c; = 1. We
set ¢ = 0.45, p1 = 20, and py = 10. Plugging these values in to the revenue
expressions yields Elgnpsi] = 1.2987, Flgnpsa] = 1.2944 and Elgpg] = 1.3008.
Clearly, E[gps] > E[gnpsi] and E[gps] > E[gnps2]. Thus, for this sample path,

neither of the NPS revenues is strictly greater than the revenue generated by the

PS policy, and the conjecture does not hold.

Discussion: To consider the more general case, recall that in the proofs of
Lemmas 3.3.3 and 4.2.3, we were able to claim that the PS policies are not optimal
because their expected revenue equations are simply weighted sums of the expected
revenue equations for the two NPS policies. In other words, the expected revenue
for the PS policy is never strictly greater than both expected revenue equations
corresponding to the NPS policies. Because we were able to show in this case that
there exists at least one sample path where the expected PS revenue is better than
both the expected revenues from the NPS policies, we cannot make the same claim

here.
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To verify this, we take the differences between the expected values of the NPS1

and PS policies, and the expected values of the NPS2 and PS policies. The former

yields
1 1 o qeapn + (1 —q)eip
E —F = c + cy —
lgnps1] — Elgps] et Termctm|® .
_qeypn + (1 — q)eap
cC+ i

which reduces to

(1 — @) {ple+ po)[erpm(c + p2) — copa(c+ )] + prp3(ca — ) (c + p)}

ple+ p)(c+ p)(c+ pe)
(4.10)
The latter yields
H2 M H2 qcapn + (1= g)eipss
E —F = c + cL —
lonps2] — Elgps] e T etmetim @ .
gy + (1= q)eaps
cC+ i

which simplifies to

aipipe(c+ p)(cr — o) + ple + p)le(eaps — cipn) + pipa(es — e}
ple+ p)(c+ pm)(c+ pe)

(4.11)

If both (4.10) and (4.11) are strictly positive for 0 < ¢ < 1, then we can claim
that PS is never strictly better than both of the NPS policies. These equations,

though, are inconclusive. In either case, the choice of values for ¢y, ¢o, ¢, p1, and g
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determines whether these equations are positive or negative, as we have demon-

strated in the above example.

Thus, there exists at least one sample path in which a PS policy outperforms
a set of NPS policies. We show in Chapter 6, via simulation, that more sample
paths like this one exist, and therefore we cannot completely eliminate PS policies

from consideration in systems where file size distributions are variable.



Chapter 5

SIMULATION ANALYSIS OF
THE ORIGINAL WWW

SERVER MODEL

5.1 Introduction

We discuss a simulation model corresponding to the proofs presented in Chapter
3. The model corresponds to a web server system where requests from web users
arrive according to a Poisson process with parameter A\. The service times for each
incoming request are independent and identically distributed exponential random

variables with parameter ;1. The server earns an amount of revenue from processing

114
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each incoming request, where the amount of revenue earned is an exponentially
decreasing function of the total time the request spends at the server, both waiting
and in service, which we denote as response time. We are interested in the average
reward per unit time earned by the server under an optimal service policy, as
defined by Equations (3.1) and (3.2). Because the simulation time is much longer
than the time required for the queue to empty, we can look at the total revenue
collected per simulation rather than the revenue per busy cycle. The total revenue
measure serves as a good approximation, when normalized, to the average total

revenue seen per busy cycle.

In this section, we describe a simulation model, constructed using BONeS [12]
software, for the system described above. In Chapter 3, we determined that the
optimal service ordering policy for this system is a preemptive-resume last-in, first-
out (LIFO-PR) policy. We model this service ordering along with two other service
orderings commonly found in web server software architecture: first-in, first-out
(FIFO) and processor-sharing (PS). We compare the total normalized revenue
earned by the server per simulation in each service ordering for a range of service
rates and arrival rates. We also look at the statistics related to response time,
where response time is defined as the total time a request spends at the server

both in queue and in service.



116

5.2 Simulation Model

Figure 5.1 illustrates the BONeS model for this system. The model consists of four
parts: the request generator, the service time generator, the queue/server module,
and the statistics modules. The different parts of this model are discussed in the

sections that follow.

Service order [ 13-Oct-1999 18:23:21 ]

J_U_L Select >R

> File DL’W)‘—L D DD > Intermedlate > Statistics ]
Web request size time > Statistics |

Service
arrivals (Basic)

Figure 5.1: The BONeS model of the original system.

5.2.1 Request Generator

The request generator block, labeled as Web request arrivals in the model, is
illustrated in greater detail in Figure 5.2. This module creates the data structures
used to represent incoming web requests at the server. Table 5.1 lists the different

fields in this data structure and the values assigned to each field.

The first part of this module is the Poisson Pulse Train block, which gen-

erates pulses at exponentially-distributed interarrival times. Each time a pulse is
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generated, it creates a new web request by triggering the Create web request
block. Each request is assigned a unique Request ID number. Next, the module
draws a random file size from an exponentially-distributed random number gen-
erator block (labeled File size), rounded to the nearest byte. The module then
places a timestamp on the web request indicating its arrival time, and sets the

current revenue to the initial reward of the entering request.

Web request arrivals [ 3-Nov-1999 15:14:57 |

. . Web request
> D> b by N

Insert Insert

[R5} Create >
web request

Poisson

Pulse g Insert Arrival Insert Param
Train :'gquest rb”eteséz)e time = TNow - Current
A VA revenue

Simple

Figure 5.2: The Web request arrivals module in the original system.

The Poisson Pulse Train block has two parameters associated with it, both
of which are assigned values at simulation run time. These values are the arrival
time of the first request and the mean interarrival time of the pulses. In addition,
the values of two other parameters associated with this module are deferred until
simulation run time: the mean file size (used to define the file size distribution)

and the initial revenue (which is set to 1.0 for this set of simulations).
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Table 5.1: The data structure used to represent a web request in the BONeS

simulation model.

Field Description Value
Request ID The identification number Counter value
of the data structure
File size Size of the requested file in bytes | Mean value is defined

at simulation run time

Arrival time

The time at which the request
arrives at the server

Current time

Departure time

The time at which the request
departs the system

Assigned later

Current revenue

Used here to define the

initial revenue multiplier

Defined at
simulation run time

Initial revenue Not used
factor
Service time Not used

dummy

Used to calculate server
throughput (testing only)

5.2.2 Service Time Generator

This portion of the model includes the Select file size and Service time blocks.

The service time is calculated by multiplying the request’s file size (assigned in

the previous module) by the server’s per-byte processing rate, another simulation

parameter specified at run time. The per-byte processing rate defines the number

of bytes per second processed by the server (CPU).
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5.2.3 Queue/Server

The queue/server block, labeled Service (Basic) in the block diagram, is a single
server system with no priority levels and no overhead associated with swapping
out jobs from service or resuming preempted jobs. The block has two inputs,
one for the web request data structure, and one for the request’s service time.
The type of queue (FIFO, LIFO-PR, PS) is set at simulation run time via the
parameters Queue Discipline, Server Mechanism, and Preempt Discipline. Queue
Discipline determines whether the queue is first-in, first-out or last-in, first-out.
Server Mechanism indicates whether the server dedicates all of its resources to
one job at a time or splits the resources among jobs (via round robin or processor
sharing). Preempt Discipline determines whether the server is allowed to preempt
jobs in service. The number of servers is also set at run time, although for these
simulations this value is always set to one. Incoming requests that encounter a
full queue are discarded, although the queue size is set to a large enough number

to prevent this from happening under stable conditions (i.e., p < 1).

This module simulates all the CPU processing inherent in servicing a web
request. We assume that memory is large enough so that no swapping or disk
read /writes are necessary to service a request. The module does not model any of

the TCP or network-associated actions involved in fulfilling a web request, such



120

as writing to the socket queue, waiting for acknowledgement from the client side,

or maintaining TCP connections.

5.2.4 Statistics

This portion of the model includes the Intermediate stats and Statistics
blocks. The former performs calculations for individual requests that are departing
the system, while the latter performs computations relevant to the entire collection

of requests served during a simulation.

The Intermediate stats block is shown in Figure 5.3. It performs two calcu-
lations. First, it adds a timestamp to the Departure time field of the web request
data structure and, using this value and the arrival timestamp, calculates the re-
quest’s response time. Next, it calculates the revenue generated by the server as

a result of serving that request via the equation

revenue = initial revenue x ¢ (cost factor) x (response time)

where the cost factor parameter indicates how fast the revenue function decays.

The revenue is placed in the Current revenue field in the data structure.

The Statistics block, shown in Figure 5.4, calculates the total revenue gen-

erated during the simulation run, and outputs this value once the simulation run
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Intermediate stats [ 13-Oct-1999 18:27:16 ]
I>F
DSin ’ . DS out
>—> > y DS ) s > . A
S, PP, e
time = Thow revenue Select > revenue
Arrival A
e time
S TNow™
> Calculate >
> Total P[> revenue D>
> service o
time

Figure 5.3: The Intermediate stats module in the original system.

terminates. It also calculates the total number of requests serviced during a sim-
ulation run, which is used to normalize the total revenue measured during the

simulation.

5.3 Simulation Parameters

As mentioned in the previous section, some of the parameters associated with the
system model are deferred until simulation run time. Table 5.2 lists some of these

parameters and the values assigned to them in this set of simulations.

The simulation model also contains probe modules whose purpose is to collect
data of interest during each simulation run. The probes and the data they collect

are summarized in Table 5.3.
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Table 5.2: Simulation parameters assigned at run time

Parameter

Value

Service rate (u)

Load (p)

First request arrival time
Mean interarrival time
Mean file size

Per-byte processing rate
Cost factor

Initial revenue

Server mechanism

Preempt Discipline

Queue discipline

Time slice

TSTOP

Ap

varied between (.01 and 0.99

0.0

1/A, A € {1,5,10,50,100}.

2 kB

Service rate times mean file size

1.0

1.0

Dedicated Server (LIFO-PR and FIFO
simulations)

Processor Sharing (PS simulation)

Don’t Preempt (FIFO simulation)
Allow Preemption (PS and LIFO-PR simulations)

First-in, first-out (FIFO and PS simulations)
Last-in, first-out (LIFO-PR simulation)

1.0 (default for non-round-robin simulations)

the simulation end time; set to 10,000 seconds.
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Statistics [ 13-Oct-1999 18:28:28 ]

WrapUp B
ounter
L

Select Df—{b Accumulator %
Current A &)
revenue ¢

Calculation for total revenue
generated during the simulation.

Figure 5.4: The Statistics module in the original system.

Table 5.3: Simulation data probes

Probe Location Measures

Service rate Main module Time-varying throughput
in transactions/sec

Revenue stats Intermediate stats Calculates the mean, variance,
maximum, and minimum revenues
of all departing requests

Response time stats Intermediate stats Calculates the mean, variance,
maximum, and minimum response
times of all departing requests

Job count Statistics Counts the number of requests
that depart the system

Total revenue Statistics Calculates the total revenue
collected from all departing
requests
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5.4 Simulation Results

We ran simulations for three orders of magnitude of arrival rate, A, and service
rate, u, for each of the three service orders (FIFO, LIFO-PR, and PS). The plots
are shown for varying values of system load, p, defined as A/u. For the fixed A
plots, the load is varied by decreasing p. For the fixed p plots, the load is varied
by increasing A. We restrict our system to load values less than 1 so that the

simulation system represents a stable queue/server system.

5.4.1 Fixed Arrival Rate Simulations

We first consider the subset of simulations in which the arrival rate is fixed in
each simulation run, and the load is iterated during each single simulation run by

varying (decreasing) the service rate, .

The arrival rates used in the simulations are listed in Table 5.4. These val-
ues were chosen to represent one server with fairly low user demand, two with

“average” user demand, and two with heavy user demand.

First, we look at the total revenue that the server earns during each of the five
simulation runs. For easier comparison, the revenue plots are normalized by the
number of requests served in each simulation. When the revenue is normalized in

this manner, the plot is the same as the mean per-request revenue plot.
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Table 5.4: Arrival rate values used in the fixed arrival rate simulations

A (requests/sec) | Requests/day
1

86,400

5 432,000
10 864,000
50 4,320,000
100 8,640,000

In addition to the revenue analysis, we also compare the single-request revenue
at the expected response time for various values of A. For an M/M/1 queue,
regardless of service discipline, the expected response time is given by the equation
w=1/(n— A). We use the equivalent expression w = p/(A(1 — p)) since we have
defined the simulation system in terms of p and A\. The revenue at this response

time is given by e™".

Figure 5.5 shows the normalized revenue plots for each arrival rate. The revenue
at the expected M/M/1 response time is illustrated by the dashed line in each of

the plots. In the following discussion, we refer to this plot as the “calculated plot”.

All of the plots except for the A = 1 plot resemble each other; in particular,
the A = 5 and A = 10 plots are very similar in shape, as are the A = 50 and
A = 100 plots. As X increases, the calculated plot begins to resemble the FIFO
plot more closely. The calculated plot is indistinguishable from the FIFO plots
for A = 50 and A = 100, except for the tail at very high loads, which decays at

a slightly faster rate than the tails of the FIFO plots for these simulations. For
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Figure 5.5: The normalized revenue plotted as a function of offered load for each
simulation run. (a) A=1(b) A=5 (¢) A =10 (d) A =50 (e) A = 100.
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the rest of the plots, the calculated plot performs worse than all of the simulation
data plots. In the A =1 and A = 5 plots, the calculated plot also shows a tail-off
at high values of the load. The tail is very pronounced in the former case and not
as pronounced in the latter case. What this tells us is that, particularly at higher
values of A, the expected revenue of the FIFO service order is approximately the

revenue evaluated at the expected response time.

At low values of A, all of the plots decay significantly over the entire range
of load values. As the arrival rate increases, we see the plots decaying slowly or
holding steady at low loads before they begin to decay more quickly at higher
loads. As A increases, the load at which this period of more rapid decay begins
also increases. Higher arrival rates translate into higher service rates at fixed load,
which means that jobs are serviced in a shorter amount of time in the simulations

with high arrival rates than in those with low arrival rates.

The revenue values are dictated to some extent by the queue length. At low
loads, an arrival most likely sees an empty queue; its response time is thus roughly
equal to its service time, 1/p. As the load increases, the queue length, which
depends on load rather than on the arrival rate and service rate individually,
grows proportionally. At these points, the response time depends on the time

spent waiting in queue and on the request’s service time.
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The points at which the queue length begins to grow significantly translate
into divergence points on the revenue plots. A divergence point is a load value at
which two or more plots start to separate from each other, or diverge, by more

than one percent.

For the A =1 plot, there are two divergence points. The first occurs at a load
of about 0.12, where the calculated plot begins to decay away from the simulation
data plots. The second occurs at a load of 0.2; at this point, the simulation plots
begin to separate from each other and the revenue has decayed by approximately
20% from its maximum value. At the maximum load of 0.99, when the service
rate is just over 1 request serviced per second, there is a 99% difference between
the revenues generated by the LIFO-PR and FIFO policies and 95.5% between the

LIFO-PR and PS revenues.

There are also two distinct divergence points in the A = 5 plots. The calculated
plot diverges from the rest of the plots at a load of 0.3. The LIFO-PR plot then
diverges from the FIFO and PS plots at loads of 0.42 and 0.47, respectively. At
this point, the revenue has decayed by approximately 10% from the maximum
value. At the maximum load of 0.99, the percent difference in revenues generated
by LIFO-PR and FIFO is 94%, and the difference between the LIFO-PR and PS

revenues is 85%.
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When A = 10, the divergence points occur when the load equals approximately
0.53 for FIFO and 0.57 for PS, and the revenue has decayed by approximately 9%
from the maximum. At the maximum load, there is a 85% difference between the

LIFO-PR and FIFO revenues and a 72% difference between LIFO-PR and PS.

At A = 50, the FIFO, calculated, and PS plots are practically indistinguishable
from each other. (The same is true for the A = 100 case.) The LIFO-PR plot
diverges from the FIFO and calculated plots at a load of 0.76 and from the PS
plot at a load of 0.79. At this point, the revenue has decayed by approximately
4.5% from the maximum value. The maximum percent difference between the

LIFO-PR and FIFO revenues is 67%, while between LIFO-PR and PS it is 52%.

The divergence points for the A = 100 plot occurs at loads of 0.82 (FIFO,
calculated) and 0.83 (PS). At this point, the revenue has only decayed by 4% from

its maximum value. The maximum percent difference is 51% between LIFO-PR

and FIFO and 39% between LIFO-PR and PS.

The easiest way to explain the differences in the graphs is to understand the
differences in response times among the service orders. In all three systems, the
expected response time for an individual request is the same; it is the variance that
differs. Figure 5.6 shows the calculated and measured variances of the response
times for each arrival rate. The variance plots show some discrepancies between the

calculated and simulation plots, particularly at low arrival rates. In general, as the
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arrival rate increases, the differences between the calculated and measured variance
plots for all three service orders diminish. The points at which the variance plots
diverge away from the x-axis correspond roughly to the points at which the revenue

plots diverge.

The measured variance is greatest for LIFO-PR. We would expect, then, the
plot of LIFO-PR to show the worst performance. In fact, it shows the best perfor-
mance, particularly at high loads. Part of this is precisely due to the high variances
of the LIFO-PR response times. First of all, since LIFO-PR is preemptive, if a
request with a very long response time enters service, the probability is very high
that it will be preempted. A shorter job has a better chance of completing quickly,
thus registering a short response time with the server. Since the revenue function
is exponential, it decays rapidly at first but then slows to a gradual decay within
a short time period. Thus, as response times grow, the resulting revenue does not
change all that much. The shorter response times seen in LIFO-PR will thus weigh
more heavily on the total revenue in the simulation. Compare this with FIFO and
PS. FIFO blindly serves all jobs in order of arrival. Thus, longer requests will often
cause shorter requests to be delayed, increasing all the response times and thus
decreasing the total revenue. In PS, short jobs do often complete before larger
jobs, but since they must share the processor with all jobs, their response times
are proportional to both their required service times and the number of pend-

ing requests (since this dictates what fraction of the processor each request gets).
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At high loads, then, we expect response times to increase (and thus revenues to

decrease) when PS is used.

To verify this, we compare the theoretical M/M/1 mean response time as a
function of load with the response times corresponding to the points on the ex-
pected revenue plots for each service order. The response time is calculated using
the equation w = —In(revenue). These values give a sense of the “average age”
of a request in each of the simulation runs. The theoretical mean response times
and “average ages” from the simulation data are plotted in Figure 5.7. The plot
is zoomed in to show the behavior of the simulation data, which does not reach
as great of a maximum value as the calculated data. The M/M/1 plot is labeled

“calc” in the figure.

At lower arrival rates, the calculated response time blows up towards infinity
as the load approaches 1. For the higher arrival rates, the maximum calculated
response time is fairly small in comparison (several orders of magnitude smaller).
This explains why the total revenue plots do not decay as drastically in the higher

arrival rate plots.

In all five cases, the FIFO and PS plots show similar shapes. As the arrival rate
increases, the two plots become indistinguishable from each other. The M/M/1
response time plot also shows the same behavior, although at the lowest arrival

rate it blows up much faster than both the FIFO and PS plots.
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Figure 5.7: Response time calculated at expected revenue for various arrival rates.
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The LIFO-PR plot has a much different shape that the other three plots for all
values of A. In particular, it does not blow up as the load increases. In fact, as the
load increases, the growth stays fairly small. What this shows is that the average
response time measured for a request departing the LIFO-PR system is not only
much less than for the same request leaving the FIFO or PS system, but it is also

fairly uniform regardless of the offered load at the system:.

As a final analysis of this revenue data, we calculate the service rate at which
the normalized revenue falls below 0.9. This corresponds to the server obtaining
90 percent of the maximum possible revenue it could earn by serving the given

arrival stream.

Note that for LIFO-PR, the revenue is always greater than 0.9 at A = 100. The
minimum service rate in this set of simulation data is 101.01. If we extrapolate the
0.9 crossing point from this plot, the corresponding value of u is approximately 91

requests/sec.

Figure 5.8 illustrates the relationship between the arrival rate and the corre-
sponding minimum service rate required for 90% revenue collection. The PS and
FIFO plots are nearly linear over the entire range of A\. At the smaller values of A,
the slope of these two lines are each slightly greater than 1 (1.15 and 1.12 for FIFO

and PS, respectively). As )\ increases towards 100, the slope for FIFO approaches
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and then falls very slightly below 1. The slope for PS remains around 1 for values

of A from 5 to 100. There is an offset of about 9 in both plots.

service rate

120~

100 -

Minimum service rate required for offered load

FIFO
LIFO
PS

Lower Bound

1
30 40 50 60 70 80 90 100
arrival rate

Figure 5.8: Minimum service rate required to guarantee that the server will earn
90% of its expected revenue stream, as a function of arrival rate.

The LIFO-PR plot, however, shows two distinct slopes. In the first interval (A

between 1 and 5), the slope is about 1.1; in the second interval (A between 5 and

100), the slope decreases to about 0.9. The offset again is about 9.

What these plots tell us is that to maintain a given level of service, the minimum

required service rate rises in direct proportion to the arrival rate. The increase

depends also on the arrival rate: as the arrival rate gets large, the subsequent

increase in service rate is not as dramatic as for lower values of arrival rate. The
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plots also show that we can support the same amount of traffic at a 9% smaller
processing speed if we use LIFO-PR as opposed to either of the other two service

orders (for all possible arrival rates).

The lower bound of the 90% revenue plot is also plotted on this graph as
the dashed line. The lower bound is the service rate required for the server to
process enough customers to earn 90% of the potential revenue. We can see that
as the arrival rate increases, the LIFO-PR plot slowly approaches this lower bound;
however, the LIFO-PR plot levels off at higher values of A. None of the simulated

data plots ever has a slope close to that of the lower bound, approximately 0.82.

5.4.2 Fixed Service Rate Simulations

We next consider the subset of simulations in which the service rate is varied
among simulation runs, and the load is iterated during each single simulation
run by varying (increasing) the arrival rate, A. Three values are used for u: 10
requests/sec, 100 requests/sec, and 1000 requests/sec. These values were chosen

to represent one “slow” server, one “average”-speed server, and one “fast” server.

We look at the total revenue that the server earns during each of the five simula-

tion runs, both normalized and unnormalized. In this section, we are interested in
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both the normalized and unnormalized revenue plots, because unlike the previous

case, the shapes of these plots are not at all similar.

The unnormalized total revenue plots are shown in Figure 5.9. The shape of
this set of plots is much different than the fixed A plots and the normalized fixed
i+ plots, because in this set of simulations the number of requests serviced per
simulation run varies with the load. In the fixed A plots, the same number of
users arrive per simulation regardless of the load—variations in the load reflect
variations in the rate of service seen by the incoming requests. In the fixed u

plots, however, variations in the load reflect variations in the arrival rate.

The shapes of these curves are very distinctive. All three plots increase over
a portion of the load. Eventually, the rates of increase of the FIFO and PS plots
slow; the revenue reaches a peak value and then drops rapidly. However, the LIFO-
PR plot continues to increase over the entire range of load, although the growth

does slow at higher values of load.

Each p plot is characterized by one or two points. The first point is the load
value at which the three plots diverge; that is, where the FIFO and PS plots start
to curve away from the LIFO-PR plot. The second point is the point at which
the FIFO and PS plots “peak”. (We find that there are some connections between
these points and the shape of the normalized revenue plots. These connections are

explored later in this section.)
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Figure 5.9: The unnormalized total revenue plots for the fixed service rate simu-

lations. (a) p =10 (b) p =100 (c¢) p = 1000
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For the 1 = 10 plot, the divergence point occurs at a load of about 0.5. The two
curves peak at a load of 0.8. Beyond 0.8, these two plots drop sharply, with FIFO
falling off slightly more sharply than PS (except at loads of 0.95 and greater, where
the rate of decay of the PS plot is actually greater than that of the FIFO plot).
The growth of the LIFO-PR plot starts to slow very slightly at a load of about
0.8, but this plot does not decay as the other two do; it is always increasing, even
at the highest load values. The maximum percent difference at the maximum load
of 0.99 is about 85% between the LIFO-PR and FIFO revenues, and 72% between

the LIFO-PR and PS revenues.

For the © = 100 plot, the divergence point occurs at a load of approximately
0.8. The peak occurs at a load of 0.9, after which the FIFO and PS plots rapidly
decline, with the FIFO plot decaying slightly faster than the PS plot. Again,
growth of the LIFO-PR plot slows very slightly after the load hits 0.9; as in the
previous case, it continues to increase over the entire range of load. There is a
52% difference between the LIFO-PR and FIFO revenues at the maximum load,

and a 40% difference between the LIFO-PR and PS revenues.

The g = 1000 plots diverge at a load of about 0.92 and peak at about 0.95.
Instead of the round peak, the FIFO and PS plots show a sharp peak and then
a small decline, which may be larger if we extend the range of load out farther.

The LIFO-PR plot shows the same increase, with again a very slight slowdown at
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the same load as the peak value. Again, the revenue decrease for FIFO is slightly
greater than that for PS. The percent difference at the maximum load of 0.99 is

8.4% between LIFO-PR and FIFO and 7.6% between LIFO-PR and PS.

The normalized total revenue plots are presented in Figure 5.10. In addition
to the plots of the simulation data, we also include a plot of the revenue at the
expected response time in an M/M/1 system. This plot is represented by the
dashed line. We use the equivalent expression w = 1/(u(1 — p)) to calculate the

response time of a M/M/1 system.
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Figure 5.10: The normalized total revenue plots for the service rate simulations.
(a) =10 (b) =100 (c) © = 1000
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As in the )\ simulations, as i increases, the closer the calculated plot resembles
the simulation data plots, particularly the FIFO plot and to a lesser extent the PS

plot.

The = 100 and p = 1000 plots resemble each other very closely. The shape
of the p = 10 plot is slightly different, and has a lower maximum revenue value
(0.9). The lower maximum is probably due to the larger minimum average service
time; at low loads, the average service time, 1/pu, dominates the response time,
since there are likely very few if any jobs in queue. As pu increases, the average

service time decreases; and thus the average response time decreases.

In the p = 10 plot, we see two divergence points, similar to the behavior of
the A plots. The first divergence point occurs at a load of about 0.3, when the
calculated plot diverges from the simulation data plots. The second point occurs
at a load of about 0.45, where the LIFO-PR plot diverges from the FIFO and PS
plots. The calculated plot has the same shape as the FIFO and PS plots, but is

always less than both of these plots above the first divergence point.

In the ¢ = 100 and g = 1000 plots, the calculated plot is indistinguishable from
the FIFO plot. Thus, there is only one divergence point on each of the graphs.

This point is 0.8 for the former and 0.9 for the latter.

Notice that the peaks on the unnormalized plots occur at the points where

the rapid decay starts. The unnormalized plot increases up until this point, even
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though the normalized plot shows that the growth is flat to slightly negative.
As the growth of the normalized plots become negative, the increases on the un-
normalized plots slow down. The reason for this behavior is that even though
the revenue per-request may be decreasing, the number of requests serviced per
simulation is increasing; the large increase offsets the smaller decrease in mean
per-request revenue. Eventually, however, the decay catches up to the increase in
requests serviced, and results in a decay in the unnormalized plot. The LIFO-PR
plot does not exhibit this behavior because the decrease is slow and gradual over
the entire range of load, and is thus always offset by the increase in number of

requests served.

5.4.3 Concluding Remarks

The simulation data bears out the results obtained mathematically in Chapter 3.
More importantly, we find that the LIFO-PR service ordering is very stable, even
under the highest offered loads at very heavily-accessed servers. At the highest
loads, LIFO-PR outperforms FIFO by up to 99% and PS by up to 95%. LIFO-PR

thus appears to be a good design choice for web server architecture.



Chapter 6

SIMULATION ANALYSIS FOR
THE EXTENSIONS TO THE
ORIGINAL WWW SERVER

MODEL

6.1 Introduction

In this chapter, we discuss a series of simulation models created using BONeS
software, corresponding to the proofs presented in Chapter 4. The first set of

simulations corresponds to the first proof extension, where the service times are

143
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exponentially distributed with parameter p and each incoming request is assigned
an initial reward, C;, that is uniformly distributed between 0 and 1. The second
set of simulations corresponds to the second proof extension, where each incom-
ing request is assigned an initial revenue of 1.0 and the service times are drawn
from ¢ different exponential distributions, each with parameter ;. The third set
of simulations is for a hybrid system combining the two proof extensions, where
the service times are drawn from various exponential distributions and the ini-
tial reward varies among the requests. Finally, we briefly look at a simulation
corresponding to the counterexample presented in the “disproof” of Conjecture
4.3.1, where we found that a processor-sharing policy generated a higher expected

revenue than a set of non-processor-sharing policies for at least one sample path.

Each of the sets, with the exception of the final simulation, consists of two
separate models: one implementing the optimal service ordering policy for that
particular system, and one implementing the traditional service ordering policies.
The optimal policy for both proof extensions depends not only on the age of the
jobs awaiting service, but also on either the initial rewards of each job awaiting
service or the expected service time of each job. We refer to these policies as
“parameter-based” (PB) policies. Both the traditional and PB models will be

presented in each of the sets, along with key simulation results.

L “Traditional” in this context refers to FIFO, LIFO-PR, and PS.
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We maintain separate models for the PB and traditional policies because the
PB policies require a more complex queue/server model that is not necessary in
the traditional service order systems. Rather than sending the web requests in the
traditional service orders through unnecessary processing, we chose to maintain
the original queue/server system for these service orders, with minor modifications.
The differences between the two models will be described in detail in the sections

below.

6.2 Simulation Set 1: Varying Initial Reward

In this section, we present the models associated with the system where service
times are independent and exponentially distributed with parameter p and where
the initial rewards are drawn from a uniform distribution with endpoints [0,1).
The optimal policy for this system, as derived in Chapter 4, bases its decision as
to which request to serve next in any given time interval on the pending request
with the highest ¢; value, where ¢; is the product of initial revenue and revenue

decay so far.
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6.2.1 Simulation Model

The two models for this system appear in Figures 6.1 and 6.2. Figure 6.1 shows
the simulation model for the “traditional” service orderings (LIFO-PR, FIFO, and
PS), while Figure 6.2 illustrates the parameter-based simulation model for this

system, which we will refer to as the PB-1 model.

Service order--Varying initial revenue (traditional) [ 13-Oct-1999 18:24:07 ]
e ., Select >s E LDD DD
|~ File Service Intermediate
Web request > size PP time ;‘F LD > > Statistics
arrivals--Varying Service
initial revenue (Basic)

Figure 6.1: The BONeS model of the traditional service ordering system for sim-
ulation set 1.

Service order--Varying initial revenue [ 13-Oct-1999 18:23:50 |

Insert DDD
DS Service LR Final
| Select > - > time > > . =P statistics
B>— File »|FE | Service > N Service
Web request size time (parameter-based)
arrivals--Varying

initial revenue

Figure 6.2: The BONeS model of the PB-1 system.

The traditional model is identical to the original system model except for the
request generator portion. The reader is asked to refer to Section 5.2 for de-

scriptions of the unchanged portions of the model. The PB-1 model is similar in
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structure to the traditional model; however, it contains sufficient variation that

the entire model will be discussed in detail.

Request Generator

The request generator consists of the Web request arrivals— Varying initial
revenue block, pictured in Figure 6.3. It is the same in both the traditional and

the PB-1 models.

Web request arrivals--Varying initial revenue [ 3-Nov-1999 15:28:11]

I 4 y . Web request
[ Create > B—D> B> Br—1D> p—b

Poisson web request
Insert Insert : Insert
-T—’:glsne request File size {ir:Ts]en_l_\rr“veJ Current
D (bytes) e = 1o revenue
A A

Simple
ATRS
Rangen

Figure 6.3: The request generator module for the first set of simulations

The request generator is very similar to the request generator in the original
model. The main difference is that there is an additional module used to generate
the initial reward for each of the generated web requests, denoted by the uniform

random number generator block (U(0,1) Rangen) in the figure.
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The values assigned to the fields in the data structure are also the same as in
the original system with a few exceptions. For example, the current revenue is set
to the value generated by the initial reward uniform random number generator.
Also, while the service time field is unused in the original simulation model and is
also unused in the traditional service order model here, it is used by the parameter-
based model to store the service time requirement of each request. (The reasons
for this modeling difference will be apparent shortly.) The same parameters are
deferred until simulation run time as in the original system, with the exception
of the Initial revenue parameter, which is set via the uniform random number

generator here.

Service Time Generator (PB-1 model)

The service time generator includes the Insert service time block in the PB-1
model. The file size set in the request generator module is used here to calculate
the service time. The service time is calculated by dividing the file size by the
server’s per-byte processing rate, another simulation parameter specified at run
time. It is inserted manually into the data structure in the PB-1 model because
the server keeps track of remaining service time explicitly to determine if a job
has completed its service yet. This detail of operation is hidden in the traditional

queue and server module, making this block unnecessary there.
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Queue/Server

The queue in the PB-1 model, labeled as Service (parameter-based) in Fig-
ure 6.2, is more complex than in the traditional model because it must consider
the current state of the system at each arrival or departure event and reevaluate
its service decisions at these times. The parameter-based queue/server is illus-
trated in Figure 6.4. It is composed of several logical parts: an arrival queue, a
service queue, a preemptive server, state calculations, and departure/preemption
processing. Most of these portions are involved either directly or indirectly with

calculating or maintaining the state vector associated with the queue and server.

The state of the system at any time, quantified by its state vector (see Equation
(4.4)) is defined by the current revenue value of each request in the system at that
time. Each time an arrival or departure event occurs, the state vector must be

recalculated.

When an arrival occurs, it is placed in a separate arrival queue until it can be
placed in the service queue or directly into service. If there is no job currently
in service and the service queue is empty, the new arrival goes straight to the
server. Otherwise, the model compares the new request’s initial reward to the
current revenue of the job in service. If the new request’s revenue is greater than
that of the request in service, the server preempts the request in service, places

it at the head of the service queue, and starts processing the new request. If the
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Figure 6.4: The parameter-based queue and server module.
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new request’s revenue is less than that of the request in service, the module then
recalculates the current revenues of all requests waiting in the service queue and
determines where to place the new request in this queue. Note that the module
does not have to reorder the requests that are already in the service queue, because

the decay rates of all of the requests are uniform.

When a departure occurs, the server triggers the service queue to send the
request at the head of the queue into service. The module also updates the current

revenues of all requests in the system at this point.

The Post-processing (departures) and Pre-processing(arrivals) blocks
calculate the revenue decay by which to multiply all of the remaining requests in
order to update each request’s current revenue. They do so by computing the
time since the last arrival or departure event and evaluating the revenue function

(without the leading multiplier) at this time.

In order to perform these calculations, the module must keep track of certain
parameter values in memory. These values include the type of the most recent
event (arrival or departure), the time since the last arrival or departure event, the
current number of requests awaiting service, and the initial reward of the incoming
request. These parameters are stored as internal memory parameters because they
are used in multiple calculations at several points in the system. Unfortunately,

this has the unwanted side effect of slowing down the simulation run considerably
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compared to the traditional model, particularly at high arrival rates and high load

values.

There are two parameters whose values are deferred until simulation run time.
These parameters are the maximum queue size, which indicates the maximum
number of elements allowed in the “service queue”; and the decay rate of the

revenue function, labeled as the “cost factor”.

Statistics

The PB-1 model combines all of the statistics collection into one module, labeled
Final Statistics, shown in Figure 6.5. The main difference between this module
and the Intermediate Stats/Statistics module combination is the absence of
the current revenue calculation, which now appears in the Post-processing De-
partures block in the Service (parameter-based) module. The response time
is still calculated in this module, as are the total job count and the total simulation

revenue values.

6.2.2 Simulation Parameters

There are two sets of parameters used, one for the traditional model and one for

the PB-1 model. The simulation parameters used in the traditional model are



153

Final statistics [ 13-Oct-1999 18:27:37 |

\ DS > DS
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Select
To collect Current
= response time
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output port.

Calculation for total revenue
generated during the simulation.

Figure 6.5: The Final statistics module from the PB-1 system model.

the same as those listed in Table 5.2. The one exception is the Initial revenue
parameter, which is not used here since it is set explicitly in the Web request

arrivals... module.

Table 6.1 lists the simulation parameters used in the PB-1 model. Some of these
parameters are similar to the parameters used in the traditional model. Notably
absent are the queue and service-ordering-based parameters, which were connected

to the Service (Basic) block.

Probes

Both models contain the same probes as each other, and the same probes as
those in the original simulation model. Refer to Table 5.3 for a list of these

probes. The probes are in the same locations in the traditional model as they
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Table 6.1: Simulation parameters, simulation set 1

Parameter Value
Service rate (u) A p
Load (p) varied between 0.01 and 0.99

First request arrival time 0.0
Mean interarrival time 1/A, A € {1,5,10,50,100}.
Mean file size 2000 bytes

Per-byte processing rate  Service rate times mean file size

Cost factor 1.0
Maximum queue size ¢ 10,000
TSTOP the simulation end time; set to 10,000 sec.

®This value is set explicitly in the Queue/Server model to the same value.
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are in the original model. The placement of the probes in the parameter-based
model is slightly different. The Service rate probe is placed inside the Serwvice
(parameter-based) module. The rest of the probes are placed inside the Final

Statistics module.

6.2.3 Simulation Results

The simulations tested four service orderings: the three “traditional” ones (FIFO,
PS, and LIFO-PR), and the optimal service ordering, PB-1. The simulations
were run for three orders of magnitude of arrival rate () as in the original set of
simulations. The plots are shown for varying values of system load, pé)\/ . The

load is varied by decreasing the service rate ().

We first look at the plots of normalized total revenue as a function of load
to establish general trends in the data. Next, we illustrate the trends in the
revenue plots with plots of the mean and variance of the measured response times,
and compare these values to the expected values for an M/M/1 queue. We use
the equation w = p/(A(1 — p)) to determine the mean M/M/1 response time.
Note that we must scale the calculated revenue values by 0.5, the mean of the
distribution from which the initial rewards are drawn, in order to compare them

to the simulation data values.
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Figure 6.6 shows the normalized revenue as a function of load for all of the
possible arrival rates. The shapes of these plots again are similar to the normalized
revenue plots from the first set of simulation data. The maximum values for each
plot are around 0.5, the mean of the initial reward distribution. We also plot
0.5¢~", the revenue calculated at the expected M/M/1 response time, and denote

this plot as the “calculated” plot in the discussion below.

The traditional service order plots and the calculated plots are the same as
the plots from the original system scaled by 0.5. The reader is asked to refer
to Section 5.4.1 for a discussion of the behavior of these plots. We concentrate
here on explaining the relation of the parameter-based plots to the traditional and

calculated plots.

The PB-1 plot adds a fourth divergence point to the previous plots. In all cases
except for A = 1, the “traditional” plots diverge away from the PB plot before they
diverge from each other. When A\ = 1, because the maximum revenue is actually
slightly greater than 0.5, the calculated plot underperforms the rest of the plots
over the entire range of load, and thus does not have a divergence point. If we
look at the percent differences between the PB plot and the traditional plots, we
see that they are slightly larger than in the original system. Table 6.2 lists the
three divergence points (recall these are the points at which the percent difference

between PB and the rest hits 1%). In the table, p; indicates the load at which the
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Figure 6.6: Total normalized revenue as a function of load for various arrival rates.
(a) A=1(b) A=5(c) A=10 (d) A =50 (e) A =100
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percent difference between the PB-1 plot and the FIFO plot exceeds one percent;

p2 and p3 indicate the same load for the PS and LIFO-PR plots, respectively.

Table 6.2: Divergence points for the normalized revenue plots

Divergence
points

A P1 P2 P3

110.14 | 0.16 | 0.22
5102910311033
10 | 0.38 | 0.40 | 0.42
50 | 0.61 | 0.62 | 0.64

100 | 0.71 | 0.72 | 0.73

As the arrival rate increases, the difference between the PB-1 and LIFO-PR
plots at high loads increases. At A = 1, the difference between the two plots is
very small. Once X\ increases above five, the differences between the two become

more pronounced, although overall the two have similar shapes and behavior.

As in the previous set of simulations, the theoretical mean response time is the
same as the measured response times for all values of lambda, so we will not show

these plots here.

Figure 6.7 plots the response time variances, both calculated and measured,
for each of the arrival rates. The plots have been zoomed in to show regions closer
to the load axis. The plots labeled “M/M/1” refer to the calculated variances for
an M/M/1 system for the LIFO-PR, FIFO, and PS service orders. In all cases the

maximum variance is achieved by the M/M/1 LIFO-PR plot.
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Measured response time variances
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Figure 6.7: Variance of response times for simulation set 1, simulation data and
M/M/1. (a) A=1(b) A=5(c) A=10 (d) A =50 (e) A = 100
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Interestingly, the PB-1 plot is nearly identical to the LIFO-PR plot for all values
of \. At A =1 and A = 5, the plots are identical except at a load of 0.99. Note
that at low revenues, there is a great discrepancy between the calculated variances
and the simulation data; this difference disappears as the arrival rate increases.
The LIFO-PR and PB-1 plots have the highest variances of the simulated data

sets for all values of arrival rate.

To illustrate the effect that variance has on the revenue earned by each service
order, we calculate the response times from points on the expected revenue plots
via the equation w = — In(Revenue). Figure 6.8 shows these plots for all values of
arrival rate, zoomed in to the area closest to the x-axis to show the most interesting
plot detail. As a point of comparison, we plot the mean response time for an
M/M/1 system; it appears as the dashed line in the figure. As expected, the PB-1
plot and the LIFO-PR plot show similar behavior for all values of A. The differences
between these two plots are always very small, with the PB-1 system showing a
slightly lower calculated response time than the LIFO-PR system, particularly at
high loads. As explained before, this plot gives us a sense of the “average age”
of a paying request; we expect the “average ages” seen in the PB-1 and LIFO-
PR configurations to be lower due to the higher variability in response times, as

explained in Chapter 5.



161

Response time from average revenue data
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Figure 6.8: Response times calculated at the expected revenue points from the
simulation data in simulation set 1. The expected response time for an M/M/1
system 1is also plotted as a point of comparison.
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As in the original set of simulations, we are interested in the minimum service
rate needed by the server to ensure that it will earn at least 90% of the possible
revenue presented to it at various arrival rates. This data is plotted in Figure 6.9.
Note that the values for PB-1 at A = 50 and A = 100, as well as the value for
LIFO-PR at A = 100, are extrapolated from the available data, since the server in

these cases earns better than 90% of the total possible revenue on average.

Minimum service rate required for offered load

120 -

service rate

0 | | | | | | | | | J
0 10 20 30 40 50 60 70 80 90 100

arrival rate

Figure 6.9: Minimum service rate required for the server to collect about 90% of
its total possible revenue

All of the simulation data plots are offset by 9 and show linear behavior. The
FIFO and PS plots are nearly identical, with minor variations in the slopes. The

slope of the LIFO-PR plot is approximately 0.9 at higher arrival rates. The PB
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plot shows the lowest 1/ ratio of the four simulation plots, with a slope of about
0.7 at high arrival rates. In fact, the capacity required by the PB-1 configuration
to support the highest arrival rates is about 20% lower than the same capacity
required by the LIFO-PR configuration and almost 40% lower than the capacity

required by the FIFO and PS configurations at the same arrival rate.

6.2.4 Concluding Remarks

We find that the performances of the PB-1 and LIFO-PR configurations for this
system are very similar. This result is expected, since PB-1 reduces to LIFO-PR
when all incoming requests are assigned the same initial reward. PB-1 service
improves upon LIFO-PR service by not only serving the newest job, but weighing
this measure by the initial reward offered by a particular job. Both PB-1 and
LIFO-PR show excellent performance even at the highest server loads. While the
original simulations demonstrated that LIFO-PR is a good choice for a heavily-
loaded server, this set of simulations shows that PB-1 represents an even better

choice when initial rewards among requests vary.
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6.3 Simulation Set 2: Varying File Size Distri-

butions

In this section, we present the models corresponding to the system with service
times drawn from varying exponential distributions and with all incoming requests
assigned the same initial reward. The optimal policy for this system bases its
decision as to which request to serve next in any given time interval on the pending
request with the highest ¢;p; product, where ¢; is the revenue decay so far and 1/ ;

is the expected service time of job .

To implement these models, we define three unique exponential distributions
with parameters pq, p2, and pus3, respectively. Each of these distributions corre-
sponds to a different file “type” found at a web server. We define distribution 1 to
correspond to HTML files; distribution 2 to correspond to image files; and distri-
bution 3 to correspond to “other” large files, such as CGI scripts, multimedia files,
and the like. Incoming requests access each distribution with some probability

pi,t € 1,2,3, such that p; 4+ ps + p3 = 1.

6.3.1 Simulation Model

The traditional model is shown in Figure 6.10 and the proposed optimal model,

which we will hereafter refer to as the PB-2 model, is pictured in Figure 6.11.
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Both the traditional model and the PB-2 model are the same as the models in
the previous section, except for the request generator and the statistics portions.

Only these portions of the model will be described here.

Service order--Varying file sizes (traditional) [ 13-Oct-1999 18:22:58 ]

Lo e >1PS = DDDD Final statistics
-~ File Service | -- varying

Web request size > ime > — PP fesize

arrivals--varying o< Service system

file sizes (Basic)

Figure 6.10: The BONeS model of the traditional system for simulation set 2.

Service order--Varying file sizes [ 13-Oct-1999 18:21:02 ]
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) - time .
>——> File Service Service system
Web request e D P tme B 4 (parameter-based)
arrivals--varying

file sizes

Figure 6.11: The BONeS model of the PB-2 system, simulation set 2

Request Generator

The request generator consists of the Web request arrivals—Varying file sizes

block, pictured in Figure 6.12. It is the same in both the traditional and the PB-2

system models.
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Web request arrivals--varying file sizes [ 3-Nov-1999 15:20:13 ]
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Figure 6.12: The request generator module for simulation set 2

The request generator in this model is similar to the request generator in the
original model. The main differences lie in the generation of file sizes and initial

reward values.?

The Mean file size generator module, pictured in Figure 6.13, determines
which file type is requested by the incoming web request according to the probabil-
ity of occurrence of that file type. The probability of occurrence is the normalized
frequency at which a certain type of file is requested at this server. The mean file
sizes and probabilities for each of the three distributions are not set until simulation

run time.

The initial reward is generated by a uniform random number generator with

2This portion of the model was originally meant to be used for both this extension and the
hybrid extension. Since the creation of this module, however, the mechanism for generating initial
rewards in the hybrid extension changed, making the uniform number generator unnecessary.
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Mean file size generator [ 16-Oct-1999 12:08:05 ]
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Figure 6.13: The mean file size generator module for simulation set 2

both endpoints set to 1.0. The module then calculates the ¢;u; value by converting
the mean file size for the request to the mean service time, inverting this measure
to get the service rate, and multiplying this value by 1.0. The calculated value is
placed in the Current revenue field. Note that both the initial reward and current

revenue fields are used, unlike in the previous models.

As in the models for simulation set 1, the service time field is unused in the

traditional service order model. However, it is used in the parameter-based model.

Statistics

Both models combine all of the statistics collection into one module, labeled Final
Statistics—varying file size system, shown in Figure 6.14. This block is a

combination of the Intermediate stats and Statistics blocks from the original
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system. It performs the same four calculations as these two modules; namely, the
departing request’s response time and revenue, the total simulation revenue, and

the total number of requests serviced during the simulation run.

Final statistics -- varying file size system [ 1-Dec-1999 14:15:40 ]
N
508,
DSin - Select initial -
: : e electinitial 1> final revenue >
> > > Select frg‘clﬁ)':”e > calculation >
Insert Departure A?ri?/gl > per-job revenue
time = TNow time calculation
Calculation for
total revenue
1 TNow 1 generated during
To collect the simulation.
response time
stats, place
probe on top
output port.

Figure 6.14: The Final statistics module, simulation set 2

6.3.2 Simulation Parameters

There are two sets of parameters used, one for the traditional model and one
for the parameter-based model. Table 6.3 lists the parameters that are common
to both the traditional and the PB-2 models. For the traditional model, the
following parameters take on the same values as in the first two sets of simulations:
first request arrival time, mean interarrival time, cost factor, server mechanism,

preempt discipline, queue discipline, and stop time. The parameters for the PB-2



169

model that have not changed from the PB-1 model are as follows: first request
arrival time, mean interarrival time, cost factor, maximum queue size, and stop

time.

Table 6.3: List of additional or differing parameters used in the traditional and

PB-2 models for simulation set 2

Parameter Value
HTML mean file size 2kB
Image mean file size 14kB

“Other” mean file size 100kB

P(HTML file) 0.2
P(Image file) 0.7
P(“Other” file) 1 - (P(HTML)+P(image))

Mean file size (combined) P(image)*14kB + P(HTML)*2kB
+ P(other)*100kB

Load 0.01 to 1.0

Per-byte processing rate ~ Mean file size (combined) * A\/p

Both models contain the same probes as the original simulation model. The
probes are in the same locations in the traditional model as they are in the original
model, except that any probes previously placed in the Intermediate stats or
Statistics modules are now found in the Final Statistics... module. Refer to

Table 5.3 for a list of these probes.
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6.3.3 Simulation Results

The simulation results presented here are all for fixed arrival rates at three orders
of magnitude. As in the previous simulation sets, we are interested in the total
revenue as a function of load normalized by the number of requests served as well
as the response time statistics for this system. We vary load by decreasing the

per-byte processing rate of the server.

Figure 6.15 plots the normalized revenue as a function of load for each value
of arrival rate and for each of the service orders. In addition, the revenue at the
mean response time for the M/M/1 system is plotted for each of these cases as a
point of comparison. Note that the simulation models represent an M/G/1 system,
because the service rate is a mixture of exponential distributions, so the M/M/1

calculation is less accurate here.

Once again, the PB-2 plot outperforms the traditional service orders, although
it is very similar to the LIFO-PR plot. The percent difference between the PB-2
and LIFO-PR revenues is always less than 4%. At the highest loads, particularly
under high values of A, there is almost no decay in the total revenue plots for either
PB-2 or LIFO-PR. Again, these two configurations perform remarkably well under

high server loads.
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Total normalized revenue vs. load for various arrival rates

a. lambda=1 b. lambda=5

0.8f 0.8}
(] (]
= =
c c
% 0.6f % 0.6f
® ®
(o)} (o)}
©0.41 ©0.41
g g
© ©
0.2t 02t
0 0 : : : : '
0 0.2 0.4 0.6 0.8 1
load load

c. lambda=10 d. lambda=50

0.8} 0.8}
(] (]
3 3
c c
206/ 206/
o o
j=2) j=2)
S04} S 0.4}
[ [
> >
© ©

o
n

0 0.2 0.4 0.6 0.8 1
load load

0.81
. — PB
2 os ~ LIFO
» - PS
: = FIFO
02 -- calc
. | l
0 0.2 04 0.6 0.8 1

load

Figure 6.15: Total normalized revenue for various arrival rates. (a) A = 1 (b)
A=5(c) A=10 (d) A =50 (e) A =100



172

The calculated plot is a cross between the FIFO and PS plots. Again, the
calculated plot shows a very slight ”tail-off” at the end (at loads of 0.9 and greater)
which is more noticeable at the lower arrival rates. When A = 1, the calculated
plot has a lower revenue than all of the measured data plots. As the arrival rate
increases, the calculated plot goes from resembling the FIFO plot to becoming

nearly identical to the PS plot.

Unlike the previous simulations, the performance of FIFO, in terms of the
percent difference in earned revenue between it and the optimal policy at the
highest load values, does not improve significantly with increasing arrival rate.
The maximum percent difference, at a load of 1.0, between the FIFO and PB-2
revenues is always greater than 90%. The performance of PS, however, in the same
respect, does improve with increasing arrival rate. At all arrival rates, the FIFO

plot decays faster than any of the other plots.

Each of the plots show four divergence points, similar to the previous sets of
simulations. The first divergence point, p;, occurs at the load where the FIFO plot
breaks off from the rest of the plots. The second divergence point, ps, occurs when
the calculated plot breaks off from the remaining plots. At the third divergence
point, p3, the PS plot breaks away from the LIFO-PR and PB-2 plots; while the
fourth divergence point, p4, is where the LIFO-PR and PB-2 plots separate. Table

6.4 lists these divergence points.
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Table 6.4: Divergence points for the normalized revenue plots

Divergence points
P1 P2 P3 P4
0.06 | 0.06 | 0.17 | 0.32
510.1410.21|0.34 | 0.45
10 1 0.20 | 0.34 | 0.42 | 0.53
50 | 0.39 | 0.60 | 0.66 | 0.76
100 | 0.50 | 0.73 | 0.75 | 0.85

P

Next, we examine the response time data collected from the simulations. We
first look at the simulation response time data and compare this to the mean
M/M/1 response time (see the previous sections for an explanation of how this
quantity is obtained). We then do the same for the variance plots. We expect
the M/M/1 plots to underestimate the response time statistics, particularly the
variances, because the simulated systems represent a more highly variable M/G/1

system consisting of a mixture of exponentials.

Figure 6.16 contains the plots of measured mean response time for each simula-
tion as well as the M/M/1 mean response time (labeled “calc” in the figure). The
simulation data show some slight variation from the M/M/1 plot (and from each
other). FIFO always has the highest measured mean response time, particularly
at high loads. As X\ increases, the LIFO-PR response time goes from being closer
to the mean PB-2 response time to being closer to the PS mean response time,

with a slight deviation at A = 10.
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The response time variance plots (calculated and measured) are shown in Fig-
ure 6.17. For A = 1, all of the measured data plots show higher variances than the
M/M/1 plots. For all arrival rates above 1 request/sec, the measured FIFO and PS
variance plots are the same. At arrival rates above 5 requests/sec, fewer differences
are seen in the measured variances. Here, the variances are even larger than in
the previous simulations, particularly at high loads, because now the service time
distribution is a mixture of exponentials. This may explain why the LIFO-PR and
PB-2 plots perform even better (in terms of average revenue generated at high

server loads) for this set of simulations than the previous sets of simulations.

Figure 6.18 shows the plots of the response times calculated from the points
on the expected revenue plots (i.e., w = — In(revenue)). We compare these plots
to the calculated plot of mean response time for an M/M/1 system. Note that
the maximum load used in the theoretical calculations is 0.99 and not 1.0 as used
in the simulations to avoid divide by zero errors. Note also that the plot of the
average response time blows up as the load increases; therefore, the view has been

zoomed in to capture the behavior seen in the simulation data.

The shapes of these plots are similar to the ones from the previous simulation.
There is almost no difference between the PB-2 and LIFO-PR plots. As the arrival

rate increases, the response times drop slightly.
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Response time at expected revenue for various arrival rates
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Minimum service rate required for offered load
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Figure 6.19: Minimum service rate needed to earn 90 percent of the possible
revenue, simulation set 2
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Figure 6.19 shows the plot of minimum service rates needed for the server to
earn 90% of the total possible revenue offered to it as a function of arrival rate.
The service rate values for the PB-2 and LIFO-PR plots at arrival rates above
50 requests per second are extrapolated from the available data, since neither of
these plots ever drop below 0.9. All four plots show linear behavior. The slope for
LIFO-PR remains fairly constant (around 0.78) for all values of A. The slope of
the PS plot increases from 0.95 to 1.05 over the range of A. The slope of the FIFO
plot actually decreases from a high of 1.76 at low values of A to a low of 1.06 at
the higher A values. The slope of the PB-2 plot fluctuates between 0.68 and 0.56,

ending at this low value for the higher values of \.

Again, the PB-2 system has the lowest service rate requirements of the four
configurations. At the highest arrival rates, the capacity of the PB-2 system
is roughly 20% lower than the capacity required by the LIFO-PR system, and

significantly lower than the capacity required by either the PS or FIFO systems.

6.3.4 Concluding Remarks

For this set of simulations, the differences between the performance of the LIFO-PR
algorithm and the parameter-based algorithm are even smaller than in the previous
set of simulations. Taking the expected remaining service time into consideration

when making service decisions, which is basically what the PB-2 policy does,
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improves the server’s performance slightly, at least for this combination of file
types and sizes; although the improvement in capacity to support an arrival stream
that generates 90% of the total possible revenue is about the same here as in the

previous set of simulations.

6.4 Simulation Set 3: The Hybrid System

This section discusses the simulation models for the system with service times
drawn from varying exponential distributions and with incoming requests assigned
varying initial rewards. The optimal policy for this system is the same as the

optimal policy for the system corresponding to simulation set 2.

To implement these models, we again define three unique exponential distribu-
tions with parameters p1, o, and pg, respectively. Incoming requests access each
distribution with some probability p;,¢ € 1,2, 3, such that p; + ps + p3 = 1. The
initial rewards are then assigned based on the requested file type. Thus, the initial

reward can take on one of three values: C, C5, or Cs.

6.4.1 Simulation Model

The simulation models for the traditional and parameter-based systems are shown

in Figures 6.20 and 6.21, respectively. These models are the same as those for
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simulation set 2, with the exception of the web request generator module. This
module is the same in both the traditional system and in the parameter-based

system, which we refer to as PB-3 in this discussion.

Service order--Varying file sizes and initial revenues (traditional) [ 13-Oct-1999 18:22:27 ]

et

DS
Select > > D D D Final statistics
Web rlequest‘ >-> File >E |~ Service DL—‘ > > > -- varying
arrivals--varying size time ) file size
file sizes o Service system
and initial (Basic) Y

revenue

Figure 6.20: The traditional model for the hybrid system

Service order--Varying file sizes and initial revenues [ 13-Oct-1999 18:22:02 |
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Figure 6.21: The PB-3 system model

Request Generator

The request generator module for this system, labeled Web request arrivals—

Varying file sizes and initial revenues, is pictured in Figure 6.22. It is
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very similar to the web request generator from the previous set of simulations.
The main difference is in the mean file size generator module, which is labeled
Initial revenue/mean file size generator and is pictured in Figure 6.23.
This module operates in the same way as its predecessor, but in addition assigns
an initial reward to each request based on the file size distribution chosen. This
initial reward value is placed in the Initial revenue factor field in the data structure.
The web request generator module also calculates the ¢;u; product and places this

value in the Current revenue field in the data structure.

Web request arrivals--varying file sizes and initial revenue [ 3-Nov-1999 15:24:47 ]
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> Filesize
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Figure 6.22: The request generator model for the hybrid system
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Initial revenue / mean file size generator [ 16-Oct-1999 12:08:33 |
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Figure 6.23: The file size and initial revenue generator for the hybrid system

6.4.2 Simulation Parameters

The parameter values for this set of simulations are the same as those for the

previous set of simulations. There are three additional parameters added to both

the PB-3 and the traditional models; these are listed in Table 6.5. The probes are

the same here as in all the other models.

Table 6.5: List of additional or differing parameters used in the hybrid models

“Other” initial revenue

Parameter Value
HTML initial revenue 0.95
Image initial revenue 0.65

0.85
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6.4.3 Simulation Results

The simulation results presented here are all for fixed arrival rates at two orders
of magnitude. In general, all of the plots for this set of simulations are identical
to or similar to the plots from simulation set 2. In particular, the response time
plots are identical in both sets of simulations and will not be repeated here. The
other plots (total normalized revenue and 90% revenue) will be briefly discussed

here.

Figure 6.24 plots the normalized revenue as a function of load for each value
of arrival rate and for each of the service orders. In addition, the revenue at the
mean response time for the M/M/1 system is plotted for each of these cases as a
point of comparison. Again, note that we actually have an M/G/1 system here,

so we expect the M/M/1 plot to underestimate the performance of this system.

These plots are identical to the normalized revenue plots from simulation set
2, scaled by a factor of about 0.73, the weighted mean of the initial rewards. The
divergence points are nearly the same as those in the previous simulation set; in
fact, the FIFO and PS divergence points are all greater by at most 0.1, and the
LIFO-PR divergence points are all greater by 0.3. (Refer to Table 6.4 to obtain
the divergence points from the previous simulation set.) The maximum percent

difference between PB-3 and LIFO-PR is always between two and four percent.
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Total normalized revenue for various arrival rates
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Figure 6.24: Total normalized revenue for various arrival rates. (a) A = 1 (b)
A=5(c) A=10 (d) A =50 (e) A = 100
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Again, we see that the parameter-based policy represents a slight improvement in

performance over the LIFO-PR policy.
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Figure 6.25: Minimum service rate required per arrival rate for the server to earn
90 percent of the possible revenue, hybrid system

Figure 6.25 shows the plot of minimum service rates required for the server to
earn 90% of its possible revenue for this system. Once again, we extrapolate the
data points for LIFO-PR and PB-3 at A = 50 from the available data. All four
plots show linear behavior with an offset of about 9 (10 for the FIFO plot). In
general, the slopes of these lines decrease with increasing arrival rate. Again, we

see that at the highest arrival rates, the capacity required for the PB-3 system is
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about 16% lower than the capacity required for the same system using LIFO-PR

ordering, and much lower than the capacity required for the FIFO and PS systems.

6.4.4 Concluding Remarks

We see few differences between the performance of this system compared to the
performance of a similar system with identical initial rewards. The performance
difference between LIFO-PR and PB-3 is again very small. The important thing
to note is that the performances of both the LIFO-PR and PB-3 policies degrade
very little with increasing load, which is true in all the simulation sets studied so

far.

6.5 Simulation Analysis of Conjecture 4.3.1

We now present simulation results for the case where a processor-sharing (PS)
policy outperforms two non-processor-sharing (NPS) policies, as presented in the
counterexample in the proof of Conjecture 4.3.1. In this system, the mean file sizes
vary among the incoming requests, as in the systems for simulation sets 2 and 3.
In this section, we briefly present the BONeS system model and the simulation

results for a two-job sample path similar to the one presented analytically. For this
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model, we assume an even sharing of processor resources between the two requests

when the PS policy is used.

In the following discussion, the “initial reward” of a job represents either the
revenue decay of a job prior to the time of interest or the initial reward associated
with that request. In the counterexample, we considered a two-job sample path
in which one job arrives before the second job and has not departed before the
second job arrives. Thus, the first job will have some revenue decay associated

with it and the second job may or may not have some initial reward.

Figure 6.26 illustrates the BONeS model for this system. It consists of the tra-
ditional queue/server module, a modified statistics block, and two request genera-
tors. The two request generators artificially create a two-job sample path through-

out the simulation run.

Service order (test) [ 3-Nov-1999 19:38:30 ]
Select >
Create one _ ) -
arrival--varying B> File > Service

h > > >
file sizes size time
and initial Merge > D D D Final statistics
> >—

revenue 5 > -- varying
] . file size
2 I Merge BI— (SBear;:gt)e system (test)

Select >
Create one >—> Ei i >
arrival--varying ’s:,i"z?e DF—‘D tSirtTE]re\llce l; .
file sizes
and initial

revenue

Figure 6.26: The BONeS model of the system in which the PS policy is sometimes
optimal.



189

Figure 6.27 shows the detail of the request generator block. Note that many of
the features are similar to the request generator blocks in simulation sets 2 and 3.
The main difference is the uniform pulse generator; again, this is used to artificially
create the two-job sample paths. The mean file sizes and initial rewards/revenue

decays associated with each of the jobs are set at simulation run time.

Create one arrival--varying file sizes and initial revenue [ 3-Nov-1999 19:44:08 |

Uniform
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Train

o] o PR sy e | b P | o P
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D (bylzs) ime = Thow faclorA reveAnue Welb request

A
5 Simple

Initial revenue  »IC
o /meanfile

size generator >
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5 Create >
web request

< Round <

Figure 6.27: The request generator block for the system in which the PS policy is
sometimes optimal.

The statistics module is pictured in Figure 6.28. Again, much of this block is
similar to the Final statistics... modules in the models for simulation sets 2
and 3. The main difference is the additional accumulator block located just before
the final accumulator block. This additional accumulator module calculates the
total revenues earned over each two-job sample path. These revenues are then
averaged throughout the simulation run to obtain the values that correspond to

the equations derived in the counterexample.
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Final statistics -- varying file size system (test) [ 3-Nov-1999 19:48:08 |
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Figure 6.28: The statistics block for the system in which the PS policy is sometimes
optimal.

Table 6.6 lists the parameter values for this simulation, and Table 6.7 lists
the probes used in this simulation. All of the probes are located in the Final
statistics... module. In this set of simulations, we explicitly set the values of
the two mean file sizes and the initial revenue of request two. The simulation

parameter is the initial revenue of request one.

Figure 6.29 shows the expected revenues per sample path for each of the three
policies: NPS1, NPS2, and PS. The revenues are plotted as a function of ¢y, the
revenue decay of request one. In this simulation, the processor evenly splits its
resources between the two requests in the PS policy. We can see that, at least for
values of ¢; below 0.55, the PS policy is never strictly better than both of the NPS
policies. The PS policy performs better than both of the NPS policies at values

of ¢; above 0.782.
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Table 6.6: Simulation parameters assigned at run time, PS simulation

Parameter

Value

First request arrival time

Mean interarrival time

Per-byte processing rate
Cost factor
Mean file size 1

Mean file size 2

initial revenue 1

Initial revenue 2

Server mechanism

Preempt discipline

Queue discipline

TSTOP

0.0

100; set so that the interarrival time is

much greater than the service times

of the two jobs (to force the two-job sample paths)
20000 bytes per second

1.0

Mean file size for request 1; set to 2kB

Mean file size for request 2; set to 1kB

The initial reward or revenue decay for request 1;
varied between 0.1 and 1

The initial reward for request 2; set to 0.5

Dedicated Server for NPS policies;
Processor sharing for PS policy

Don’t Preempt for NPS policies;
Allow Preemption for PS policy

FIFO or LIFO-PR; PS uses FIFO ordering.

Simulation end time; set to 10,000.
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Table 6.7: Data probes for the PS simulation

Probe Measures
Mean total (two-job) revenue Calculates the mean revenue
per sample path

Total revenue Calculates the total revenue
collected from all departing
requests

Figure 6.30 shows the same plot zoomed in to part of the area where PS
performs better than both of the NPS policies. The line styles have been changed
in this plot so that the differences are more noticeable. Notice that even though
the PS policy clearly has a higher expected revenue in this region, the difference

between this revenue and the revenue of the closest NPS policy is very small.

It is interesting to note that we have so far been unable to duplicate these
results for sample paths that contain more than two requests, when arrivals form
a Poisson process. We speculate that the periods where PS performs better than
an NPS policy occur less frequently than periods where an NPS policy produces
a higher revenue; thus, over a long time period, the effects of these PS policies on

the total revenue lessens.
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Figure 6.29: The expected revenue per sample path for the NPS1, NPS2, and PS
policies.
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Expected sample path revenue for PS simulation
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Figure 6.30: The expected revenue per sample path for the NPS1, NPS2, and
PS policies,
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Chapter 7

SERVER DIMENSIONING

In this chapter, we discuss issues related to server dimensioning. The previous two
chapters presented simulations for systems with one processor at various arrival
rates and service rates. This chapter explores situations in which either the speed
of the processor or the number of processors is varied. The goal is to determine
the optimal operating points of the server for specific arrival rates and specific
performance levels, where the performance levels are denoted as a percentage of

the total revenue earned.

For each configuration studied, we present both a revenue analysis and a cost
analysis. The revenue analysis compares the expected revenue per unit time earned
by the server at various arrival rates for each configuration. The cost analysis

determines which of these configurations represent the best tradeoff of cost and

195
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performance. Here, we define “cost” as the cost of the processor(s) used in each

configuration.

In the first section, we analyze the effects of increasing the speed of the server’s
processor. In the second section, we vary the number of processors while keeping
the service rate of each processor constant. Finally, we compare two configurations
for two separate systems, where each configuration in a system has the same overall
service rate. One configuration contains two processors, each at half the speed of
the overall service rate; the other configuration contains one processor at the full
service rate. The two systems represent two different overall service rates. In each
of these scenarios, the simulations are iterated over the offered load by varying the

arrival rate.

7.1 System Model

The model used in this chapter is the same as the simulation model presented
in Chapter 5. Arrivals are Poisson with rate A, service times are exponentially
distributed with parameter p, and all incoming requests are assigned the same

initial reward.

For the dimensioning simulations, we only consider the optimal service policy

for this system, preemptive-resume last-in, first-out (LIFO-PR). The parameters
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and probes are identical to those presented in Chapter 5, except for the cost factor

—4w
, decays

parameter, which is set to 4.0. The corresponding revenue function, e
more quickly than the original revenue function. By increasing the decay rate of

the revenue function, we attempt to reduce the performance of the system, so that

the gains due to dimensioning are more noticeable.

7.2 Varying the Speed of the Processor

Figure 7.1 plots the unnormalized total revenue as a function of arrival rate for
various values of service rate. The service rate is fixed at three values ranging from

100 requests per second to 400 requests per second.

For all three service rates, the plot is linear when the arrival rate is much less
than the service rate. When the arrival rate is about half of the service rate, the
increase in revenue begins to slow down, with a slight levelling off of the curve

when the arrival rate is nearly equal to the service rate.

To explain the shapes of these plots, we look at the behavior of a typical M/M/1
system. Recall that the response time, or the total time a request spends waiting
and in service, is given by the equation w = 1/(u(1 — p)). At low loads, the
response time is on average the service time, or 1/pu. Since the service rate is held

constant over the entire simulation run, as long as the response time is dominated
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Figure 7.1: Total unnormalized revenue as a function of arrival rate for various

processor speeds
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by the 1/p term we will see linear growth of the revenue because the number of
jobs serviced increases linearly with the arrival rate in this range. As the load
increases, the queue size increases, and now the response time depends on both
the mean service time and the number in queue, which is a function of the load.
In terms of the response time equation, the p and (1 — p) values both influence

the response time at high loads, and cause the plot to deviate from linear.

Figure 7.2 shows the same data plotted against the load presented to the server,
normalized by the processor speed. Here, we see the same basic plot shape as in
Figure 7.1. The difference is that now all three plots are on the same scale. Again,
at very low loads the three plots are linear or nearly linear. As the load increases
towards one, the increase in revenue slows and then levels off. The point at which
this slowing of revenue increase occurs is related to the speed of the processor
in the configuration. For example, the configuration with the slowest processor
(100 requests per second) has the lowest slowdown point, at a load of 0.2. The
configuration with the next slowest processor (200 requests per second) remains
linear until the load hits 0.4; the system with the fastest processor (400 requests

per second) continues to increase linearly until the load reaches 0.6.

The above plot demonstrates the regions over which it is beneficial to use a
higher-speed processor, in terms of the revenue generated per unit of processing

speed. At low loads, there is not much difference in the revenue generated per
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Figure 7.2: Total revenue as a function of load for various processor speeds, nor-
malized by the processor speed
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unit of processor speed among the three processors. As the offered load increases
towards one, we see that the highest-speed processor offers the highest revenue
per unit of processing speed of the three processors. This could mean that the
higher-speed processor maintains a higher level of revenue growth over a longer

portion of the offered load than the lower-speed processors.

7.3 Cost Analysis for the Processor Speed Sim-

ulations

In this section we present a simple cost analysis related to the processor speed sim-
ulations discussed in the previous section. In order to compare processor speeds,
we use CPU speed benchmarks. We assign benchmark values to each of the proces-
sors in the simulation. We then match the benchmark values to actual processors
and determine the price of each processor. Finally, we calculate the cost per second
by spreading out the cost of the processor over its lifetime, and compare this to

the revenue per second earned by the server in each simulation.

The benchmark values used are SPECint95 ratings, which are standard bench-
mark values from the Standard Performance Evaluation Corporation [57], an in-

dependent benchmark organization. SPECint gives a relative rating of the perfor-
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mance (speed) of a CPU in performing integer-intensive calculations.! The value
expresses the ratio of the completion time of the series of tasks in the benchmark
test on a reference machine (a Sun SPARCstation 10/40) to the completion time of
the same tasks on the test machine. The benchmark value is the geometric mean

of the scores from each of the eight programs that comprise the benchmark test.

We use the SPECint benchmark scores to determine the relative number of
web requests that different CPUs can handle per second. The benchmark value
tells us approximately how much faster one processor is than another in servicing
one web request; from this measure, we extrapolate to calculate how many more
requests per second can be serviced when using a certain processor than by using a
different processor. For this analysis, we consider the Pentium family of processors

manufactured by Intel.

Figure 7.3 illustrates the relation between price and performance for Intel
processors.? The plot contains two data sets, one for the Pentium processor family
and one corresponding to the Xeon processor family. The Xeon is the “high-end”
version of the Pentium processor, manufactured for use specifically in servers.

While there is a considerable price discrepancy between the Pentium II and III

IThis type of calculation is a good approximation of the tasks a CPU performs in processing
web requests.

2The reason for the unusual shape of the plots, which we expect to be more linear, is that
we were unable to locate a comprehensive list of Intel CPU price data. We therefore looked at
a sample of low and high prices for one week in October [58] and took the average of the two
prices.
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processors and the Xeon versions of these same processors, the plot shows that the
performance difference between these types, with respect to the SPECint scores,
is small. Table 7.3 lists the processors that correspond to the benchmark values

from Figure 7.3.

CPU price vs. SPECint rating, Intel processors
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Figure 7.3: Relation between price and processor speed for several Intel processors.

We have enough cost data to almost quadruple the processor speed. We thus
assign the processor with a benchmark of 6.37 to the processor in the simulation
that processes an average of 100 requests per second. If we double the processor

speed from 100 requests per second to 200 requests per second, or from a SPECint
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Table 7.1: List of SPECint benchmark values and the processors to which they

correspond

SPECint rating

Processor

6.37
7.02
7.11
12.9
14.0
14.9
16.3
16.9
18.5
18.7
19.7
20.6
21.7
22.3
23.6
24.0

Pentium 200 MHz MMX
Pentium 233 MHz MMX
Pentium Pro 166 MHz
Pentium IT 300 MHz
Pentium II 333 MHz
Pentium II 350 MHz
Pentium IT 400 MHz Xeon
Pentium IT 400 MHz
Pentium IT 450 MHz
Pentium III 450 MHz
Pentium II 450 MHz Xeon
Pentium III 500 MHz
Pentium III 500 MHz Xeon
Pentium III 550 MHz
Pentium III 550 MHz Xeon
Pentium III 600 MHz
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rating of 6.37 to a SPECint rating of 12.9, the price increases by 300%, from 0.06
to 0.24. Doubling the speed again (roughly) from 200 requests per second to 400
requests per second, or from a SPECint rating of 12.9 to a SPECint rating of
24, results in a price increase of 167%, from 0.24 to 0.64. Note that none of the
processor speed changes here ever require the use of one of the more expensive
Xeon processors. The upgrade from 6.37 to 12.9 means upgrading from a Pentium
200 MHZ to a Pentium II 300 MHz; the processor associated with the 24 rating is

a Pentium IIT 600 MHz.

Figure 7.4 plots the net revenues for the three processor speeds, where net
revenue is the total revenue per second minus the cost per second? of the processor.
The total revenue per second is normalized so that it is roughly the same magnitude

as the cost per second of the processors.

When there are overlaps in arrival rates among the plots, the lower-speed pro-
cessor generates a higher net revenue than the higher-speed processor. For exam-
ple, when the arrival rate is between zero and 100 requests per second, the 100
requests per second processor generates the highest net revenue of the three pro-
cessors. When the arrival rate is between 100 and 200 requests per second, the 200

requests per second processor generates a higher net revenue than the 400 requests

3The cost per second is calculated as the cost of the processor divided by the lifetime of the
processor. In this analysis, we assume the processor has a lifetime of about one year. During its
lifetime, we assume that the processor operates at peak load for four hours out of the day; thus,
the processor’s lifetime in seconds is 365 x 4 x 3600.
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Figure 7.4: The net revenue for three Intel Pentium processors: one that can serve
100 web requests per second, one that can serve 200 web requests per second, and
one that can serve 400 web requests per second.
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per second processor. This is the opposite of what Figure 7.2 illustrates. The plot
tells us, almost counterintuitively, that it is always beneficial from a net revenue
standpoint to go with a slower processor wherever possible. In fact, we see that
at very low arrival rates (below 25 requests per second for the 200 requests per
second processor and below 60 requests per second for the 400 requests per second
processor), the net revenue is actually negative! These arrival rates for these pro-
cessors represent low offered loads. Thus, if it is known that the server will always
operate at a low offered load, it is more beneficial from a cost standpoint to use a

slower processor.

The reason for this apparent discrepancy is the non-uniform increase in price
as processor speed increases. As described in the previous section, doubling the
processor speed always results in an increase in cost that is more than double (up

to four times as much as) the cost of the previous CPU.

7.3.1 Limitations of the Benchmark Analysis

A few notes related to the above analysis deserve mention here. First, it is impor-
tant to remember that processor speed is only one factor relating to web server
performance. Of equal, if not greater, importance is the amount and type of mem-
ory in the web server. Proper allocation of memory (specifically, static RAM, also

referred to as “cache”) limits the amount of paging required by the server to serve
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a particular set of documents. Paging refers to swapping documents in and out
of memory. Ideally, a web server should have enough cache to store all of the
documents it serves so that it never has to do disk accesses, which can greatly

slow down its performance, while servicing web requests.

For this analysis, we ignore the memory constraints and assume that we have
enough memory to serve all web documents out of the cache. We also ignore the
networking components associated with transmitting the documents over TCP /IP;
this is beyond the scope of our analysis, since it was not addressed in either the

analytical analysis or simulation analysis of the web server.

7.4 Varying the Number of Processors

In this section, we present simulation data for a system in which the number of
processors is varied between one and eight. The speed of each processor is fixed
at 200 requests per second. In each simulation, the load is varied between 0.1 and

1.0 by varying the arrival rate.

Figure 7.5 illustrates the total revenue per simulation as a function of the arrival
rate for one, two, four, and eight processors. In these plots, we see behavior that
is similar to the varying speed simulation data plots. For low values of arrival

rate, all four plots increase linearly at the same rate. For each set of data, as the
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arrival rate approaches the service rate (defined as the number of processors times
the speed per processor), the increase in revenue slows. For each of these plots,
the point at which the revenue increase slows corresponds to an offered load of

approximately 0.6.

x 10° Total normalized revenue vs. arrival rate for varying number of processors
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Figure 7.5: Total revenue for the varying number of processors simulations

Figure 7.6 shows the same data plotted as a function of offered load, normalized
by the overall processor speed of each configuration. Again, we see that at low
offered loads, each data set shows linear growth, with a slowing of the increase in

revenue as the offered load approaches one. For the one-processor configuration,
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this slowdown occurs at a load of 0.5; the same slowdown occurs at a load of 0.7
for the two-processor configuration and 0.9 for the four-processor configuration.
Note however that there is little difference in the revenues, particularly between

the four- and eight-processor data sets.

Total revenue vs. load for varying number of processors, normalized by the service rate
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Figure 7.6: Total normalized revenue for the varying number of processors simu-
lations

This normalized revenue plot is similar to the normalized revenue plot from the
varying processor speed simulations. At low loads, there is not much difference
in the revenue per unit of processing speed among the four configurations. As

the offered load increases towards one, the configurations containing more proces-
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sors generate more revenue per unit of processing speed than the configurations
with fewer processors. The server configuration with more processors maintains a
higher level of revenue growth over a longer portion of the offered load than server
configurations with fewer processors. This is comparable to the behavior seen in
the varying processor speed simulations, because in essence we are increasing the

overall processor speed of the system as we increase the number of processors.

Mean per-request revenue vs. load for varying number of processors
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Figure 7.7: Total revenue for the varying number of processors simulations, nor-
malized by the number of requests serviced.

Figure 7.7 shows the total revenue plot as a function of offered load, normalized

this time by the number of requests processed during each simulation run. There
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is a noticeable difference between the one-processor data and the multiprocessor
data in these plots. For instance, the maximum value reached by the one-processor
configuration is slightly less than the maximum value reached by the multiprocessor
configurations. The one-processor plot also decays right away, whereas the other
three plots show a period of slight or no decay before they begin to drop off. The
multiprocessor plots are identical over a portion of the range of the load; as the
load increases, the plots one by one begin to diverge from each other. The plots hit
minimum values of 0.87, 0.89, 0.92, and 0.93, respectively. Even under extremely
high loads and using a revenue function that decays very quickly, we see that all
of the configurations tested here hold up well in terms of the percentage of total

revenue earned.

7.5 Cost Analysis for the Varying Number of

Processors Simulations

We now present a cost analysis corresponding to the varying number of processors
simulations. Since we have assumed a per-processor rate of 200 requests/sec, we

use the Pentium II 300 MHz processor in the following analysis.

Figure 7.8 plots the net revenue associated with the varying number of pro-

cessor simulations as a function of arrival rate. Figure 7.9 shows the same data,
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zoomed in to show the detail of the one- and two-processor configurations.
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Figure 7.8: The net revenue versus arrival rate for a varying number of Intel
Processors.

The behavior of these plots is slightly different from the varying processor speed
net revenue plots. Again, we see parallel linear growth among the four data sets
over a portion of the arrival rate range. At some point on each plot, the increase

in revenue begins to slow and eventually “flatten” out.

At low offered loads, the configurations containing fewer processors generate
higher net revenues than the configurations with more processors. As the num-

ber of processors increases, the net revenue decreases; at the lowest offered loads
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Figure 7.9: The net revenue versus arrival rate for a varying number of Intel
processors, zoomed in to show the one- and two-processor plot data in more detail.
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(corresponding to arrival rates between zero and 150 requests per second), the
net revenue is highest for the one-processor configuration and lowest for the eight-
processor configuration. We also see that at very low offered loads, the net revenues

of the four- and eight-processor configurations are negative.

As the offered load increases towards one for each configuration, we see some in-
teresting behavior that was not present in the varying processor speed simulations.
At some high value of offered load, the plots actually cross, and the configuration
with fewer processors now has a lower net revenue than the configuration with
the next greatest number of processors. For instance, the two-processor config-
uration generates a higher net revenue than the one-processor configuration for
arrival rates between 170 and 200 requests per second. In fact, when the offered
load for the one-processor system is one (at an arrival rate of 200 requests per
second), its net revenue is only very slightly higher than that of the four-processor
system! Similarly, the four-processor configuration generates a higher net revenue
than the two-processor configuration for arrival rates between 365 and 400 requests
per second, and the eight-processor plot generates a higher net revenue than the

four-processor plot for arrival rates between 770 and 800 requests per second.

The main difference between this plot and the net revenue plot from the varying
processor speed simulation set lies in the cost of the processors for each configu-

ration. In the previous system, we doubled the processor speed by changing the
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processor. The resulting increase in the price of the new processor was always
more than double the original price. Here, we alter the overall processor speed by
adding identical processors to the system; thus, the cost varies directly with the
increase in speed. That is, doubling the overall speed results in a cost that is twice

that of the original system.

7.6 Combination Simulations

This section presents the results from two sets of simulations. Both sets compare
a one-processor configuration to a two-processor configuration. The processor in
the one-processor configuration is twice the speed of each of the processors in the
two-processor configuration, but the overall processor speed in each configuration
is the same. The configurations in the first set of data consist of a processor with a
service rate of 200 requests per second compared against two processors each with
a service rate of 100 requests per second. The second set compares a one-processor
configuration with a service rate of 400 requests per second against a two-processor
configuration where each processor has a service rate of 200 requests per second.
The simulations are iterated over various arrival rates representing offered loads

between 0.1 and 1.0.
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Figure 7.10 shows the total unnormalized revenue plotted against arrival rate
for all four configurations. Note that the one-processor configuration in each of
the simulation sets generates a slightly higher revenue than the corresponding

two-processor configuration. The reasons for this will be explained shortly.
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Figure 7.10: Total revenue for the one- and two-processor systems for the combi-
nation simulations

The four plots are identical for arrival rates between 20 and 90 requests per
second. Above 90 requests per second, the plots begin to separate, with the plots
corresponding to the system with an overall speed of 200 requests per second

starting to slow in terms of the increase in revenue. At an arrival rate of about
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140 requests per second, the difference in revenue between the one-processor and
two-processor plot for the slower system becomes more pronounced; this difference
is greatest at an arrival rate of 200 requests per second. We see similar behavior in
the higher speed system; the plots start to separate when the arrival rate reaches

about 340 requests per second.
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Figure 7.11: Mean per-request revenue for the combination simulation

To explain why the one-processor systems generate a slightly higher revenue
than the two-processor configurations, we look at the per-request revenue, which

again is identical to the total revenue normalized by the number of requests pro-
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cessed during each simulation. Figure 7.11 illustrates the average per-request rev-
enue as a function of the offered load. The revenue is higher for the one-processor
system than for the two-processor system in each case, even though the overall
shape of the two plots is identical. The difference between the two systems is

never more than 0.017 for the first set and not more than 0.009 for the second set.

The reason for the discrepancy between the one- and two-processor plots can
be described in traditional queueing theory terms. We are essentially comparing
an M/M/1 system to an M/M /2 system, where both systems have the same arrival
rate and same overall processing rate. The one-processor system has a smaller total
delay on average than the two-processor system (although it does have a larger
average waiting time). The reason for this is that the M/M/1 system arrives at
the null state faster than the M/M/2 system does. The Markov chains associated
with each system have identical transitions for all states where there are at least
two jobs in the system. The two chains differ in the transition from state 1 (one
job in the system) to state 0 (no jobs in the system). In the M/M/1 Markov chain,
the transition from state 1 to state 0 occurs at rate 2u. By contrast, when the
M/M/2 Markov chain is in state 1, the transition down to state 0 occurs at rate
i1, because only one of the servers can process the one request. Thus, on average,
the M/M/1 system will spend less time in state 1 and more time in state 0 than

the M/M/2 system.
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From the normalized revenue plots, we see that both of the plots associated
with the higher overall service rate are greater over all values of the load than those
for the system with the lower overall service rate. Again, this can be explained
using the Markov chain illustration. At low loads, the average response time is
approximately equal to the average service time, because jobs are more likely to
arrive at an empty system. For the M/M/1 system, the average service time
when one job is in the system is 1/2u; for the M/M/2 system, the average service
time when one job is in the system is 1/u. We expect then the order (from least
revenue to most revenue) of the four simulations to be as follows: M/M/2, u = 200;
M/M/1, p = 200; M/M/2, p = 400; M/M/1, p = 400. This is in fact the order

that is seen in the plots.

To further illustrate this point, figure 7.12 plots the measured mean response
time for the two sets, zoomed in to the range [0,0.1]. There is a slight difference in
mean response times between the two systems, and in fact the one-processor system
does have a slightly lower mean response time than the two-processor system in

both cases.

Figure 7.13 shows the total revenue, normalized by the total service rate of
each configuration, plotted as a function of load. Again, the one-processor plots
outperform their two-processor counterparts slightly. At low offered loads, the

differences in revenue per unit of processor speed for each of the plots is negligible.
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Mean response time, varying number of processors at same overall server speed
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Figure 7.12: The mean and variance of the response time for the one- and two-
processor systems
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As the load increases towards one, the plots begin to separate from each other,
and we find that both configurations in the faster system generate higher revenues
per unit of processor speed than the slower system configurations. The one- and
two-processor configurations do not show significant differences until the offered
load is very high (0.8 for the slower system and 0.9 for the faster system). This
behavior is similar to that seen in Figures 7.2 and 7.6, in that increasing the service
rate of the system results in a higher revenue per unit of processing speed that

continues over a larger range of the offered load.

Total revenue vs. load for combination simulations, normalized by processor speed

9000 - ~
4
P
P
8000 - A
s
V4
V
Vi
7000 - %
V
V
VY
6000 -
Z

g Y
5000 Y
3 y
o

4000 - —_— 1 @200

—k— 2 @100
- == 1 @400

3000 —t 2 @200

2000 -

1000 | | | | | | | | |

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Load
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7.7 Cost Analysis—Combination Simulations

In this section, we explore the cost/revenue tradeoffs of the two systems presented
in the previous section. We use the same three processors as in the cost analysis
of the varying processor speed simulations: the Pentium 200 MHz, the Pentium II

300 MHz, and the Pentium III 600 MHz.
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Figure 7.14: Net revenue plots associated with the combination simulations.

Figure 7.14 illustrates the net revenue as a function of arrival rate for each
of the four configurations. Here, the two-processor plots actually outperform the

one-processor plots for each individual system. The reason for this is that the
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slower processor is often less than half the price of the faster processor; therefore,
doubling the cost of the lower processor yields a cost that is still less than the
faster processor. As expected, the shapes of these plots resemble the shapes of the

total revenue plots in Figure 7.10.

Again, similar to the varying speed net revenue plots, for the higher-speed
system at the lowest arrival rates, the net revenue is actually negative. Therefore,
we conclude that it is not beneficial to use a faster processor or set of processors
for a system that does not generate a lot of traffic. The net revenue for the
two-processor configuration for the higher-speed system does become positive at a
lower arrival rate than the one-processor configuration (at 48 requests per second

compared to 61 requests per second).

In the range of arrival rates between 20 and 200 requests per second, the slower
system with two processors yields the highest net revenue, followed by the slower
system with one processor, followed by the faster system with two processors,
followed by the faster system with one processor. Note that there is very little
difference (about one percent) in net revenue between the slower system with one
processor and the faster system with two processors when the arrival rate is 200
requests per second; this is due to the slowing of the increase in revenue of the
lower-speed system plots. Between 200 and 400 requests per second, the two plots

corresponding to the higher-speed system look identical to the total revenue plots.
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For these two systems, then, it is more cost-effective to use two processors at
a lower speed than to use one faster processor. The gains in revenue from using
one processor are lost here because the processor costs are not proportional to
the increases in processor speed. The degree to which the net revenue for the
two-processor system is higher than that of the one-processor system is dependent
on the increase in cost between the slower and faster processor. In this set of
data, the faster processor is between 2.67 and four times more expensive than the
half-speed processor. If we had chosen processors whose costs were more in line
with the comparative speeds of the processors, the behavior seen in Figure 7.14

would not be as pronounced.



Chapter 8

CONCLUSIONS

In this chapter, we summarize the key points of this doctoral dissertation research,
and point out areas which remain unresolved and/or are left for future researchers

to complete.

Chapter 1 framed the goals of this research as a two-part problem. The first
part involved the triple characterization of a web session from the user’s per-
spective, the web server’s perspective, and the browser’s (client’s) perspective.
The second part of the problem involved identifying methods, through queueing
analysis, of improving web server performance, and verifying these findings via
simulation. The overall objective of this two-sided approach was to increase our
understanding of how the World Wide Web works and the possible implications

on Internet traffic as a whole.

226
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In Chapter 2, we described the problem of web characterization. We illustrated
a typical web session, where HTTP/1.1 is used by the browser and the server, via
a state diagram, where each state corresponds to a portion of the web session.
We developed three separate diagrams, one each corresponding to the user, web
browser (client), and web server. Transitions from one state to another occur
within the individual state diagrams and also between state diagrams, and are
either event-driven (meaning that the transition is caused by a particular action) or
timer-driven (meaning that the transition occurs after some time interval regardless
of the actions of any of the entities). We identified the transitions and their types
for all three state diagrams, and we also identified the times associated with each
state. We then defined the time spent in each state and gave general descriptions
of the distributions of those times. The chapter concluded with a pseudocode
description of the state diagrams, which can be used to construct a computer

model of a web session for simulation purposes.

In Chapter 3, we derived an optimal policy for a web server. The web ser-
ver under consideration contains files with sizes drawn from a single exponential
distribution. The performance of the web server is defined in terms of a revenue
function, an exponentially decreasing function of response time. Each user pays
an amount of revenue relative to the response time it experiences at a server. The
objective of the server is to maximize the amount of revenue it collects on aver-

age per unit time. We determined that, in such a case, the optimal policy serves
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incoming requests in preemptive last-in, first-out order. Chapter 5 verified these
analytical results via a simulation model, implemented in BONeS. The simula-
tion results confirmed the superiority of the LIFO-PR algorithm as compared to
two traditional service orderings, FIFO and PS. In some cases, the performance

improved by several orders of magnitude, particularly under high server loads.

In Chapter 4, we extended the optimal policy analysis from Chapter 3 to in-
clude two permutations of the original system. In the first permutation, the initial
reward varies among the incoming requests, meaning that different users have dif-
ferent service expectations. We find in this case that the optimal policy chooses
to serve the incoming requests in order of decreasing potential revenue, where po-
tential revenue is defined as the product of initial reward and the decay in the
revenue function so far. This policy is similar to the last-in, first-out policy, but
additionally takes the potential payoff of each request under consideration. In the
second permutation, the file sizes are drawn from several exponential distributions,
each with a different mean. This system mimics the case where different types of
content reside on the same server and are best described by separate distributions
rather than a single distribution. We found that if we exclude processor-sharing
policies from the space of policies under consideration, the optimal policy chooses
to serve the incoming requests in order of decreasing rate of revenue, where revenue

rate is defined as the ratio of expected payoff to expected service time. However,
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we presented an example in which a processor-sharing policy outperforms the op-
timal policy just derived. Chapter 6 verified these analytical results via BONeS
simulations, similarly to Chapter 5. The optimal policies, which we refer to as
parameter-based policies since the service decision depends on the state of the
system, outperformed the FIFO and PS policies by up to several orders of mag-
nitude and presented a slight improvement over the LIFO-PR policy. Again, the
differences are most pronounced at high server load. We also showed in Chapter
6 that in cases where the PS policy outperforms other policies, the improvement

in performance is very small and not sustained over large sample paths.

In Chapter 7, we extended the server analysis to include alternate server config-
urations: servers with multiple processors and servers with faster processors. The
simulation analysis presented in this chapter assumes a more aggressive measure
of performance, in the form of a revenue function that decays much faster than the
revenue function used in the previous chapters. We determined tradeoffs in the
cost of each configuration as compared to the revenue generated per configuration,

and commented on the validity of each configuration.

Several questions remain unanswered in this thesis. We leave these problems
for future researchers to address. The key unanswered questions are described

briefly below.
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First, we have not specified the exact values and/or distributions of the times
identified in the web session state diagrams in Chapter 2. The nature of this work

is more suited to a Master’s level project, and is left as such.

Second, we have not explicitly identified the circumstances under which
processor-sharing policies outperform non-processor sharing policies when the
mean file sizes are variable. We believe that in these cases, the revenue func-
tion is influenced by a second-order or higher term that did not affect the revenue
function previously. However, attempts to quantify this behavior quickly grew
beyond the scope of this thesis. Thus, we leave this problem for future researchers

to resolve.

Finally, we have not explored alternate models for the revenue function and
file size distributions. In particular, it may be instructive to apply file size models
similar to those described by other researchers (i.e., the heavy-tailed distribution),
or to explore file size distributions in which the server knows or can deduce the

file size of an incoming request.
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Format: diagramState

User
diagram

Client
diagram

Server
diagram

Table A.1: State names

STATE NAME DESCRIPTION

uClosed
uOpen
uConnect
uLoad
uStop
uView
uDisconnect
uCloseApp

cldle
cSetupl
cSetup?2
cRequest
cWaitl
cReceive
cParse
cWait2
cTerminate

sldle
sSetup
sWait
sProcess
sResponse
sTerminate

Closed

Open browser

Connect to server

Page loading

Stop (abort prematurely)
View page

Close connection

Close application

Idle

Setup TCP connection at client

Setup TCP connection with server
Request file

Wait for response from server

Receive response from server

Parse response/file from server

Wait for user action

Terminate TCP connection with server

Idle

Setup TCP connection with client
Wait for message from client

Process request from client

Send response to client

Terminate TCP connection with client
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Format:

From
user
states

From
client
states

From
server
states
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Table A.2: Event names

event.origin_state.destination_state

EVENT
TCPConnect.uConnect.cldle
getPage.ul.oad.cRequest
abort.uStop.cWait1
abort.uStop.cReceive
abort.uStop.cParse
getNextPage.uView.cWait2

newServer.uView.cWait2

endSession.uView.cWait2

TCPConnect.cSetupl.sldle
TCPEstablished.cSetup2.uConnect

getFile.cRequest.sWait
pageDone.cParse.ul.oad

TCPDisconnected.cTerminate.
uDisconnect
TCPDisconnected.cTerminate.uStop

TCPDisconnect.cTerminate.sWait

TCPEstablished.sSetup.cSetup?2

startSend.sSend.cWait1

doneSend.sSend.cReceive

TCPDisconnect.sTerminate.cWait2

TCPDisconnected.sTerminate.
cTerminate

DESCRIPTION

Open TCP connection to server

Retrieve web page or document

Abort file transfer

Abort file transfer

Abort file transfer

Get next document from same
server as the previous
document retrieval

Get document from different
server

Session is over; close any open

TCP connection(s) to server

Open TCP connection

TCP connection to server
established

Get next file in web page

All files in web page have
been retrieved

TCP connection to server
closed

TCP connection closed due to
aborted file transfer

Close TCP connection

TCP connection established
Begin file transfer

End of file transfer

Close TCP connection

TCP connection closed
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Table A.3: Timer names

Format: time.state

User
diagram

Client
diagram

Server
diagram

TIMER
intersession.uClosed
initialize.uOpen

timeout.uLoad
think.uView
closeApp.uCloseApp

setup.cSetupl

sendRequest.cRequest
parse.cParse

timeout.cWait1
TCPEstablish.sSetup

timeout.sWait
process.sProcess

sendResponse.sResponse

terminate TCP.sTerminate

DESCRIPTION

Time between web sessions

Time required to initialize browser
software

User’s “patience” timer

User “think time”

Time required to close browser
software

Time required to set up client half
of a TCP connection

Time required to send a file request

Time required to parse a server
response

Client’s “patience” timer

Time required to set up server half
of a TCP connection
Server timeout for idle connection
Time required to process a file request
Time required to send a file or error
message
Time required to tear down the server
half of a TCP connection



Table A.4: Pseudocode description of the user state diagram actions

STATE
uClosed:

uOpen:

uConnect:

uLoad:

uStop:

uView:

uClose:

uCloseApp:

ACTION
wait
goto
wait
goto
send
wait
goto
send
wait
goto

wait
goto
send

send

send
wait
goto

goto
wait
send
goto

send
goto

send
goto
wait
goto
wait
goto

EVENT/TIMER/NEXT STATE
intersession.uClosed

uOpen

initialize.uOpen

uConnect
TCPConnect.uConnect.cldle
TCPEstablished.cSetup2.uConnect
uLoad

getPage.uL.oad.cRequest
timeout.uLoad

uStop

OR

pageDone.cParse.uL.oad

uView

abort.uStop.cWait1

OR

abort.uStop.cReceive

OR

abort.uStop.cParse
TCPDisconnected.cTerminate.uStop
uView

OR

uConnect

think.uView
endSession.uView.cWait2

uClose

OR

newPage.uView.cWait2

uLoad

OR

newServer.uView.cWait2

uConnect
TCPDisconnected.cTerminate.uClose
uCloseApp

closeApp.uCloseApp

uClosed
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Table A.5: Pseudocode description of the client state diagram actions

STATE
cldle:

cSetupl:

cSetup2:

cRequest:

cWait1:

cReceive:

cParse:

ACTION
wait
goto
wait
send
goto
wait
send
goto
wait
send
wait
goto
wait
goto

wait
goto

wait
goto
wait
goto

wait
goto

goto
wait
goto

wait
goto

wait
send
goto

EVENT/TIMER/NEXT STATE
TCPConnect.uConnect.cldle
cSetupl
setup.cSetupl
TCPConnect.cSetupl.sSetup
cSetup?2
TCPEstablished.sSetup.cSetup2
TCPEstablished.cSetup2.uConnect
cRequest
getPage.uL.oad.cRequest
getFile.cRequest.sWait
sendRequest.cRequest
cWait1l
abort.uStop.cWait1
cTerminate
OR
startSend.sSend.cWait1
cReceive
OR
timeout.cWait1
cSetupl
abort.uStop.cResponse
cTerminate
OR
endSend.sSend
cParse
OR
cWait1
abort.uStop.cResponse
cTerminate
OR
parse.cParse
cRequest
OR
parse.cParse
pageDone.cParse.uL.oad
cWait2

(Continued on the next page)
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cWait2:

cTerminate:

Table A.6: Pseudocode description of the server state diagram actions

STATE
sldle:

sSetup:

sWait:

sProcess:

sSend:

sTerminate:

wait TCPDisconnect.sTerminate.cWait2
goto cTerminate

OR

wait newPage.uView.cWait2
goto cRequest

OR

wait newServer.uView.cWait2

OR

wait endSession.uView.cWait2

goto cTerminate

send TCPDisconnect.cTerminate.sWait

wait TCPDisconnected.sTerminate.cTerminate

goto cldle

ACTION
wait
goto
wait
send
goto
wait
goto

wait
goto
wait
goto
send
wait
send
goto

goto
send
wait
send
goto

EVENT/TIMER/NEXT STATE
TCPConnect.cSetupl.sldle
sSetup

TCPEstablish.sSetup
TCPEstablished.sSetup.cSetup?2
sWait

getFile.cRequest.sWait

sProcess

OR

timeout.sWait

sTerminate

process.sProcess

sSend

startSend.sSend.cWait1
sendResponse.sSend
endSend.sSend.cReceive

sWait

OR

sTerminate
TCPDisconnect.sTerminate.cWait2
terminateTCP.sTerminate

TCPDisconnected.sTerminate.cTerminate
sldle
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