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ABSTRACT

Allocation and reservation of resources, such as CPU cycles and /O bandwidth of
multimedia servers and link bandwidth in the network, is essential to ensure Quality of
Service (QoS) of multimedia services delivered over the Internet. We propose a
Distributed Multimedia Server System (DMSS) configured out of a collection of
networked multimedia servers where multimedia data are partitioned and replicated
among the servers. We also introduce Utility Model - Distributed (UM-D), the
distributed version of the Utility Model, for admission control and QoS adaptation of

multimedia sessions to maximize revenue from multimedia services for the DMSS.

Two control architectures, a centralized and a distributed, have been proposed to solve the
admission control problem formalized by the UM-D. In the centralized broker
architecture, the admission control in a DMSS can be mapped to the Multidimensional
Multiple-choice Knapsack Problem (MMKP), a variant of the classical 0-1 Knapsack
Problem. An exact solution of MMKP, an NP-hard problem, is not applicable for the on
line admission control problem in the DMSS. We therefore developed three new
heuristics, M-HEU, I-HEU and C-HEU for solving the MMKP for on-line real-time
admission control and QoS adaptation. We present a qualitative analysis of the
performance of these heuristics to solve admission control problems based on the worst-

case complexity analysis and the experimental results from different sized data sets.

The fully distributed admission control problem in a DMSS, on the other hand, maps to
the Multidimensional Multiple-choice Multi Knapsack Problem (MMMKP), a new
variant of the Knapsack Problem. We have developed D-HEU and A-HEU, two new
distributed heuristics to scive the MMMKP. D-HEU requires a large number of messages

and it is not suitable for a on line admission controller. A-HEU finds the solution with

fewer messages but achieves less optimality than D-HEU.
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We have applied the admission control strategy described in the UM-D to the set of
Media Server Farms providing streaming videos to users. The performance of different
heuristics in the broker has been discussed using the simulation results. We have also
shown application of UM-D to Distributed SLA (Service Level Agreement) Controllers in

Enterprise Networks. Simulation results and qualitative comparison of different heuristics

are also provided.
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Part I: Introduction and
[iterature Review



1. Introduction

The distribution of multimedia data over networks is an interesting problem in
Computer Science, involving Communication Networks and Distributed Computing. The

following are the issues related to distributed multimedia:
e How the multimedia information will be mapped to the various server sites

e How the multimedia streams will be carried from the location of the storage to the

users

e How Quality of Service (QoS) of multimedia services will be ensured

e How prices will be determined

Our research addresses these issues, presenting partially and fully distributed admission

control and QoS adaptation algorithms for a distributed system of servers, and also for a

network.
1.1 Motivation

Delivery of multimedia streams with absolute guarantees of QoS from a single
multimedia server has been proposed by Khan [44]. The delivery of multimedia streams
through the links of a network by controlling admission based on Service Level
Agreements has been proposed by Watson [40]. The following problems and prospects
lead us to develop a distributed admission control and QoS adaptation scheme for

multimedia servers and networks.

Multimedia refers to composite media, media that contain multiple information streams
of various types, such as video, image, sound, text, etc. Some multimedia streams such as
video, and audio require absolute QoS guarantees. There may be associated time
constraints on data rates (e.g., NTSC video's 30 frames per second), latency (e.g., a real-

time, interactive video conference must have latency of no more than a few hundred ms),
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jitter, and inter stream synchronization (e.g., speech lip-synched with talking head

images). The delivery of multimedia information with absolute QoS guarantees has

presented Internet Service Providers (ISPs) with the following challenges and

opportunities:

Revenue from commercially attractive multimedia services like Video On
Demand (VoD), high-quality videoconferencing, interactive video services,
Internet Phone, and WebTV could help rescue the technology sector from the
current recession (the so-called Tech Wreck in 2000-2001). However, ISPs must

be able to provide guaranteed absolute QoS to realize these opportunities.

Networks must be able to carry multimedia streams with guaranteed absolute
QoS. However, the present Internet is based on best effort connectionless
datagram service, without any QoS guarantee. This service without any

guarantees, is not suitable for paid service.

The introduction of some form of connection-oriented service atop the IP
datagram service is necessary to solve this problem. The required bandwidth for
the multimedia sessions must be reserved on a fixed path from the server to the
user with low enough latency and jitter in order to guarantee absolute QoS over
the network. All IP datagrams of the session must be routed along the fixed path

because best effort datagram service does not guarantee timely delivery of

multimedia streams on a particular path.

Similarly, the necessary CPU cycles, I/O bandwidth, and memory in multimedia

server(s) must be reserved, to ensure guaranteed delivery of multimedia streams

from the multimedia server.

The resources in the multimedia server (CPU cycles, [/O bandwidth and memory)
and in the network (link bandwidths) are finite. If these resources are overbooked

then QoS may not be maintained. Therefore, some form of admission control is
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necessary, to reject some of the applicant sessions when insufficient resources are
available to serve all of them. Maximization of revenue by admitting profitable

sessions is an important objective of the admission controller.
1.2 Problem Definition and Previous Work

Guaranteed absolute QoS for multimedia service requires end-to-end gharantees, covering

the server, network and client. More precisely:

e The user’s machine must have enough CPU cycles, IO bandwidth, memory and hard

disk space to play the multimedia stream with guaranteed absolute QoS.

e A connection of sufficiently high bandwidth is required from server to client. A
multimedia stream must follow a fixed path from server to client, and each link must

have enough bandwidth, with low enough latency & jitter, to carry the multimedia

stream with the required absolute level of QoS.

e The server serving the multimedia stream must have the capability to deliver
multimedia streams to all admitted users with guaranteed absolute QoS. Sufficient

server resources (CPU cycles, /O BW and memory) must be reserved for each

multimedia session.

The Admission Controller works as a resource manager by allocating the resources of the
server such as CPU cycles, /O BW, memory, etc. to the user when her multimedia
session starts. It also does QoS adaptation dynamically by upgrading or downgrading a
session in progress. Each prospective user offers a price for each level of QoS for the
multimedia service. This bid price is the basis of admission control and QoS adaptation
when there is resource contention in the system. The Utility Model (UM), proposed in
[46], presents the admission control and QoS adaptation of a single server multimedia
service provider, to maximize the utility (revenue earned) from the bids offered to a
multimedia service provider by the users. Some economists recommend bidding as a

good approach for resource allocation when there are finite resources for a service [57].



A particular amount of bandwidth must be reserved on a path from the server to the user
for transmission of multimedia streams such as audio and video with particular delay and
jitter bounds. An SLA (Service Level Agreement) between the user and network owner for
delivery of the multimedia streams must be specified, with different data rates, delays and
jitter bounds (one for each QoS level) from the source (the node connected to the
multimedia server) to the destination (the node connected to the user). An Enterprise
Network (EN) is a network with limited nodes and links administered by a single
organization or an autonomous subsidiary of an organization. An SLA Controller, an
engine doing admission control and QoS adaptation for SLAs in Enterprise Networks,
works as a resource manager for the bandwidth on the links of the network. A Java
simulation of a centralized SLA Controller has been developed by Watson [40] for single
Enterprise Networks.

With the dramatic increase of communication link capacities and decrease in unit cost of
bandwidth due to Dense Wavelength Division Multiplexing (DWDM) optical fibre
transmission [89], it will be possible to transmit multimedia streams very cheaply, and
hence the demand for multimedia streams over internets is expected to be very large. To
ensure the quality of such services, high performance multimedia servers, which contain
the digital real time data of these multimedia services, must be deployed. However, the
amounts of data to be delivered, and delivered with real time constraints, are so huge, and
in many cases the anticipated participants or viewers are so many, that it will be clearly
impossible to maintain all the data in just one server. The limited capacities of servers,
the desire to exploit geographic locality of reference, and the need for fault tolerance, are
all reasons to partition or replicate different components of multimedia streams across
multiple servers, which is the basic principle of distributed multimedia service.

The users of a multimedia application are not distributed evenly all over the world.
Actually they are concentrated in the big cities. We can exploit this geographic locality of
reference by providing servers in different locations, which are closer to the groups of

users. Let there be servers in the big cities of each continent for a particular movie
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released in North America. The servers in Asia can serve the users of Asia and the servers
in North America can serve the users in North America. Thus the cost of bandwidth from
North America to Asia can be saved. The delay and jitter of transmission can be reduced
as well. Besides these, if the servers of North America are fully loaded in the evening and
the servers of Asia are lightly loaded at that time, due to 12 hours local time difference,
then additional users in North America can be served using the servers in Asia. Thus the
difference in local times of the server sites can improve the scalability and fault tolerance
for online multimedia service.

To demonstrate the partition of the multimedia streams we can take an example of a
video server farm. Let there be several servers serving the on-line video of the recent
movies. The users are also allowed to browse reviews of the movies containing texts and
images. As the size of this text and images is not large compared with the MPEG video of
the movie, one data server is enough. The number of required video servers depends on
the current load of users enjoying the movies. Thus partitioning of muitimedia
components makes efficient use of multimedia servers.

There might be multiple interconnected Enterprise Networks in an organization, each of
which is administered by an autonomous subsidiary. SLA controllers in the ENs must run
distributed algorithm to do admission control and QoS adaptation of the SLAs. Figure
1.1 shows a typical example of two SLA Controllers working together. This is more
manageable, scalable and fault tolerant architecture for SLA controller. In this
dissertation, we present a new, distributed version of the Utility Model. This Utility
Model- Distributed (UM-D) is applicable to do admission control and QoS adaptation in
a Distributed Multimedia Server System or a group of interconnected Enterprise

Networks.



SLA SLA
Controller 1 Messages for Decision Making Controller 2

| |

Enterprise Network | Enterprise Network 2

Figure 1.1 Group of SLA Controllers working together

1.3 Scope and Focus

The main focus of this dissertation is to present models, architectures and algorithms for
distributed multimedia service over the network. Admission control problems to be
discussed in this dissertation can be mapped to variants of the Knapsack Problems, which
are NP- hard problems. We apply heuristics to solve these problems for on line admission
control and QoS adaptation. Development of exact algorithms is beyond the scope of this
dissertation. To analyse the performance of an admission controller, we developed a
discrete event simulation of the admission controller. On the other hand to demonstrate
the working methodology we simulated a system in Java with a graphical user interface.

Implementation or developing the prototype of the working system is beyond the scope of

this dissertation.
1.4 Outline

The dissertation is organized in three parts and nine chapters as shown in the following

figure.
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2. Background

Different admission control approaches, which are currently being used in the Internet,
telephone networks and multimedia server systems, will be reviewed in this chapter. The
Utility Model and its application to the Adaptive Multimedia Problem and Enterprise
Networks to do the admission control and QoS adaptation problem will be described
briefly. The admission control and QoS adaptation using the Utility Model can be mapped
to a variant of Knapsack Problem. A detailed introduction to Knapsack Problems and the

algorithms to solve these problems will be described in the following sections.

2.1 Literature Review of Admission Control and QoS Adaptation

Techniques

Admission control is a useful technique in telecommunication networks to achieve
quality of the service. Difterent strategies are adopted to do admission control in different
types of network. In circuit switching networks, a circuit is not established if there is not
enough free bandwidth to create that circuit. On the other hand, the Internet, which is

basically a packet switched network, uses traffic shaping for QoS adaptation during

congestion.
2.1.1 Admission Control in Telephone Network

The telephone network, which carries audio between a source (the caller terminal) and a
destination (the called terminal), is the best example of a circuit switched network. When
a user dials a number, the telephone switch finds a free end-to-end voice circuit to carry
the audio transmission. If such a path is available then the call is set up, otherwise the
user gets the busy tone. All users are guaranteed to receive uninterrupted service if a call
is set up. Throughput maximization in a telephone network depends on the algorithm
used for selecting particular paths for new circuits. Plotkin [3] presented online

competitive routing and admission control strategies for both throughput maximization



10

and congestion minimization models, motivated by competitive analysis [1]. In both
models each link in the network is defined by a length c., which is defined exponentially
with regard to the current congestion of the link. Let there be a request for bandwidth
between nodes s and ¢. In the throughput maximization model, the flow is routed if there
exists a path P(s,z) such that the flow is profitable with respect to this length c.. If it is
not, the flow is rejected. In the congestion minimization model, a rejection edge rej is
created and a flow is routed along the shortest path with respect to the length c.. The flow
is then considered rejected if it is routed along rej, or if the path selected has insufficient

capacity. Otherwise, it is considered accepted.

Because of only one QoS level in telecommunication networks, there is no opportunity
for downgrading or upgrading the QoS level by changing the allocated bandwidth or the
already selected path. Therefore, there is no way to optimize operating conditions
dynamically. This is true for the sessions with almost invariable length or for the
permanent calls. When the session lengths are unknown, it is important to admit a set of
sessions that give maximum throughput for the system. This would require future
prediction of the length of the sessions. Statistical distributions can be used to estimate

the duration of a particular call. Admission decision with a risk factor [1] is also a good

technique for prediction.
2.1.2 Resource Reservation in [P Data Networks

Currently, the Internet is based on a best-effort datagram service model: this model does
not require (and generally does not permit) resource reservation prior to data
transmission. When a packet arrives at a router, and sufficient resources (such as time and
buffer-space on the outgoing link) are available, the packet is forwarded to the next
router. However, if the necessary resources are not available, the incoming packet may be
delayed, or even dropped. It is therefore difficult to predict, let alone guarantee, the
bandwidth or latency experienced by a stream of packets under best-effort datagram

services. And since each packet of a session is forwarded through the network
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independently. packets may experience variable and unpredictable delays, and may arrive
at the destination out of order. This service has many advantages, but it is unworkable for
real-time multimedia applications requiring absolute standards of performance such as
continuous bandwidth during a Video on Demand session with maximum delay and jitter
constraints. Hence a best-effort datagram service model is not considered suitable for the
Internet2 [75], which proposes to offer the end-to-end quality-of-service guarantees

similar to that of the telephone network.

Class-based forwarding proposals such as DiffServ [61], where the packets of
applications requiring guaranteed QoS are assigned higher priority classes than the best-
effort traffic, are at best partial solutions: they provide superior service to the QoS-
sensitive application in the relative sense, i.e., relative to the best-effort traffic, but they
cannot guarantee absolute standards of QoS to applications, including telephony and

interactive video communication, which require such standards.

RSVP [60] is a protocol used to reserve resources i.e., link bandwidth over the Internet. It
requires reservation in each switch from the source to the destination, which clearly
requires the determination of a fixed path on which all datagram of the flow are carried.
This protocol works for real-time audio and video transmission, and in that sense could

provide a basis for guaranteed QoS, but scalability is a problem.

MPLS [59] provides a mechanism for sending data independent of the IP routing tables in
the routers. In this mechanism each packet is routed through a predefined path, which is
determined before data transmission. A label is added to the packet, and this label is used
for table look up in the router for forwarding packets to the next router with another label.
The label forwarding table is created at the time of fixing the path and it contains
additional information such as Class-of-Service (CoS) values that can be used to
prioritize packet forwarding. As MPLS is a lower layer protocol than IP and UDP, real-

time multimedia transmission using IP or UDP over MPLS is considered plausible.
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less than a threshold. Calls are downgraded by bit dropping in real time data transmission,
or by coarser video encoding to maximize the sharing of resources among the calls.

Srikant [74] proposed the central limit theorem for the approximation of probability of

service interruption.

Scheduling algorithms are used to do admission control in optical and wireless networks
where bandwidth is shared by the users of the network. Dasylva [77] presents a
polynomial algorithm to produce optimal schedules under certain conditions of traffic
metrics. Shakkottai [73] discusses the problem of real-time streams with deadlines over a

shared channel using different scheduling algorithms.

Asynchronous Transfer Mode (ATM) is a packet switch technique where the data is
divided into 53 bytes cells and muitiplexed on time slotted channels [94]. ATM switches
use Virtual Circuits (VCs) and all the packets of a call follow the same route. When a cell
arrives at a switch, the switch determines an outgoing link looking at the VC number in
the header of the ATM cell. Courcoubetis [93] designed an admission control algorithm

for call acceptance that guarantees a bound of cell loss because of buffer overflow.

In the smart market scheme introduced by Varian [91], the actual price for each packet is
determined based on the current state of network congestion. Users offer a bid for their
packets. The packets whose bids are more than a threshold will be admitted and the rest
are dropped or buffered. Clark [91] suggested an economic model where users pay for the
their privilege of using the network capacity when needed. Singh [90] proposed a
dynamic capacity contracting model which is implementable in the differentiated services

architecture of the Internet.

2.2 Knapsack Problems

The classical 0-1 Knapsack Problem (KP) is to pick up items for a knapsack for
maximum total value, so that the total resource required does not exceed the resource

constraint R of the knapsack. The 0-1 classical KP and its variants are used in many
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resource management applications such as cargo loading, industrial production, menu
planning and resource allocation in multimedia servers. Let there be n items with values
Vi,Va,...,V, and let the corresponding resources required to pick the items be r,r,....7,
respectively. The items can represent services and their associated values can be values of

revenue earned from that service. In mathematical notation, the 0-1 Knapsack Problem is

to find ¥ = maximize) x;v;, subject to the constraint Zx,r, <R and x, €{0l}. The 0-1

i=1 i=l

Knapsack Problem is an NP-Hard problem [47]. There is a pseudo polynomial algorithm

with O(nR) computational complexity by using the concept of dynamic programming.

The Multidimensional Multiple-choice Knapsack Problem (MMKP) is a variant of the
classical 0-1 KP. Let there be n groups of items. Group i has /,items. Each item of the
group has a particular value and it requires m resources. The objective of the MMKEP is to
pick exactly one item from each group for maximum total value of the collected items,
subject to m resource constraints of the knapsack. In mathematical notation, letv, be the

value of the j th item of the ith group, 7 =(r,,r,,.---.r,,) be the required resource vector

for the jth item of the ith group and R=(R,,R,.--.R,), be the resource bound of the
knapsack. Now, the problem is to find

n
V' =maximize ) Y x,v; , (objective function),
i=} j=I

n |
SO that, z Z XiiVijk < Rk (l‘esource ConstralntS),
i=l j=I

where, V is the value of the solution, k=1, 2,..., m, x, € {0,}; are the picking variables, and
L
Z.\',.j =1.

j=l

Figure 2.1 illustrates an MMKP. We have to pick exactly one item from each group. Each

item has two resources, r; and r,. The objective of picking items is to maximize the total
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value of the picked items subject to the resource constraints of the knapsack, that is

Z (r, of pickeditems) < [7 and Z(rz of picked items) < I5.

y=10 e— Item v=12
ri=s, n=1 n=1, r=7 -
Maximum

allowable
v=14 v=l1l v=1 resource
r=, =1 | |r=8,r=2 n=3.r=3 Type r: 17
Type ra: 15
v=9 f= 13 v=17
=5 o= n=6, r=4 r=10, r=8
'r. S.n=5 | N I [__j' Knapsack

Group | Group 2 Group 3
Figure 2.1 Multidimensional Multiple-choice Knapsack Problem.

2.3 Related Research on KP

There are various algorithms for solving variants of Knapsack Problems [47]. The
Multidimensional Knapsack Problem (MDKP) is one kind of KP where the resources are
multidimensional, i.e. there are multiple resource constraints for the knapsack. The
Multiple Choice Knapsack Problem (MCKP) is another KP where the picking criteria for
items are restricted. In this variant of KP there are one or more groups of items. Exactly

one item will be picked from each group. Actually, the MMKEP is the combination of the
MDKP and the MCKP.

There are two methods of finding solutions for an MMKP: one is a method for finding
exact solutions and the other is heuristic. Finding exact solutions is NP hard. Using the
Branch and Bound with Linear Programming (BBLP) technique, Kolesar [36], Shih {50],

Nauss [41] and Khan [44] presented exact algorithms for 0-1 KP, MDKP, MCKP and
MMKP respectively.

The branch and bound algorithm for the MMKP involves the iterative generation of a
search tree. A node of the tree is expanded by selecting an item of a particular group,
called branching group. At a node, if the items of a group are not selected then the group

is called frree group. Initially there is only one node in the tree where all the groups are
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free. Applying linear programming technique on the free groups of a node we can
determine an estimate of optimum total value as well as the branching group of a node.
The use of linear programming to determine the branching group reduces the time
requirement in the average case. In each iteration the node with the highest upper bound

is explored. The nodes, which do not give any solution value using linear programming

are considered as infeasible. These nodes are deleted from the tree.

A solution is found when a node without any free group has the maximum estimated total
value. Though the search space for a solution in MMKP is smaller, because of more
restriction of picking items from a group, than the search space in other variants of KP, it
is not applicable to our on line admission control problem. Experimental results in

Section 3.6.2 presents the time requirements for BBLP algorithms. Please see [46] for a

detailed explanation of BBLP with examples.

A greedy approach has been proposed [44][47][53] to find near optimal solutions of
Knapsack Problems. For a 0-1 KP as described in the previous subsection, items are

picked from the top of a list sorted in descending order on v, /r, (value per unit resource)

because these items seem to be the valuable and profitable items [47].

To apply the greedy method to the MDKP Toyoda proposed a new measurement called
aggregate resource consumption [53). Khan [46] has applied the concept of aggregate

resource consumption to pick a new candidate item in a group to solve the MMKP.

Aggregate resource of the jth item of the ith group is defined by aq; Z rije xCy / cl,

where C;= amount of the kth resource consumption and |C|=,/>_C} . His heuristic HEU

selects the lowest-valued items by utility or revenue of each group as initial solution. It
then upgrades the solution by choosing a new candidate item from a group, which has the
highest positive Aa;, the change in aggregate consumed resource (the item which gives

the best revenue with the least aggregate resource). If no such item is found then an item
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with the highest (Av;)/(Ag;;) (maximum value gain per unit aggregate resource expended)

is chosen. Here,

Aa; = Z(p;p[,.lk —F )x C, . the increase in aggregate consumed resource.
k

rix= amount of the kth resource consumption of the jth item of the ith group.

pliJ=index of selected item from the ith group and Av, =v, ., —v,, is the gain in total

value.

We do not use the constant |C| in the expression of Aq, as it does not vary during the

selection of a candidate item.

This heuristic for MMKP provides solutions with total value on average equal to 94% of
the optimum, with a worst-case time complexity of O(mn:(l—l):). Here, n= number of

groups, / =number of items in each group (assumed constant for convenience of analysis)

and m =resource dimension.

Magazine and Oguz [29] proposed another heuristic based on Lagrange Multipliers to
solve the MDKP. Moser’s [27] heuristic also uses the concept of graceful degradation
trom the most valuable items based on Lagrange Multipliers to solve the MMKP. This

algorithm is also suitable for real time applications.

Tabu Search [97], Simulated Annealing [98] and Genetic Algorithms [96] can be applied
to solve the variants of Knapsack Problem. The Genetic algorithm has the exponential
worst case complexity - it can explore all of the items. Tabu search and simulated
annealing is based on looking at the neighbours. These are costlier than the greedy
approach used in HEU. HEU uses a two way interchange approach and searches
candidates in the neighbourhood which yield better revenue, and changes one selection to
another. But in Tabu Search, Simulated Annealing and Genetic Algorithm approach

current solution is moved to another solution by upgrading some and downgrading some.
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This upgrade and downgrade at the same step requires more time because we have to

search all neighbouring combinations of current solution.

2.4 Adaptive Multimedia System (AMS)

We define a multimedia service provider, which provides multimedia service to users
with guaranteed QoS levels and supports QoS adaptation an Adaptive Multimedia
System(AMS) [46]. Each user submits its session request together with a set of QoS
levels such as Gold (colour video and CD quality audio), Silver (B/W Video with
telephone quality audio), or Bronze ( phone quality audio). Depending on the availability
of the resources of the AMS such as CPU cycles, /O bandwidth and memory, a session
can be admitted to enjoy a particular QoS level, or rejected. There must be an engine
working as an admission and QoS adaptation controller in the AMS. For brevity we call it
an Admission Controller. It keeps track of all the allocated resources of the system. When
a new user places a request for a multimedia service, or when a session leaves, the
controller can dynamically adapt the QoS level of any running session to allocate some
resource or te re-allocate newly- released resources. Considering multiple QoS level
makes the problem of admission control and QoS adaptation more complex. But this also

gives the opportunity to upgrade to a higher level and earn more revenue when some

resources are released from the system.

Session 1 Session 2

Preferred QoS Operating QoS

levels level
A

AMS
e Admission Control

o QoS Adaptation
e Resource Allocation

Resource allocation Resource

and release Status
L L

Resource | Resource M

Figure 2.2 Adaptive Multimedia System
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2.5 Literature Review of Admission Control and QoS Adaptation
Methodology for AMS

There has been lots of interesting work in recent years on reservation-based management
of resources, like CPU cycles and network bandwidth for multimedia service providers
[6][22][21][40][(32].

The Benefit Model for adaptation of quality attributes of a single user muitimedia
application has been proposed by Schreier and Davis [24]. The quality of the service is
expressed by the video frame rate, audio/video quality and audio/video synchronization.
Each of these quality parameters has an associated benefit function. The objective is to
maximize the benefit of the service by adjusting the quality parameters. Chatterjee [42]
proposed a Logical Application Stream Model (LASM) to capture the structure of a
distributed multimedia application, with relevant resource requirement as well as end-to-
end QoS parameters. Moser {28] presented an Optimally Graceful QoS Degradation
Model (OGQD) where a single session’s quality is gracefully degraded to meet resource
constraints. For a multimedia session the system calculates the set of services for

maximum utility subject to resource constraints using a heuristic for solving the MMKP
[27].

However, the Benefit Model, LASM and OGQD discuss the adaptation of QoS for a
single multimedia session. They do not address the problem of adaptation in a multi

session environment with a predefined objective like revenue or utility maximization.

Venkatasubramanian [33] proposed an economic framework for a multi-user multimedia
service provider with different objectives for the users and for the service provider. In this
framework a user’s objective is to maximize QoS with respect to paid price but the
service provider’s objective is to maximize revenue with respect to resource usage of the

system. This principle does not ensure the maximum utilization of resources of the

service provider.
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Kawachiya [21] has proposed a processor execution model for a multimedia operating
system. It reserves the resources for the sessions and changes the quality of the sessions
during contention according to downgrading options set by the users. It finds a suitable

operating quality for each session at a particular state of the system.

Lee [7] applied the concept of convex hull to solve the QoS management of a MRMD
(Multiple Resource Multiple QoS Dimension) system. Each QoS of a multimedia session
request is transformed to a point in a two dimensional space. A convex hull frontier is
constructed with the points representing the QoS levels of each requested session.
Admission or rejection, as well as QoS adaptation of a session, is based on the list of all

the segments of the convex hull frontiers sorted in ascending order according to their

slopes.

2.6 The Utility Model

In this dissertation we define wrilitv as the revenue earned by the server from a user
enjoying a service. The term utility can also be defined by different kinds of satisfaction
of the user (response time, quality of the service etc.), but we are not considering those in
this dissertation. The Utility Model, proposed by Khan [43][44][46] demonstrates the
admission control and QoS adaptation principles of the AMS. Let there be n session
requests sy, Sz, ... ... s, from n users in a multimedia service provider. Session s; has /; QoS

levels §;.Gi2,..-... «Gij»----Gy - Each QoS level g;requires m resources (CPU cycles,

memory, /O and network bandwidth etc.) from the server system, which can be denoted

by the vector (G, )={r;.r;2.....7,m ). We assume that all the resources are additive. The
offered price (utility) for QoS level G; is u;. The principle of selecting QoS levels of the

sessions can be expressed in mathematical notations as follows:

LR . .. . . .
Objective: U =3 ¥ x;u; is maximized (i.e., maximum revenue is earned),
i=l j=1
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Where, x, = {l,iff QoS /'of session i is selected
0, otherwise

/

Constraints: Zr,] =1 (i.e., a single QoS level is selected at any particular instant of time)
j=1

n |
and ) Y x;r; <R, (i.e., the sessions must consume less resources than the total
i=l j=i

capacity), where, R; is the total amount of the ith resource in the server

session /
bronze silver  gold

.I+L

Quality Q;

session utility function resource mapping

Qsession utility u,(Q;D @ssion resources r (QD

system resource constraints

system utility

Cmaximize U= u(@) C Sr@)sR )

Figure 2.3 Relations between system and session utilities, and between resource

mappings and constraints

This model exactly fits an MMKP, where sessions are mapped to groups, sessions at QoS
levels to items and associated utilities to the values of the items. Figure 2.3 shows this

mapping clearly. The target of the Utility Model is to maximize the utility; we do not

consider maximization of resource utilization in this model.
2.7 Working Principle of Admission Controller

Admission control and QoS adaptation is done on batches of sessions. The heuristics for
solving the MMKP are applied to a batch of sessions once in a regular time interval which
is called an epoch. In each epoch some of the old sessions leave and some new session

requests are batched for admission. Thus there is a change of resource usage in the
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system. The other sessions in the batch are previously admitted sessions, which currently
enjoy a particular QoS level. For the new session requests, we add a null QoS level to the
QoS profile. This is actually a dummy QoS level with no offered price and no resource
requirements. The heuristics find the set of QoS levels for the old sessions and newly
admitted sessions once in each epoch. The new solution may have new QoS levels for one

or more already-admitted sessions. The new QoS levels can be interpreted as follows:

e [f a new session request has a non null QoS level then the user starts enjoying

multimedia service. Thus the session gets admission with that QoS level.

e If the QoS level of a new session remains null then the request is rejected. It may wait

for another epoch to get admission, it may raise its offered price, or it may simply

withdraw.

e The QoS level of an existing session may be upgraded or downgraded to a higher or
lower QoS level. For reasons of good customer relations, a session is not downgraded

to a lower QoS level until and unless the associated customer permits us to do so.

The null QoS level is removed from the session’s QoS profile if it gets admission with a
non-null QoS level. The heuristic must be able to determine the level of QoS for the

sessions in the next epoch.

2.8 SLA Controller for an Enterprise Data Network

The Utility Model can be easily applied to admission and QoS adaptation control of
Service Level Agreements (SLAs) for allocation of link bandwidths in a data network. To
transmit components of multimedia streams like video, and audio we need guaranteed
bandwidth as well as latency over the network. So, the application of the Utility Model is
necessary to support the multimedia servers, by providing the necessary bandwidth while

maximizing revenue for the network operator.
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2.8.1 Enterprise Network

An Enterprise network (EN) is a private network, usually with fewer than 100 nodes
(switches), and administered by a single organization. This network can be used by the
company for data transmission. For example, a company can set up an Enterprise
Network among all of its offices in North America. Teleconferencing or
videoconferencing may be the applications over this Enterprise Network. Similarly, a
telecommunication company can set up an EN especially for multimedia stream
transmission. A multimedia user will submit her request to the owner of the EN for
bandwidth from a source node to a destination node of the EN. Figure 2.4 shows a small
network with five nodes and three SLAs from node S to node D, represented by the dotted

lines, thick lines and thick broken lines respectively.

-l e s e es e ws == = D

Figure 2.4 A simple Enterprise Network with three SLAs

2.8.2 SLAs in an Enterprise Network

The ith SLA in the list of submitted SLAs is defined as follows:

Source and Destination: Nodes of the network labelled S; and D..

Delay Bound: The propagation delay and the switching delay in the
intermediate links and switches between S; and D; must be bounded above by
dj; for the jth level of QoS for SLA..

Bandwidth Requirement: QoS level j of SLA; requires bandwidth Bj;between S;
and D;. Thus, all the links on the path chosen between S; and D; must reserve
bandwidth Bj; for SLA;, when operating at QoS level j. We can loosen this
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requirement, allowing overbooking of a link, only if we do not guarantee the
promised level of QoS. In our research we reject that alternative.

Duration: Duration of the multimedia session to be enjoyed by the user.

Rate: There must be a time rate of revenue or utility earned by the SLA. This
rate will be in dollars per unit time.

QoS levels: Users are allowed to submit different options of desired QoS level
and bid price. So, an SLA specifies a set of QoS levels determined by the
required bandwidth and delay constraint. Note that there may be more than
one path from source to destination, with different values of delay.

Flow Attributes : An SLA also specifies several attributes of the data flow from
source to destination. These are as follows:

Path Restriction Flag: This flag specifies whether or not the path can be changed after the
transmission of data starts. If the flag is set we cannot re-route this SLA in order to
upgrade or downgrade the QoS level of this SLA or other SLAs, or to admit a new SLA.

Down Flag: If this flag is set then the level of QoS of an SLA can be downgraded after
admission. (This is not alwavs advisable for psvchological reasons, just as it is not
alwavs advisable to downgrade a business class airline passenger to economy..)

Up Flag: If this flag is set, then upgrading of the QoS level is permitted after the admission
of an SLA.

If we control the admission of multimedia traffic in the EN, the switches will not be
overloaded beyond their capacity. So the network will not face any significant jitter. That

is why we can ignore the jitter bound in this definition of SLA.
2.8.3 Application of the Utility Model to an SLA Controller

The Utility Model can be applied for admission control and QoS adaptation of the SLAs
in an Enterprise Network. The Engine that runs the Utility Model for maximization of
revenue by admission control and QoS adaptation is called the SLA Controller (SC). The

basic working principle of an SC can be described in Figure 2.5.
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K shortest paths finder: This part of the SLA controller does all the preprocessing of
SLAs (QoS to resource mapping) to make them applicable to the Utility Model Engine
(UME). The K shortest paths finder gets delays in the links and switches of the network.
The switches of the network send all the statistics to this module of the SLA controller.
For each new SLA, the K shortest paths, which follow the delay bound of the QoS levels
of the SLA are determined. The delay of a particular end - to - end path is calculated by
simply adding their associated delays. We assume a static delay on each link, i.e., the
number of hops from source to destination defines the total delay on a path. An SLA can
be routed in any of these paths. There has been considerable work on K shortest paths

problems [8]. A path-deviation style algorithm [12][13] has been applied by Watson [40].

Utility Model Engine (UME): The Admission control and QoS adaptation problem by
the SLA controller can be easily mapped to the Utility Model as follows:

e Each SLA is equivalent to the sessions in the AMS. A path that ensures a QoS level

with delay bound gives revenue to the Enterprise Network.

e The link bandwidths are the resources. The bandwidth used by all the SLAs on a link

must be less than the capacity of the link. A particular amount of bandwidth is

reserved for each SLA.

e The objective of the SLA controller is to maximize the revenue for the Enterprise
Network from the SLAs.

The admission control and QoS adaptation algorithm is exactly the same as AMS. Watson
[40] implemented SLAOpt, a Java simulation of an optimal admission controller for the
SLAs in an EN. This implementation uses N-HEU, a modified heuristic using path
nearness among the SLAs to do admission control and QoS adaptation. Extra checking is
required to determine whether an upgrade or downgrade complies with the path

restriction, up, and down flags. This requires comparison of each QoS level of an SLA
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with the QoS level and path selected in the previous epoch. If there is a change in
network status due to link or node failure we do QoS adaptation by running I-HEU, but
the flags specified in the SLAs are totally ignored. Please see [11] for detailed explanation

and algorithms of admission control by SCs.

SLA Requests from SLA Controller

users
- UME k shortest
SLA admission/rejection paths finder
decisions to users

Paths from a source
to a destination and
the link and the
switch statistics

Figure 2.5 Working principle of SLA controller for an Enterprise Network

2.9 Implementation Considerations for an SLA Admission Controller

The admission controller for an Enterprise Network functions as (part of) the Bandwidth
Broker (the controller which allocates bandwidth to the users), which in turn is a part of
the Policy Server (the server defining the policy of the network such as the routing
algorithm used, the number of shortest paths to be determined, etc.) [65][75). Here we
discuss the implementation of the admission controller for two cases: to control

admissions to a single Enterprise Network and to control admissions to an interconnected

set of Enterprise Networks.
2.9.1 Controlling a Single Enterprise Network

Figure 2.6 shows the Bandwidth Broker (BB) in the architecture of a single Enterprise

Network to support real time multimedia services with absolute QoS guarantees. The
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users (denoted by workstations) and servers are connected to the switches of the network.
The BB is actually an SC connected to a switch of the Enterprise Network. The users will
put a multimedia session request to the multimedia server. The multimedia server
submits SLAs to the BB for bandwidth between a source switch and a destination switch.
The switches, which connect the server and the user to the EN, are the source and the
destination of these SLAs, respectively. These SLAs are called proposed SLAs. The BB
determines whether the SLAs will be admitted or rejected. The accepted SLAs by the BB
are called active SLAs. The link with the broken line in the Figure 2.6 shows the
connection between a user and the BB; TCP/IP connections through the Enterprise
Network can be used for these virtual connections. The Bandwidth Broker determines the
path and QoS level for the active SLAs. That is, the Utility Model will be applied only
once in the BB. The intermediate nodes will not do any path calculations. We assume that
an end to end virtual path is created in the packet switching network using MPLS. The
BB sets the MPLS labels in the switches of the Enterprise Network for the path with a
particular Class of Service (CoS). The CoS in the MPLS table represents the QoS level of
the SLAs. Then a multimedia session starts transmitting multimedia stream using UDP
over MPLS. The CoS entry in the MPLS routing table is used to guarantee the latency by
prioritizing a UDP packet for multimedia session with high QoS level or delaying a

packet for multimedia session with low QoS level.

Jﬂlndwidth Broker |

Jap— =
//_’_q—_\“\\\\ / )

Enterprise Network \}
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Figure 2.6 Bandwidth Broker in an Enterprise Network.
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2.9.2 Distributed Admission Control for Multiple Enterprise Networks

Bandwidth
Broker 1 (BB1) [ Bandwidth

l l ----- 7 Broker 2 (BB2)

Enterprise
Network |

Enterprise
Network 2

Enterprise
Network 3

Bandwidth
Broker 3

Figure 2.7 Three Enterprise Networks connected by BGP links.

Several Enterprise Networks can be connected as shown in Figure 2.7. We assume a BB
including an SLA Admission Controller for each Enterprise Network, for reasons of
scalability and fault tolerance. The thick lines represent external links between pairs of
Enterprise Networks. Now, there might be two kinds of SLAs. Intra-EN SLAs have the
source and destination in the same EN. Inter-EN SLAs have the source and destination in
two different ENs. For inter-EN SLAs the BBs of the Enterprise Networks must exchange
messages among themselves to do admission control. Hence we need a distributed
version of SLAOpt for the BBs of the Enterprise Networks, which implies distributed
versions of the heuristics to solve the Knapsack Problem. Chapter 8 presents this
distributed admission control problem. There are two different kinds of multimedia
sessions. A multimedia session, which requires a multimedia stream from a server in an

EN to a user in another EN is called an inter~EN multimedia session. If the user and
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server are in the same EN then the user enjoys an intra-EN multimedia session. The BBs

set the MPLS labels with a particular CoS in the switches, and multimedia streams can be
sent using UDP over MPLS.

2.10 Chapter Summary

In this chapter we have reviewed the existing admission control and QoS algorithms in
the telephone networks and the Internet. A brief description of the Utility Model has been
presented. MMKP heuristics are used to do admission control and QoS adaptation using
the Utility Model. Recent works on Knapsack Problem algorithms have also been
described. Applications of the Utility Model for admission control in multimedia servers
and Enterprise Networks have been introduced. We will discuss the distributed version of
these admission control techniques in the rest of the dissertation. Plausible applications of
admission controlling to provide multimedia services with guaranteed QoS using the
existing data transmission protocols has been presented. The next chapter starts the
mathematical models and algorithms, the second part of the dissertation. We present new
algorithms for solving the MMKP in Chapter 3. The performance of these algorithms to
solve the Utility Model is better than existing algorithms in terms of time requirement and

achieved optimality.
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3. New Heuristics to Solve Multidimensional Multiple Choice

Knapsack Problems

In this chapter we introduce M-HEU (Modified version of HEU by Khan [46]), a new
heuristic for solving the MMKP using the concept of aggregate resource. I-HEU, the
incremental version of M-HEU is introduced as well. C-HEU, a heuristic for solving the
MMKP using the concept of convex hull is developed. Analysis of the algorithms is
presented followed by experimental results. The chapter concludes with a comparative

discussion among the different heuristics for solving the MMKP.
3.1 Modified HEU (M-HEU)

We sort the items in each group of the MMKP in non-decreasing order according to the
value associated with each item. Hence, we can say that in each group the bottom items
are lower-valued items than the top ones. The items at the top can be defined as higher-
valued items than those in the bottom. Picking a higher-valued or lower-valued item than
the currently selected item in a group is called an upgrade or a downgrade respectively. In
the heuristic we need to find an upgrade or downgrade frequently. That is why we need
the items of each group sorted according to the associated values of the items. If a
particular pick of items (one from each group) does not satisfy the resource constraints,
we define that solution as infeasible. A feasible solution is a solution that satisfies the

resource constraints. For any resource k, infeasibilitv factor f; is defined as C, /R, . The

kth resource is feasible if the infeasibility factor f; <I, otherwise it is infeasible.

3.2 Problems with HEU as an MMKP Solver

We define the selection of the lowest valued item in each group as the initial solution of
an MMKEP. If this solution is not feasible then HEU terminates notifying “No Solution

Found”. However, there may be a solution using higher-valued items that requires fewer
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resources. Thus we should add a new step to find a feasible solution if the initial solution

is infeasible.

HEU finds a solution by only upgrading the selected items of each group. There might be
some higher-valued items in the MMKP, selection of which make the solution infeasible,
but if some of the other groups are downgraded we may obtain a feasible solution. This
method, of upgrading followed by downgrading, may increase the solution value, the

summation of the values of the selected items of the groups of the MMKP.

Thus M-HEU modifies HEU by adding a pre-processing step to find a feasible solution
and a post-processing step to improve the total value of the solution with one upgrade

followed by one or more downgrades.
3.2.1 Description of the Algorithm
The heuristic consists of the three following steps:
¢ Finding a feasible solution by upgrading the selected items of the groups.

e Improving the solution value by selecting a feasible higher-valued item from the

groups subject to resource constraints, i.e., by feasible upgrades.

e I[mproving the solution value by one infeasible upgrade followed by one or more

downgrades.

Following are the variables and the procedures to describe the steps of the algorithm.

n: The total number of groups in the MMKP.

m: The total number of resources in the MMKP.

i: A variable indicating the group number

{;: The number of items in the ith group.

j: A variable indicating the item number

r;x: The kth resource requirement of the jth item of the ith group.
v,; : The value of the jth item of the ith group.

C;: The amount of kth resource consumed by the selected items of the groups.
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R The total amount of the th resource in the MMKP.
fio C, /R, . infeasibility factor of the kth resource

current_sol, saved_sol : The solution vector containing the indexes of the selected items from each group.
pli] : The index of the currently selected item of the ith group.
save_solution( ): Saves the array of indexes of the selected items of the groups in an array saved_sol.

revive_solution( ). Changes the selected item of the groups to the saved index of the groups in saved_sol.

The change of aggregate resource consumption, Ag;; = Z(r,. stitk ™ ik )x C, (if the jth item is selected
k
during an upgrade of the ith group)

The change of revenue, Av; =v,,; —v; (if the jth item is selected during an upgrade or downgrade of the
ith group)

. . . Yiptitk — Tijk
The scaled change of resource consumption with respect to available resource, Aaj; = 3 -":’l—cj——
ko =y

P =

. . iplilk k

The scaled change of resource consumption with respect to over consumed resource, Aaj =3, —2['_]—15,—!-
ko Ly =R

gain: the increase of total value for an infeasible upgrade.

Utilitv( ): A function returning the total value of the selected items.

change_selection(i , j): pli] «j and returns the increase of total value for this selection. Positive increase
denotes upgrade and negative increase denotes downgrade.

feasible_changeli . j): Returns whether change_selection( i, j ) satisfies all resource constraints.

feasible( ): Returns whether current solution satisfies all resource constraints

find_feasible_item_by_upgrade( ) : This procedure returns a higher valued item of a group than the selected
item of the group, which does not make any infeasible resource requirement more infeasible, any feasible
resource requirement infeasible and gives the highest Aa;; .

find_upgrade_feasible_item( ): This procedure returns a feasible higher valued item of a group than the
selected item of the group, which gives the highest positive Aa;; . [f no such item is found then it returns the
item, which gives the highest Av, / Aa; .

find_upgrade_infeasible_item( ). This procedure returns an infeasible higher valued item of a group than
the selected item of the group, which gives the highest Av, /Aqj; .

find_downgrade_item( ). This procedure returns a lower valued item of a group than the selected item of
the group, which gives the highest Aa,'j' / Av,.j and keeps gain (achieved by infeasible upgrade) still
positive.
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/*This is the main procedure to solve the MMKP using heuristic.*/

l. current_sol « lowest-valued items from each group

2. if find_feasible_solution_bv_upgrade( )=false then // Step 1
3. No feasible solution found for the MMKP

4. return;

3. endif

6. do

7. Seasible_upgrades() // Step 2

8. save_solution() // Step 3 begins
9. if infeasible_upgrade( )=false

10. Solution found

11. return

12, endif

13. do

4. status « feasible_downgrade( )

15. while status= INFEASIBLE_DOWN
16. if status= NO_DOWN then

17. revive_solution( )
18. Solution found
19. return

20. endif

21. while true
22. end procedure

// Step 3 could not upgrade
// No more upgrading

/I Step 3 ends
// Step 3 improves solution, so try Step 2 again.

Begin Procedure find_feasible_solution_by_upgrade( )

/*This procedure finds a feasible solution of the MMKP. If it fails to find any feasible solution it retumns

with false otherwise it returns true.*/

1.k, « The resource which has the highest infeasibility factor.

2. if f;_ <1 then //current solution is feasible

3. return true;

4. endif

// current solution is not feasible. Following loop looks for a feasible solution

5. do

6. (candidate_group, candidate_item) « find_feasible_item_bv_upgrade( )
7. if candidate_group = null then  //No suitable item available

8 return false

9. else

10. change_selection( candidate_group , candidate_item )  //upgrading
11 end if

12. while not feasible( ) //still infeasible try again

13. return true
14. end procedure
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Begin Procedure feasible_upgrades( )
/*This procedure finds a feasible solution of the MMKP by upgrading the items of the groups.*/

1. do

2 (candidate_group, candidate_item) « find_upgrade_feasible_item ()
3 if candidate_group =null then

4. change_selection( candidate_group , candidate_item ) //upgrading
5. endif

6. while candidate_group = null //try again for next feasible upgrade

7. end procedure

Begin Procedure infeasible_upgrade( )

/*This procedure finds an infeasible solution of the MMKP by upgrading one item of one group. If no such
upgrade is possible then returns false.®/

1. (candidate_group, candidate_item) « find_upgrade_infeasible_item( )

2. if candidate_group = null then  //No suitable item available

3 return false

4. else

5 gain « change_selection( candidate_group , candidate_item ) //Infeasible upgrade. Setting the
global variable gain.

6. endif

7. return true

8. end procedure

Begin Procedure feasible _downgrade()

/*This procedure tries to find a feasible solution of the MMKP by downgrading an item of a group no more
than gain from an infeasible solution. It returns status of downgrade denoted by the following constants:

FEASIBLE _DOWN: A downgrade found that makes the solution feasible keeping gain still positive.
INFEASIBLE _DOWN: A downgrade found keeping gain still positive and the solution still infeasible.
NO_DOWN: No downgrade found keeping gain positive. */

1. (candidate_group, candidate_item) « find_downgrade_item( )

2. if candidate_group =null then //An item to downgrade is available
3. gain « gain + change_selection( candidate_group , candidate_item )
4. if feasible( ) then

5. return FEASIBLE_DOWN //feasible solution found

6. else

7. return INFEASIBLE DOWN //solution is still infeasible

8. end if

9. endif

10. return NO_DOWN  // No downgrade found keeping gain positive

11. end procedure
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3.2.2 Discussion

Our approach in this heuristic is to find the optimal or near-optimal solution by upgrading
the feasible solution. The algorithm will work if we start upgrading from any feasible
solution. Moser’s heuristic [27] finds a feasible solution starting from the highest-valued
items. Experimental results show that this approach does not perform well for practical
problems like AMS or SLA admission control where the resource consumption by the
items follow the monotone feasibilitv property (i.e., the item with higher resource
consumption gives higher value of revenue) in almost every case. However, it is easy to
find a feasible solution by checking the lowest valued items in the cases where the
resource consumption follows the monotone feasibility property. So we start from the

lowest valued items and try to find a feasible solution by upgrading the solution if the

current one is not feasible.

Our target in find_feasible_solution( ) is to find a feasible solution. Finding items with
less resource consumptions than the selected items is the main technique here. We do this
by selecting an item which releases some of the infeasible resources and does not make
any feasible resource infeasible. There might be more than one item like this. To select
the best one we use change in aggregate resource consumption, Aa; as the criterion.

Evaluation with this parameter penalizes those items that consume more resources than

the currently selected items.

In feasible _upgrade( ) we first consider items, which provide additional revenue while
decreasing aggregate resource consumption. The item with the highest positive Aaj; is
such a candidate. This is plausible as it leaves resources free for later use. Secondly, we
look for an item, which gives the highest revenue per unit of change in aggregate resource
consumption. To do this we use (Av;)/(Aay) as the selection criterion. This penalizes the

items which are giving small increments of value with higher resource requirements.



37

This is plausible as we are trying to maximize value, and we would like to leave as much

resource as possible free for later use.

In find_feasible_solution( ) and feasible_upgrade( ) we upgrade the solution value by
selecting a higher-valued item than the previously selected item. At a particular time we
will find no other upgrade through feasible_upgrade( ), due to the resource constraints.
Thus we proceed to the next step and try iterative improvement of the solution using one
upgrade followed by one or more downgrades in each iteration. Upgrading can be done
by more than one infeasible upgrades followed by downgrades. This requires more
computation and makes the overall complexity higher. We use the simplest one as our
target is to design a heuristic to do on line admission control. This is an attempt to avoid
getting stuck on a local maximum. If the heuristic fails to improve the solution in one
iteration, it returns the current solution, and terminates. The upgrade is based on the value

of (av,)/(aq;), the change of total value per unit change of scaled resource
consumption(Aa,’,). In this step we are dealing with a small amount of available

resources, as no other feasible upgrade is possible. For this reason, we scale the change of

resource with the available resource. The downgrade is based on the value of (aa] J/av; ,

the change of scaled resource consumption per unit change of total value. Here the

change of resource consumptionAa; is scaled by the over-consumed resource.

3.2.3 Examples Demonstrating Steps of M-HEU

‘V =36 ] v =46 ‘v =23 ‘
e Gnelia EFQ’ r=l ] =2, r=0 Maximum

- allowable
ltem 2 v :‘.;- s [v =30 J v=19 resource
r=4.r= =7, r=6 =3, r=1 Resource 1: 15

Resource 2: 15

c=14 v=29 v=16
ftem | “ =T o= ‘ ‘r=7 r=3 \ ‘ =2 p= ‘
r=7, r;—O 1= 7T rn=2,r=1 Knlpslck

Group 1 Group 2 Group 3
Figure 3.1 Example of an MMKP
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Demonstrating Step 1 (when the initial solution is infeasible)

Figure 3.1 is an MMKP with 3 groups. Each group has 3 items (indexed from | to 3 )
sorted according to their associated values. The resource of each item is two dimensional.
Item 1 of each group is initially selected. Thus the solution vector can be denoted by (1, 1,
1) where the ith element denotes the index of the selected item from the ith group. For
this MMKEP the initial selection is not feasible. The resource usage vector is (16, 4) where
16 and 4 denote the resource consumption by Resources | and 2 respectively. So

Resource | is the most infeasible resource i.e., k,=1.

Now for resource conservation we find Aa;; for all possible upgrades. The only upgrade
possible is to decrease Resource 1 is Group | from item 1 to 2 with Aa,;=28. The other

upgrades make the consumption of Resource | more infeasible. The computation of Aa,;

can be shown as follows:

Aa,, = Z("nk =N )x C,
k=1
= ("m —Nay )x C, "‘("l 12 "N )" C,
=(7-4)x16+(0-5)x4
=48-20=28
So the feasible solution will be (2, 1, 1) with total value 67 (= 22+29+16 ) and resource
usage (13,9).

Demonstrating Steps 2 and 3 (when the initial solution is feasible)

v=59 | (v=80 v=T1
ltem 3 E-|=6. r=3 E=7, r=4 n=9, r=1 :
) Maximum
— allowable
v= v =68 v=42
ftem 2 =8 [ =68 =2 resource
lr. 8.r=2 | |n=9,r:=3 ] r=4. r=3 Resource 1: 15

Resource 2: 1§

+=19 v=48 v=3§
Item | ‘_ _ I,.=7 =3 , ‘._ - '
ri=1, =1 ) 1= 2 r=s, r=1 Knapsack

Group 1 Group 2 Group3
Figure 3.2 Example of an MMKP
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Figure 3.2 shows an MMKEP. Initial selected solution is (1, 1, 1). This is feasible. The

resource usage vector is (8, 5). So no iteration is required in Step 1.

Feasible upgrades (Step 2)

Values of Aa;; and Av;i/Aa;; for all the feasible upgrades from the currently selected items

are as follows.

Aalz =-61 AV|2/Aa|2 =0.64 Aa|3 =50 Av|3/Aa|3 =0.80
Aarr = -56 Av22/Aa2_7_ =0.36 Aasyy = -45 AVB/Aan =0.71
Aasz; = -2 AV32/A£132=3.5 Aas; =-32 Av;;/Aa33= 1.125

Where Av,, =v,;, — v,

There is no positive Aa;. The highest increase of value per unit aggregate resource is

Avsy/Aaszy Thus Group 3 is upgraded from Item 1 to Item 2. We get current solution (1, 1,

2) with resource usage (7,7).

Similarly we calculate Aa; and Av;i/Aaj; as follows.

Aa;2=-56 Avi:/Aa|3=0.70 Aa;3=-49 Av)3/Aa,3;=0.82

Aayp =-49  Avn/Aar=0.41 Aaz;= 42 Ava/Aay;;=0.76
Aaz3;=-21 Avsi/Aai;=1.38

We upgrade the solution to (1, 1, 3) and the resource usage is (12,5)

There is no other feasible upgrade possible in Groups | or 2 as every upgrade makes the

resource usage infeasible.
Infeasible upgrade followed by downgrades (Step 3)

At first the current solution (1, 1, 3) with its total value 138 (=19 + 48 + 71) is saved.
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Now we upgrade ignoring resource constraints. The values of (av, )/(Aa,'j )for possible

upgrades are:

(Av,,)/(Aal,)=16.04 (av,;)/(Aa},)=21.43
(Av.,)/(Aal,)=8.57 (av,,)/(aal;)=18.11

Where, aaj, =Y fptik ZMok N Tha fie i 128 122, 44

~ R, -C, R -C, R,-C, 15-12 15-5

So Item 3 of Group 1 will be selected. The infeasible solution vector is (3, 1, 3) with

resource usage (17,7).

Now we will look for one or more downgrades so that the solution becomes feasible and

revenue becomes higher than 138. To do this we find (aa] )/Av; where downgrades give

total values better than 138. We find two cases:

(ada3; )/ Avy, = 0.06 (A3, )/ Avy, =0.09.

Where Aap =Z r3l1[3]k _rllk =r33|-"3” +r332 “"3” - 9—5 . l...l .:2.0
T e G-y C,-R, C,-R, 17-15 7-15

So we can downgrade Group 3 to from Item 3 to Item 2. Current solution is (3, 1, 2). The

resource usage is (12, 9), which is feasible and the total value is 149.

Now we look for upgrading using Step 2. There is no feasible upgrade from this solution.

So Step 3 will be executed again.

Save the current solution (3, 1, 2) with total value 149.
The values of (av, }/(aa) )for possible upgrades are:
(ava, )/(Aah, )=8.57 (Avay )/(Aad;)=17.45

(avs; )(aas;) =21.75
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So we upgrade to (3, 1, 3) with resource usage (17, 7). Every downgrade gives worse

solution than the saved solution. So we revive the saved solution (3, 1, 2).
3.3 Incremental Solution of the MMKP (I-HEU)

If the number of groups in the MMKUP is very large then it is not possible to run M-HEU
once every few seconds, as a real time system, (for example a multimedia system with
10,000 sessions) might well require. An incremental solution is a necessity to achieve
better computation speed. By changing the technique of finding feasible solution we can
use M-HEU to solve the MMKP incrementally, starting from an already solved MMKP.
This approach of incremental solution is similar to reinforcement learning [100]. In I-
HEU a feasible solution is searched by selecting a lower valued item at first. If no feasible
solution is found by searching lower valued item then we look for higher valued items
like M-HEU. Hopefully, we can re-use most ot the solution at hand and thus obtain the
new solution with less effort. The changed procedures are as follows.
find_feasible_item by _downgrade( ): This procedure retumns a lower valued item of a group than

the selected item of the group, which does not make any infeasible resource requirement more infeasible
and any feasible resource requirement infeasible and gives the highest Aa;; .

Begin Procedure find_feasible_solution_by_downgrade( )

This procedure finds a feasible solution of the MMKP by downgrading. If it fails to find any feasible
solution it returns fulse otherwise it returns true.

l.  k, « The resource which has the highest infeasibility factor f; .

2. f fi, <1 then

3. return true;

4. endif

5. do

6. (candidate_group, candidate_item) « find_feasible_item_by_downgrade( )
7. if candidate_group = null then  //No suitable item available

8. return false

9. else

10. change_selection( candidate_group , candidate_item )  // downgrading
11 end if

12. while not feasible( ) //still infeasible try again
13. return true

14. end procedure
Procedure I-HEU ()
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/*This is the main procedure to solve the MMKP incrementally using heuristic.*/
1. current_sol « previously selected item from the already solved MMKP and the lowest-valued items

from each new group /! Selecting initial solution
// Starting of Step 1

2. if find_feasible_solution_by_downgrade( )=false then  //trying by downgrading selected items
3. if find_feasible_solution_byv_upgrade( ) = false then //trying by uograding selected items

4. No feasible solution found for the MMKP

5. return;

6. endif

7. endif /lend of Step |

8. line 6-2/ of M-HEU //Step 2 and 3

9. end procedure

I-HEU will require almost the same amount of time as M-HEU if it is to find the near
optimal solution after doing a lot of upgrading and downgrading in the older groups as
well as new groups. It will give the best performance when the solution is determined by
upgrading or downgrading only the new groups of items. In the average case, it does not
require abrupt changes in the already solved groups after finding a feasible solution. Thus
we can expect some time advantage with this incremental method over M-HEU. We use
[-HEU to do admission control and QoS adaptation in the SLA controller of an Enterprise
Network [11]. The steps of [-HEU using upgrades and downgrades are equivalent to path
changes, upgrading and downgrading QoS of the SLAs as performed by the SLA
controller using N-HEU in an Enterprise Network [40].

3.4 Analysis of the Algorithm

We need to do thorough statistical analysis of the steps of the heuristics to determine the
average case complexity of the steps of M-HEU and [-HEU heuristics. For the
convenience of analysis we present the worst-case analysis of computational complexity
in this dissertation. We also show that the steps of these algorithms never regenerate a
solution state, so there is no chance of an infinite loop. We do not know how approximate
the solution is to the optimal solution for the average case. A lower bound of the total
value of the items picked by M-HEU shows the performance of the algorithm in terms of
the achieved optimality.
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3.4.1 Non Regenerative Property

If the two solutions of an MMKP have different total values or different resource
consumptions it is obvious that the items picked for these two solutions are not the same.

The obvious reasons for this convergence property are as follows:

Step | never makes any feasible resource requirement infeasible or infeasible resource
requirement more infeasible. Let there be two infeasible solutions S; and S; at the ith and
the jth iteration of Step 1. These might be from two consecutive iterations or from two
iterations separated by more than one iteration. The resource consumptions by these
solutions can be expressed as (Cii, Ciz, ... ... Cim) and (Cjy, Cpa, ... ... Cjm). Let the total
value earned from these two solutions be ¥; and V; and Vi=V;. So these solutions might be
the same if Cy=Cj where i=1,2, ... ... , m. This situation might happen if and only if the
infeasible resources in S; are the same as the infeasible resources in §;. Now the
intermediate iterations must select one infeasible resource to decrease its resource
consumption by selecting new item for a group. This decreased resource consumption
must not be increased on the way to the jth iteration. So the amount of infeasible resource

must be different for at least one resource. Thus Step | never regenerates a previously

generated solution.

Step 2 always upgrades the solution vector with increased total value. Let the solution
vectors and revenues in the iterations be {(S,,u;).(Sxu2), ... ... (Sitty) ... ... t. As we know that

W<U< ... ... <US ...l we can easily conclude that 5, =S, =--- 2§, #---.

Step 3 upgrades one item followed by downgrading one or more items for an increase in

total value, thereby excluding the possibility of regenerating a previously determined

solution or infinitely looping.



3.4.2 Computational Complexity

Sorting of the items in each group using the selection sort algorithm requires O(ll)

computation in the worst case. So we need O(nl 3) computations for sorting n groups in

the MMKP.

The computational complexity of M-HEU in Step | will be worst when there is no
feasible solution or there is a feasible solution located at the highest valued item of each
group and at each iteration only one item of one group moves one level up. Initially the
selected items of each group are the lowest-valued item of each group. So the total

number of upgrades in Group i is (/; — 1) and the total number of upgrades in Step 1 is

/]
D" (; -1). For convenience of analysis we assume that all groups contain the same number

i=i

of items. i.e., /=1. So the do loop (line 5-12) in find_feasible_solution_by_upgrade( ) will
be executed (n/ - n)times.

Line | in find feasible solution by upgrade( ) requires m divisions and m comparisons

to find the feasibility factors and the most inteasible resource.

During iteration (j+1) of the do loop (line 5-12) of find_feasible_solution_by upgrade( )
to determine the candidate group and item (line 6) a for loop (not shown in the pseudo
code) will be executed (n/-n- j)times. Each iteration of the loop requires the following

computations:
e m multiplication, m subtraction and m addition operations to determine Aa;;.

e m addition, m subtraction and m resource comparison operations to find the

feasibility of selecting an item.
e | comparison to determine the highest Aa;;

After selecting an item we need m addition and m subtraction operations to find the new

C.
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The total number of floating point operations in Step 1 is

([-lz)':'—{l(nl-n—j)x(6m+l)+2m}={nz(l—l)2 . "(I;l)}X(&n+l)+2mxn(1—l)

J=0 2
So, complexity in Step | is O(mnl(l—l)l).

Step 2 requires the highest number of computations when there is a feasible solution
using the lowest item from each group (initial solution). The do loop (line 1-6) in
feasible_upgrade( ) upgrades one level of one group in every execution and upgrading
continues until it reaches the highest valued item of each group. The complexity analysis

is almost the same as Step 1. There are (n/ - n) possible upgrades in Step 2.

During iteration (j + 1) of the do loop (line 1-6) of feasible_upgrades( ) to determine the
candidate group and item (line 2) a for loop (not shown in the pseudo code) will be

executed (n/ —n- j)times. Each iteration of the loop requires the following computations:

m multiplication, m subtraction and m addition operations to determine Aa;;.
e | division, | subtraction operations to determine Av;/Aa;;

e m addition, m subtraction and m resource comparison operations to find the

feasibility of selecting an item.
e 2 comparisons to determine the highest Av;/Aa;; or the highest Aa;;.

After selecting an item we need m addition and m subtraction operations to find the new

C.

The total number of floating point operations in Step 2 is

-

=0

(Hz),f—{l(nl—n~j)X(6m+4)+ZM}={nZ(I?—l)Z +"([7—l)}x(6'"+4)+ 2mn{l 1)

So, Complexity in Step 2, O(mnl(l —l)z)
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The available resource is very small in Step 3 compared to Step 2. We expect that this
step requires less iteration than the previous steps. This step is analogous to the hill
climbing approach in a plateau, for classical Al problems [14]. We present the worst-case

complexity required to escape from a local maxima using one upgrade followed by one or
more downgrades (line 9-20 in M-HEU).

In the procedure infeasible _upgrade( ) of Step 3 to determine the candidate group and

item (line 1) a for loop (not shown in the pseudo code) can be executed at most n(/ —1)

times. Each iteration requires:
e (m+1)division, (2m+1) subtraction and m addition operations to determine Av;/Aa’;;
e | comparison to find the highest Av;/Aa’;;.

So, the number of floating-point operations in the procedure infeasible _upgrade( ) is
n{l —1)x(4m + 3)

The do loop (line 13-15) in M_HEU( ) can be executed (n —1)(/ —1) times because the
already upgraded group will not be downgraded. To determine the candidate group and
item for downgrade (line 1) in feasible_downgrade( ) a_for loop (not shown in the pseudo

code) can be executed at most (n ~1)(/ —1) times. Each iteration requires:
e (m+1)division, (2m+1) subtraction and m addition operations to determine Aa;, /Av;; .

e 1 addition and | subtraction operations for checking the total value

e | comparison to find the highest value of A4j /av; .

e m addition, m subtraction and m comparison operations for checking the feasibility

So, the number of floating-point operations to find all the downgrades in the worst case

situation is (n— 1)}/ = 1{(n — 1)/ = 1)(7m +5)}.

Thus the worst case complexity to escape from local maxima is
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nll =1)x @m +3)+ (n= 1) = 1f{n =1}t = 1X7m + 5)}, which is Olm(n-1)*¢ - 1))

The complexity of M-HEU will be the worst when a sequence of one upgrade followed
by downgrades occurs. In the scenario that Steps land 2 are not be able to upgrade any
group, then Step 3 will upgrade one group, and transfers the control to Step 2. Step 2 will
fail again to upgrade any solution. This is a very unlikely situation. We do not present the
complexity analysis of M-HEU using only Step 3 in this dissertation. We consider Step 3
as an escaping technique for escaping from local maxima, as used in different local search
heuristics. So, an analysis of the combined complexity of Step 1 and Step 2 might be

indicative of the actual computational behaviour of the algorithm.

All the steps of M-HEU require more computations than the computations required by

sorting the items. So ()(nlz) complexity of sorting items will not change the overall

complexity of the heuristic. Step 1 finds the feasible solution and also upgrades the
solution. Step 2 upgrades this feasible solution. The orders of the computation complexity
in each iteration of Step 1 and Step 2 are the same. Therefore, the same kind of
computation is shared by Step 1 and Step 2. Again, Step 2 starts right after Step | and
with the feasible solution calculated from Step |. Thus the combined worst-case

complexity of Step 1 and Step 2 is Olmn?(-1)?).

[-HEU requires extra computation by find_feasible_solution_by_downgrade( ) in line 2.
The complexity will be the worst when a new group joins an MMKP where the highest
valued items are initially selected in each group and each iteration downgrades one item
of one group down towards a final selection of all the lowest valued items in the groups.
Let there be n groups including a new group in the MMKP. So the total number of
downgrades in the worst case is (7—1)/~1). The computations in each iteration are similar

to find_feasible_solution_by_upgrade( ). Thus the total number of floating point

(n=141-1)-1
operation in find_feasible_solution_by_downgrade( ) is Zﬁin—IXI-l)— jtx(6m+1)+2m]
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which is O(mnl(l—l)2 ) So the orders of computational complexities in the worst case for

all the steps of I-HEU are the same as M-HEU.
3.4.3 Lower Bound of Total Value by M-HEU

Here we present a lower bound of the total value of the items picked by the heuristic M-
HEU for an MMKP with single resource, i.e., MCKP. The achieved total value will not be
lower than this bound if we run M-HEU to solve an MCKP.

Consider a problem where all the lowest-valued items have zero resource with zero value.
We assume that all higher-valued items have resources greater than zero and exhibit the
monotone feasibility property. Let the initial solution be item 0 with zero value in each
group. This is the optimal solution when total resource constraint is zero. Now we
execute Step 2 of the heuristic. We find that Step 2 always selects the optimal solution in

each iteration for the resource it consumes. The following shows the inductive proof of

this statement.

Finding the initial optimal selection is straightforward. When all the selected items are
yielding zero total value and consuming no resource the item with the highest value per

unit resource is the optimal selection if there is available resource.

Let the current selections of the items give value V; with resource R;. This selection gives
the optimal value for the used amount of resource. We select an item which gives p extra
value with r extra resource in Step 2. This is an upgrade expressed by the pair (p , r). This
is the item which gives the highest value increase per unit increase of resource (for the
single resource problem, increase of aggregate resource is equivalent to the increase of
resource for the newly selected item) among all the possible upgrades. We have to prove

that total value (¥; + p) is optimal if the resource constraint is (R; + r).

Let there be other upgrades that yield a higher total value for the resource constraint (R; +
r). This might be obtained by the selection of several other smaller upgrades. Let the
upgrades be (po , r0), (p1, "), (P2, r)....... (pn , rn). These upgrades may be from the
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same group as upgrade (p, r) or from other groups. Assume these upgrades are selected
from the smaller upgrades inside the same group as upgrade (p, ). Now the total increase

of resource consumption for these upgrades is >, =r. For this increase of resource the
increase of total value is definitely ) p; = p. Thus the alternative solution will yield the

same total value. Consider the case where smaller upgrades are not from the same group

as the group of upgrade (p, r). We can prove that upgrade (p, r) is the optimal one as
follows:

Pi P [upgrade (p, r) provides the highest value increase with per unit increase of resource]
,

i

p
P o Zr =" X p -
=p; <= :Zp,<2—;—:-——-—< = <r:>Zp,.<p [as r=)r and

SrooXn xn

assuming r > 0]

Now consider an upgrade (P, R) larger than the upgrade (p , r), i.e., P > p. We have to
prove that selection of (p , ») will give better value than (¥; + P) if the selection leads to a
resource usage of (R; + R). Let the alternate upgrades be (p, ) and (p', R-r). These two
upgrades result in a resource consumption of (R; + R). According to the algorithm, the
increase of value per unit change of resource consumption is higher for the item which is

selected for upgrade than the items which are not yet selected.

’

p

-r

Therefore,

P .
—. Again
>R g

<=

>%. From these two inequalities we find the following

relation among P, p and p”.
p'>%(R-r)=>p'+p>P——gxr+p=>p'+p>P--’-’-xr+p=>p'+p> P
r

Thus the upgrade (p , r) is the optimal selection and Step 2 of our algorithm leads to the

optimal selection when resources are available.
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The heuristic continues to pick the optimal items while we have resources available for
any upgrade. When the optimal upgrade does not meet resource constraints it tries to
select an upgrade which does not violate these constraints. The worst case is a situation
when there is no upgrade possible with the limited amount of remaining resources. We
can find an upper bound of the difference between the optimal total value and the total

value of the selected items before reaching this condition.

Let the difference between total resource constraint and consumed resource in the worst
case be r; and the difference between optimal total value and current total value be p,.

r, > r,, where the infeasible upgrades in this situation are denoted by (p;,r:).

The upgrade (Pmax."max) gives the highest increase in value per unit resource among all the

possible upgrades in the MCKP. Obviously p_. > p,. Thus the lower bound of the

algorithm is Vipwor=(Usptimat - Pmax)» Where pmax is the change of total value for any
upgrade, i.e., maximum difference of values of any two items of any group. This is the
same as lower bound of the Lee’s heuristic for solving the MMKP using the convex hull
approach [7]. We expect approximately the same lower bound for the MMKP with

multidimensional resources.

Step 3 of the algorithm can improve the solution quality by upgrading followed by one or
more downgrades. These steps do not increase the lower bound of the total value but

increases the solution value in the average cases.

The algorithm will definitely show better results for a larger MMKEP, i.e., if the number of
groups and total amount of resources are increased. U,pima increases with a greater
number of groups as we get more selected items. Since ppyax remains the same and it
depends on the characteristics of the distribution of the items, so the ratio

Vicer [U opiimat Will increase.
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3.5 Solving the MMKP by Constructing Convex Hulls

The convex hull of the points in a two dimensional space is defined by the smallest
convex polygon containing those points. There are two different groups of line segments
in the convex hull connecting the bottom most and the topmost points. Each of these
groups of line segments are called frontier ot the convex hull. The QoS management
problem of the MRMD (Multiple Resource Multiple Dimension) system by Lee [7] can
be easily mapped to an MMKEP. So the solution algorithm proposed by Lee can be applied
to solve the MMKP. The MRMD system has some restrictions between required
resources for a QoS level and associated utility. The QoS levels follow a special
monotone feasibility order, i.e., a QoS level with higher utility must require higher
resource requirements. So this algorithm is not applicable for those MMKPs where some
higher-valued items require less resource consumptions than lower valued items. The
QoS controller of the MRMD system transforms each multidimensional resource to a
single dimension by multiplying a penalty vector as described in Section 3.5.1. Now the
quality of service level for each session represents a point in the two dimensional space.
The offered bid price represents the y co-ordinate and the transformed resource represents

x co-ordinate. A convex hull is constructed for each session with the points represented by
the QoS levels.

Gradient is a vector that always points in the direction of maximum change, with a
magnitude equal to the slope of the tangent to the curve at the point. Admission control
and QoS adaptation of a session is done based on the gradient of the segments of the
efficient convex hull frontier [58]. The frontier, which earns more revenue in terms of
resource usage is considered as efficient convex hull frontier. For the MRMD system the
gradients of these segments never become negative because of the monotone feasibility
property. We use different sorting criterion to make it applicable for the MMKP. We sort
the segments according to the angle between the positive x-axis and the segment. Thus

the negative gradients are mapped to the angles higher than 180 degrees. These segments
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are always in the beginning of the list and these are selected for upgrading in the
beginning. This makes the selection criterion reasonable because the items with higher
utility and lower resource requirements are always preferable for utility maximization.
Figure 3.3 shows two convex hulls. The dotted lines show the efficient convex hull
frontier. The efficient convex hull frontier of Group | has some segments with negative
gradients, which give more utility with less resource. On the other hand the efficient
convex hull frontier for Group 2 follows the monotone feasibility property. Every
segment on this convex hull frontier has a positive and non-increasing gradient. The use
of angles instead of gradient removes all the problems of picking items in the generalized

MMKEP. The next subsection presents the algorithm for solving the MMKP using the

convex hulls.

L3 »

Valuce

Group | Group 2

Resource Resource

Figure 3.3 Convex hulls of the items of two groups.

3.5.1 Heuristic Algorithm for Solving the MMKP using Convex Hull
Approach (C-HEU)

current_sol, saved_sol : The solution vector containing the indexes of the selected items
penalty: The transformation vector to transform from multidimensional resource to single dimension.

Utility( ): A function returning the total value earned from the selected items.
initial_penalty() : returns the initial penalty vector.
adjust_penalti( ) : returns the penalty vector based on the current resource usage.

list_of frontier_segments, ch_frontier: Lists of segments. A segment is a vector with two items
representing a straight line.
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P py ltems representing points in two dimensional space. The associated value represents the v co-
ordinate and transformed single dimensional resource represents x co-ordinate.

Begin Procedure C_HEU ()
1. current_sol « The lowest item from each group;

2. penalty « initial_penaltw();

3. forrepeat « | to 3 do /lonly three iterations for finding solution

4 saved_sol « current_sol //saving the current solution

5 u « Utilinv(current_sol) //saving utility

6. Jor each group in the MMKP do

7 Transform each resource consumption vector of each item using vector penalty.

8 ch_frontier « efficient convex hull frontier of the items of the group

9 list_of frontier_segments « list_of frontier_segments + ch_frontier

10. end for

11. Sort the segments of list_of frontier_segments in descending order according to the angle of each
segment with the x axis.

12. for each segment in the list_of frontier_segments do

13. P12 < The items associated with the segment.

14. current_sol « The new solution after selecting p, at first and then by selecting p>. Resource

constraint must be followed during the upgrades.

15. end for.

16. if Utlity()<u then // New solution is inferior than the saved one

17. saved_sol is the final solution.

18. endif

19. penalty « adjust_penaltv() //adjust penalty for the next iteration

20. end for

21. current_sol is the final solution.

22. end Procedure

Please see [7] for the detailed description of function initial_penalty() and

adjust_penalty().
3.5.2 Lower Bound and Computational Complexity

The worst-case complexity of finding the solution of an MMKP with n groups and / items

in each group is O(nl log nl + nim), where m is the dimension of resource consumption. The
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lower bound of this heuristic is (U, —6), where ¢ is the maximum difference between

any two items of a group. Please refer to complexity analysis of SRMD and MRMD

systems in [7] for detailed analysis.
3.6 Experimental Results

In order to study the run-time performance of M-HEU, I-HEU and C-HEU we

implemented these algorithms along with three other algorithms:

(1) BBLP, an optimal algorithm based on a branch-and-bound search using linear

programming
(2) Moser's heuristic, based on Lagrange relaxation.

(3) Greedy approach, based on a linear search of all the items of each group. It picks
the highest-valued feasible item from each group. In this dissertation we call this
heuristic G-HEU.

BBLP is infeasible in practical applications for larger data sets. Each iteration of BBLP
estimates the total value using the linear programming approach. We run the first iteration
to determine V,, o5 an estimate of the optimal solution. This estimate must be higher
than the optimal solution. Only one iteration using linear programming determines this
estimate whereas indefinite number of iterations determines the optimal solution. The
subsequent iterations generate estimates closer to the optimal total solution value. We
implemented all the algorithms using the Visual C++ programming language. For
simplicity of implementation, we assumed that each group has the same number of items,
ie, [, =l,=---=1,. We used the Simplex Method code from [51] for linear
programming. We ran the algorithms on a Pentium III IBM Think Pad 700 MHz with 192
MB of RAM running Windows 2000. We have performed experiments on an extensive
set of problem sets. We used randomly generated and correlated MMKP instances for our
tests. For each set of parameters n, / and m, we generated 10 MMKEP instances which are

correlated with resource consumptions and 10 random MMKP instances which are not
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correlated with resource consumptions. Please see [45] for the files containing these
MMKP instances. We ran BBLP, Moser’s heuristic, M-HEU and C-HEU on all 10
instances, and tabulated the averages of solution-value and execution time. To compare I-
HEU and M-HEU we have applied both algorithms to an already solved problem set after

dropping some existing groups and adding some new groups.

3.6.1 Test Pattern Generation

The data sets for testing the performance of different heuristics were initialized as

follows:

R.= Maximum amount of a resource consumption by an item

P.= Maximum cost per unit resource

R; = Total amount of the ith resource = nxR.x0.5, Here we assume R.x0.5 amount

resource for each session.

P; = cost of the ith resource= Random(P.) = A uniform discrete random number from 0 to
(P [ l)-

riix = The kth resource of the jth item of the ith group = Random(R.). As the total resource
for each session is R.x0.5, we can say approximately 50% solutions are infeasible

because there is a chance that items with resource consumption between R.x0.5 to R. may

be infeasible.

v = Value of the jth item of the ith group =Random(mx%-x %;)xi}'—l, when the item

-

values are not correlated with the resource requirement.

Vi = D rpx P+ Random(mx3x -RLx-PL) , when there is a linear correlation between the
10 10

resource consumption and item values
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To measure the performance of I-HEU we initialize an MMKP with a particular size. Let
there be n groups. This MMKP is solved by M-HEU. Now b groups are dropped out from
the MMKP from the top of the group list and a batch of b new groups are added. The
values and resources of the new items of the new groups can be initialized using the

above-mentioned functions. We can solve the new MMKP by two ways:
e Applying M-HEU directly to the initial problem set.

e Applying [-HEU to the previously determined solution.

The results from these two methods have been analyzed.

3.6.2 Test Results

Table 3.1 and Table 3.2 show the performance of the algorithms for correlated and
uncorrelated (random) data sets respectively with the number of groups ranging from 5 to
30. Here we find the optimality of G-HEU, C-HEU, Moser’s heuristic and M-HEU by
normalizing the total value of the items picked by the heuristics with the optimal value
(as found by BBLP). Table 3.3 shows the time requirements in milliseconds for the same
problem set. The computation times for the heuristics are not significant (less than a
millisecond) with respect to BBLP. We used the ftime( ) function of Visual C++ to
measure the elapsed time used by the algorithms. This function gives the current system

time with millisecond accuracy.

The graphs of Figure 3.4 to Figure 3.6 compares the optimality achieved by the different
heuristics with the increase in number of groups, number of items in each group and
number of resource dimensions. For the experiments done with larger data sets the
computation times for the optimal solution by BBLP are too large for practical interest, as
it takes too long (days or years) on the average to do the computation. So the solution
values of the heuristics have been normalized by the estimated optimum total value. The
graphs of Figure 3.7 to Figure 3.9 compares the time required by different heuristics. We
have not plotted the time required by G-HEU as it takes very insignificant time for this
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range of data sets. The worst case has been plotted following a quadratic function derived
from the worst complexity analysis. Figure 3.10 compares the performance of M-HEU
and [-HEU in terms of the total values achieved and the time required to solve the
problem. All the plotted data in the above mentioned graphs are the average of 10
problem sets. To verify the consistency of the results we present graphs showing Vo, ¢

and total values from different heuristics for 15 correlated and uncorrelated data sets in

Figure 3.11 and Figure 3.12.

Table 3.1 Performance comparison of BBLP, HEU, Moser, C-HEU and G-HEU for
correlated data sets. G, C, L, M and B indicate G-HEU, C-HEU, Moser s heuristic
(Lagranges polvnomial approach), M-HEU and BBLP respectively. Vy indicates the
total value of the items picked by heuristic X and X; indicates the number of times we

got a solution for the MMKP by using heuristic X.

" Eoym V¥ 00| Yoxioo | Soxioo | Bexion | Ve G G |L | M | B
Vy Vy Vs Vg
5 5 5 90.40 93.69 92.60 96.94 551.80 6 10 |8 10 | 10
5 7 5 90.79 88.77 90.40 95.96 609.70 |3 10 |8 10 |10
5 9 5 91.25 89.21 92.96 94.07 586.40 8 10 |9 10 |10
10 5 5 91.65 89.43 93.45 95.98 112690 | 6 10 |8 10 |10
10 7 5 92.13 89.57 92.95 94.93 1339.30 | 8 10 10 10 |10
10 9 5 91.66 91.37 93.38 94.93 1374.20 | 8 10 10 10 10
15 5 5 93.92 91.80 93.70 95.06 2003.10 | 8 10 10 10 |10
15 7 5 93.37 88.22 94.35 95.29 175110 | 6 10 10 10 10
15 9 5 92.35 90.02 94.57 95.97 2074.80 | 10 10 10 10 |10
20 5 5 94.12 90.67 95.67 96.82 2864.90 | 9 10 10 10 |10
20 7 5 94.26 91.45 95.32 97.25 2893.80 | 9 10 10 10 |10
20 9 5 92.80 90.21 95.11 96.45 2305.20 | 9 10 10 10 |10
25 5 5 94.45 92.81 95.13 96.92 331190 | 8 10 10 10 | 10
25 7 5 9464 90.14 95.01 96.16 3286.30 | 9 10 10 10 10
25 9 5 92.85 90.01 94.53 96.50 2685.70 | 10 10 10 10 |10
30 S 5 93.12 91.98 94.95 96.81 3631.50 | 9 10 10 10 10
30 7 5 93.55 90.38 95.02 95.70 3498.20 | 10 10 10 10 |10
30 9 5 94.34 90.09 94.74 96.42 3946.60 | 10 10 10 10 10




Table 3.2 Performance comparison of BBLP. HEU, Moser. C-HEU and G-HEU Sfor

uncorrelated data sets. The symbols carry the same meaning as Table 3.1.
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n Eom ¥ 00| Yoxio0 | textoo | firvico | V2 G |G (L (M B
l/; V, Vg Vg
5 5 |5 [7445 9244 9834 |9853 |27464 |10 |10 |9 10 |10
5 7 |5 |6817 |91.79 |9406 |9658 [29654 |10 |10 |8 10 |10
5 9 |5 7251 [9356 (9348 (9824 (32494 {10 {10 |9 10 |10
10 |5 }s 17621 |9665 |9569 |9994 |587.56 |10 |10 |10 |10 |10
10 |7 |S |7876 |9419 9284 |9892 6338 |10 (10 {10 |10 |10
10 [9 |5 [7899 (9031 {9426 |9732 (61748 |10 |10 {10 (10 {10
15 |5 |5 |7794 |948 9293 |99.06 (90352 |10 |10 (10 |10 |10
15 |7 |5 |8.31 |9360 |9431 |99.15 |98821 |10 |10 |10 |10 |10
15 |9 |5 |805 |9644 9283 |9891 |[1001.29 {10 |10 |10 {10 |10
20 |5 |S | 7980 [9687 [91.76 [9952 (127462 (10 {10 {10 (10 |10
20 |7 |5 |8485 19796 [9615 |99.57 [1393.10 [10 |10 |10 |10 |10
20 |9 |5 |86.76 |96.42 |9462 |98.99 | 137404 |10 |10 |10 |10 |10
25 |5 |5 | 8407 [97.19 |[9428 [99.03 |145558 |10 |10 |10 |10 |10
25 (7 |5 (8043 (9655 19292 [99.13 {157944 (10 {10 |10 (10 |10
25 |9 |5 [8693 [9674 [9149 9929 171374 |10 |10 |10 |10 |10
30 |5 |5 |8878 19845 |9751 |99.86 |189268 |10 |10 |10 |10 |10
30 {7 |5 |8.77 [9766 |9387 [99.80 (209357 |10 |10 |10 |10 |10
30 {9 |5 18795 (9682 [9475 [99.00 |[2153.96 {10 {10 |10 |10 |10

Table 3.3 Time requirements by BBLP for solving the MMKP with correlated and

uncorrelated data sets.

3

~

m tagp INMS lggLp in MsS
(for correlated data sets) (for uncorrelated data sets)
5 5 5 11.00 2.00
5 7 M) {6.00 5.00
5 9 5 22.00 6.00
10 5 5 242.00 16.00
10 7 5 1087.00 33.00
10 9 5 18713.00 61.00
1S 5 5 13726.00 44.00
15 7 5 35887.00 126.00
15 9 5 126147.00 147.00
20 5 5 78115.00 197.00
20 7 5 980619.00 275.00
20 9 5 471723.00 835.00
25 5 5 353385.00 276.00
25 7 5 452098.00 955.00
25 9 5 141629.00 2009.00
30 5 5 84722.00 593.00
30 7 5 725852.00 1276.00
30 9 5 2958402.00 3240.00
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Figure 3.4 Performance of different heuristics normalized with the estimated optimal

total value for the MMKP data sets with I=10 and m=10.
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Figure 3.5 Performance of different heuristics normalized with the estimated optimal

total value for the MMKP data sets with n=200 and m=10.
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Figure 3.6 Performance of different heuristics normalized with the estimated optimal

total value for the MMKP data sets with n=200 and I=10.
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Figure 3.7 Time required by different heuristics for the MMKP data sets with m=10

and [=10.
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Figure 3.8 Time required by different heuristics for the MMKP data sets with n=200

and m=10.
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Figure 3.9 Time required by different heuristics for the MMKP data sets with n=200

and [=10.
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Figure 3.10 Performance comparison of M-HEU and [-HEU in terms of total value

achieved and the time requirements for a problem set with n=200, =10 and m=10.
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Figure 3.11 Comparison of the total values of the items picked by different heuristics
for 15 correlated problem sets with n=200, =10 and m=10.
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Figure 3.12 Comparison of the total values of the items picked by different heuristics

for 15 uncorrelated problem sets with n=200, [=10 and m=10.

3.6.3 Observations

One can make the following observations from the presented tables and figures.

The heuristics produce solutions which are close to the optimal solutions provided by
the algorithm BBLP. M-HEU produces the solution nearest to the optimal solution

among all the heuristics.

We find from Table 3.1, Table 3.2 and Figure 3.4 to Figure 3.6 that M-HEU, Moser’s
heuristic and C-HEU give better results for uncorrelated data sets than correlated data
sets. C-HEU gives better results than Moser’s heuristic for uncorrelated data sets. This

is remarkable as C-HEU with O(n/lognl +nim) is giving better results than Moser’s

heuristic with O(mnz(/ -1) )

We also find from Table 3.3, Figure 3.7 to Figure 3.9 that for correlated data sets, all

algorithms take more time than uncorrelated data sets.
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We can give a plausibility argument of the behavioural differences between correlated
and uncorrelated data sets in solving the MMKP by M-HEU. When the data are fully
correlated, the items of a group lie on a straight line. The items with high resource
consumption and high values are picked first. So the algorithm goes to Step 3 when
there are significant amounts of resources available. Step 3 tries to improve the
solution with an upgrade followed by downgrades. This could potentially be
computationally expensive. But if the data sets are random then the picking of items
will not be biased (both high and low valued items will be picked with the same
probability) and we get nearly optimal solutions with a comparatively large number of
iterations in Step 2 and a few iterations in Step 3. When a data set is correlated there
is a chance that almost every combination is feasible. In an uncorrelated data set, we
generally get more infeasible picking constraints than correlated data sets. We do not
need to calculate the aggregate resources for those items. Therefore we can get a
solution with fewer iterations for random data sets than for correlated data sets. Recall
that the picking criterion of Step 2 is much more efficient for maximization of total
value than that of Step 3. This is likely the reason that M-HEU has better optimality
tfor uncorrelated MMKP data sets than correlated MMKEP data sets.

In Moser’s heuristic and C-HEU the most profitable items with large values and a
small resource requirement are given priority for picking, so we obtain the same
behaviour for these heuristics as M-HEU. G-HEU does not use any picking criterion

like this. This explains the random nature of the amount of time required by G-HEU.

The execution time requirements for BBLP in Table 3.3 show that BBLP is practically
infeasible for applications requiring real time decision making such as online

admission of customers to networks and multimedia servers.

M-HEU, Moser’s heuristic, C-HEU, G-HEU may fail to find a feasible solution where
BBLP succeeds. However, for the same set of problem instances, the number of

instances where M-HEU or C-HEU failed to find a feasible solution is much smaller



65

than the failed instances in Moser’s Heuristic or G-HEU. The columns denoted by G;,
Cs, Ly, M, B; in Table 3.1 and Table 3.2 show this. This might be due to the extra
steps used by M-HEU and C-HEU to find feasible solutions in the higher-valued

items with lower resource consumptions.

Figure 3.4 shows that for smaller problem sets the optimality achieved by different
heuristics increases with the increase in problem set size. But for larger problem sets
the optimality remains almost stable. We find almost the same trend for an increase in

the number of resource dimensions [Figure 3.6].

Figure 3.5 shows that the achieved optimality decreases with an increase in the
number of items in each group. This degradation is the worst for C-HEU. This is
likely because we completely ignore some items from the search space of each group

by constructing convex hulls. In other heuristics we ignore some items while picking

items but not at all.

Figure 3.7 and Figure 3.8 show that the time requirements of M-HEU and Moser’s
heuristic increase quadratically with an increase in group size (number of groups) and
the number of items in each group. The time required by M-HEU is 50% to 70% of
that required by Moser’s heuristic and also shows less variation than Moser’s
heuristic. The time required by all these algorithms in the experiments is less than the
estimated time requirement (derived from the worst case complexity) for the worst
case. The time requirement for C-HEU is much less than for the heuristics of
quadratic complexity such as M-HEU and Moser’s heuristic, implying that it is not

quadratic and it isO(n/logni+nim). Figure 3.9 shows how the time requirements

increase linearly with an increase in the number resource dimensions of the MMKP.

Figure 3.10 shows that the total values of the items picked by M-HEU and I-HEU are
almost the same. But [-HEU solves the MMKP quicker than M-HEU. The speed-up
factor depends on the batch size of the items added to the MMKP. Although the

worst-case complexities are the same for both heuristics, observation suggested we
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can expect faster responses by I-HEU in the average case. M-HEU is necessary to

solve an MMKP where there is no previously calculated solution.

e If we observe the difference between estimated optimal total value and the total value
of the items picked by different heuristics of the MMKP in Figure 3.11 and Figure

3.12, M-HEU appears to be more consistent than any other heuristics applied to solve
the MMKP.

e We find some irregularities in the data for computation time. As the computation time
required by the heuristic and BBLP depends on the contents of data set, it may happen
that smaller data sets take longer than larger data sets. The time requirements for
n=25 in Table 3.3 show this unlikely situation in practice. If the data set consists of
very few feasible solutions it might take less time to get a solution. We find the same
irregularity in Figure 3.7 (n = 280 to 370, uncorrelated data sets) and Figure 3.9 (m =

25 to 40, uncorrelated data sets) for Moser’s heuristics.
3.7 Chapter Summary

We have presented M-HEU, [-HEU and C-HEU, three heuristics of different
computational complexity to solve the MMKEP in this chapter. I-HEU and C-HEU are
very suitable for applications such as on line admission control in networks and
multimedia servers. Different heuristics can be used for different proposes. If the system
requires very quick response time then C-HEU and G-HEU are appropriate choices. I-
HEU can be used for better revenue when time constraints to do the admission control are
more relaxed. The next chapter presents the Distributed Multimedia Server System, a

description of the problem of distributing multimedia to users over communication

network.
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4. The New Distributed Utility Model for Distributed Multimedia

Server Systems

A new model for admission control and QoS adaptation of Distributed Multimedia Server
Systems (DMSS) is presented in this chapter. Different control architectures for DMSS

are also proposed together with their accompanying assumptions.

2

Client

Core Interconnect (CI)

Figure 4.1 A typical DMSS.

4.1 Distributed Multimedia Server System (DMSS)

The main purpose of the DMSS is to provide multimedia streams to users with

guaranteed QoS parameters, such as transmission bit rate, delay and jitter. The servers of
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the Distributed Multimedia Server System (DMSS) are a collection of multimedia servers
which can be located anywhere in the world and connected through communication
networks and owned by a single organization. They distribute responsibility for the
provision of multimedia streams and the content of multimedia streams amongst
themselves. Figure 4.1 shows a DMSS. Each multimedia server is accessible to the clients
through an EN (Enterprise Network)[Section 2.8.1]. Each EN is connected to all other
ENs through the Core Interconnect (CI). The CI carries the multimedia stream when a

user of an EN receives multimedia streams from a server of another EN.
4.2 Requirements of DMSS

To generalize the Distributed Utility Model, we consider a DMSS with the following

requirements.

e Multimedia data have multiple components such as text, audio, video, and images,
each with different characteristics. We assume that not all components of multimedia
data are necessarily retrieved from the same server i.e., the content of the multimedia
stream can be partitioned. For modelling simplicity we also assume that any two
components can come from different servers. (There must be another module in the
DMSS that is able to synchronize the components of the multimedia streams when
they are retrieved from separate servers. This problem is beyond the scope of
admission controller and hence of this dissertation. In reality, considering current
multimedia technology, certain pairs of components must come from the same server.
The video and the accompanying audio of a movie - e.g. a person's talking face and

the speech - must come from the same source, as the resulting synchronization

problem is otherwise formidable.)

e There may be replication of data in multiple servers. For example, video may be

replicated in two servers while text is stored in only one server [Figure 4.2].
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e Different servers may serve different types of multimedia streams (music, movie etc.).
Each server advertises its multimedia streams (the name of the music or movie) to the

other servers.

e There must be one or more admission controllers (not shown in Figure 4.1) in the
DMSS doing admission control and QoS adaptation of the submitted requests for

multimedia sessions.

Server | serving Server 2 serving Server 3 serving
Game I(statistics:text) Game [(video) Game [(video)
Game 2 (video) Game 2 ((statistics:text)) Game 2 (video)

User 1
Enjoying Game |

User 2
Enjoying Game 2

Figure 4.2 A tvpical example of Distributed Multimedia Service

4.3 Admission Control and QoS Adaptation in the DMSS

The admission controller in the single server version of the multimedia service provider
determines a particular QoS level for each multimedia session. In the DMSS, in addition
to this, the admission controller also determines which server a session will use for each
component of the multimedia stream. As DMSS resources are limited, it is necessary to
select optimal QoS levels and servers for the sessions to maximize the revenue earned by
providing multimedia services to the users, while not over consuming any resource. The
following example demonstrates the necessity of admission control and QoS adaptation

to achieve optimal revenue while avoiding over-consumption of resources.

Counsider two servers in the DMSS. Server | serves B/W video and Server 2 serves colour

video. One server cannot provide video to more than one user at a time. User 1 submits
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its request for multimedia service followed by user 2. The requests are shown in Table
4.1.

Table 4.1 Requests with options and offered prices for Multimedia service.

Quality Option Bid value (8)
User | User 2
B/W video 5 5
Colour Video | 10 IS5

Table 4.2 Quality adaptation and change of server .

Users Server for user | Server for user 2 Revenue
User | Server 2 (Colour) 10
Users 1 and 2 Server 1 (B/'W) Server 2 (Colour) 20

User 1 is willing to pay less for colour video than user 2. User 1 is downgraded to B/W
quality and forwarded to server 1. Thus the DMSS earns better revenue from User 2 by
serving colour video from Server 2 (we ignore the costs of supplying service in this
simple example, and assume that gross revenue equals net revenue). Hence, a separate
module must be employed to determine the admitted sessions and their optimal levels of

quality of service in Distributed Multimedia Server Systems.
4.4 Utility Model - Distributed (UM-D)

The Utility Model - Distributed provides a strategy for selecting an optimal set of sessions
(with particular QoS levels and selection of servers to provide multimedia stream
components) from the submitted requests for multimedia sessions. The goal is to
maximize the revenues earned from the selected sessions, subject to the resource
constraints imposed by the servers and networks of the DMSS. The UM-D mainly
describes the admission control and QoS adaptation strategy for the multimedia sessions

in mathematical notation. The following assumptions are made for modelling purposes.
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4.4.1 Assumptions

Users are required to communicate with (one of) the admission controllers of the
DMSS to submit their requests, and to receive admission or rejection decisions made
by the controllers. The servers of the DMSS notify the admission controllers about the
amounts of available resources. The controllers may communicate among themselves
to make a decision regarding a session’s admission. The underlying network must be

able to accommodate the messages required for the admission control and QoS

adaptation processes.

The utility obtained and resources required may not be the same for a given service
on two different servers, owing to the different costs of providing the service and the
different technology (e.g., operating system or compression algorithms) used in
ditferent servers. The utility is therefore defined as net revenue, i.e. the bid price less

the cost of service; it is assumed to always be positive.

The amount of available resources is not identical in different servers. The I/O
bandwidth and CPU cycles are the resources modelled for the servers of the DMSS.

The link bandwidths in the ENs and Cl are the resources modelled for the networks of
the DMSS.

Metrics such as available bandwidth, delay and jitter for multimedia transmission
from one EN to another EN are collected by a network performance data collection

facility. The values of these metrics are available to the admission controllers.

4.4.2 Mathematical Formulation

Let the following functions be available:

D(s.i)= Maximum latency suffered by a muitimedia stream transmitted on a path from

the sth server to the ith user of the DMSS.

J(s.i)= Maximum jitter on the path from the sth server to the ith user of the DMSS.
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There are n sessions in the DMSS. For each session the user specifies one or more
acceptable levels of QoS. The n sessions can be represented by n vectors of quality

profiles, as shown below. Session i contains /; quality profiles. Let the bid price offered by

user i for quality j be b;. Then

(-il =(‘-ill"ill'“"“‘"“""”""""Zilll)
é"l =(621"illv""'""-----"""'""q‘ll-_))
é" =((7"‘.(7"1..........n...........”.é"[")

Here, g; = the jth level of quality of the ith session.

Let there be N. component streams in the composite multimedia stream. The quality

vector G; has P; components, where 0 < P; < N.. A component of G;, G , is the level of

quality desired for component & of the multimedia stream for the jth QoS level of the ith
session. Note that Session / at QoS level j may not require all of the data components.

Thus, §,; = 0 implies that component £ is not required for QoS level j of Session i. The

associated delay and jitter constraints for g; are D;; and Jj;.

Quality component g, must be offered by at least one of the M servers in the distributed

system, or the session will be rejected out of hand. The offered bid price b; will be
distributed among the quality components by any suitable mapping function f (distribute

bid). Then the bid price b, will be mapped to utility (net revenue earned from the
component) i; by another mapping function f;, (bid to utility). These two mapping

functions will be more complex when the DMSS is owned by different organizations.
Maximization of utility for multiple organizations is beyond the scope of this dissertation.

Here, the utility is a vector. The sth component of the vector i;; is u;,, which indicates
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the utility if the sth server provides the kth component of the jth QoS level of the ith

session.
— ’
fdb (blj) = U (bUl . U‘) ............................. ,bl‘jpll )
' -
fbu (buL )= Wk
“ijk = ("I'jkl Syu ik aseeserree N “ijk.\' ............... y “I'jka" )

The utility of Component £, at QoS level j, from Server s, will be null (i.e.,u;, =0) for

the following cases.
e Server s does not provide component & of the multimedia stream.

® D(s.i)>D; or J(s,i)>J;, i.e., if the multimedia stream is transmitted from Server s,

then the delay or jitter bound cannot be satisfied.

Quality component q’./ k
uitiy  Ujjks
SCIVEr resource rcquircmenl ..
Vijks o

BW requirement Typc of resource (BW, CPU)

C:jlu;/

Session Link of the network

Level of quality

Server providing the service
Component of multimedia
stream (image, video, text)

Figure 4.3 subscript definitions

The users should be completely unaware of the distribution of quality and utility among
the servers. That is, the subscript s is to be made invisible to the users. If we map quality

g into the quantities of the m, resources from the sth server, then the resource vector

can be expressed as follows

Feliji ) = (ks s Tijis2 v e e v e Fijhsg »oveesmmmnsonennns +Fijksm )
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Similarly, to deliver multimedia quality component g, from the sth server, the
bandwidth requirement can be expressed as follows
C (G ) = (Cijast » Cijis2 v+ oee s Cijksy +erorrnnrrreserens »Ciiksp )
where
i = total number of network links in the DMSS.

The vector of available resources of the servers in the DMSS can be expressed as follows:

R=(R|.k2n"'~k:v ......... ’k‘")

Here R, indicates the resources provided by the sth server. The m, resource components

of this server can be expressed as follows.

R, = (R, Ry oveeemmeenee R

Now the problem can be formulated as follows

n &L Pom
Objective: maximizeU =YY" '3 x;vi.u;, » subject to the constraints listed below.

i j ks
Here, x; is the binary picking or selection variable associated with session i and level of
quality j, namely:

_ {l, if the jth quality level of the ith session is selected

x; )
¥ 10, otherwise

Yiis is the binary-valued variable associated with the selection of the sth server for

multimedia component & to provide the jth QoS level to the ith session.
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The constraints applied to this optimization problem are:

Constraint 1: For every session i/ only one level of quality j will be granted. i.e.,

l
D x; =1 where x; €{0.1}. The Oth QoS level consumes no resources with no revenue.
J

This is called null QoS level. When this level is selected the request is assumed to be

rejected.

Constraint 2: Any component of any level of quality for any session will be supplied by

M
resources from one server. i.e., Z»uh =1 where, v, {0}

s

This means that there is no need to provide one component of any multimedia stream,

from more than one server.

Constraint 3: All the components of a multimedia stream at a particular level of quality
will be stored in the servers of the system. No server is to be selected for any stream

component g, where utility «;, =0. This constraint ensures the integrity of the DMSS

agreement that a user will enjoy all the components of the multimedia stream specified in

ijk.r"ijlu‘ >0-

the granted QoS level i.e., i ¥

Constraint 4: (Distributed resource constraints)

p

H o

I
e For server resourcesd > Y x; v riko <R, , where o = 12,....m; and 5 =
7

i k

This means that any server s cannot provide more of the oth type of resource (bandwidth,
memory, CPU) than it possesses (R,,). Rigorous observation of this constraint and the

next one is, of course, essential to provide guaranteed levels of absolute QoS.

[Z

n I PoMm
e Forlink bandwidths, 3" ) > > x; v cj, <C,, where y=12, ... ... Y7
i i ks
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This means the total allocation, to all admitted sessions, of the bandwidth of a link must

not exceed its capacity C, .

4.5 Admission and QoS Adaptation Controller Architectures for

DMSS

The users of the DMSS receive multimedia streams at particular QoS levels , determined

by

the policy described in the UM-D. There are several possible arrangements or

architectures of UMESs (Utility Model Engines), working as admission controller(s) to

solve the UM-D in a DMSS cooperatively. Table 4.3 describes different architectures of

UME:s.

Table 4.3 Different architectures of UMEs

Architectures

Resource location

Distributed

Centralized

Distributed

There must be multiple UMEs and
The

UMEs will exchange messages to run

servers in different locations.
the distributed version of the admission

control and QoS adaptation algorithm.

UME has

multiple processors with shared memory.

The machine running the

The available resources of the multimedia
server are shared by the processors
running the parallel algorithm for optimal

admission control and QoS adaptation.

Centralized

Computation

This is called the broker architecture.
There is one UME solving the problem
and QoS

resources

of admission control

adaptation  where are

distributed among muitiple servers.

This is the simplest model. UME and
resources are located in one server. This

case has been studied by Khan [44].
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4.6 Candidate Architectures

Here we present two possible architectures or arrangements for constructive solutions of

the UM-D; the broker architecture and the fully-distributed architectures.

4.6.1 Broker Architecture

Client 2

Sending
Admission Request for ::ulumedm
or Rejection multimedia ream
message session
Broker
Server 2
Server |

Sending Statistics Placing order to
to the broker send MM to the
client

Figure 4.4 Broker for the DMSS. Similar arrowed lines indicate the same tvpe of

request, message or data transfer.

This architecture utilizes centralized computing performed by a broker. The broker is
interposed between the clients and servers of the system. The architecture of the DMSS
with broker is shown in Figure 4.4 for two clients and two servers. [These two clients and

servers might be from different regions.] The functions of the broker are as follows:
e It accepts requests from the clients (normal arrows).

e It maintains state information of resources, services and qualities offered to the

clients. Each server sends this state information to the broker (arrows with triple

lines).



78

e [t determines the set of the selected QoS levels and the server for each component of
the multimedia streams, to maximize utility of the system without violating any QoS

constraint.

e It notifies clients of the approval or rejection of requests and negotiates with them

(dotted arrows).
e [t orders servers to send data directly to the clients (thick arrows).

This is a suitable architecture to demonstrate the optimal selection of resources from a set
of servers, a current problem in content switching and routing [85]. This architecture is
also suitable for a centralized SLA Controller in an EN doing admission control and QoS
adaptation of SLAs in an EN. SLAOpt, implemented by Watson [40] is a good example

of such a system.

4.6.2 Fully Distributed DMSS architecture

Client | Client 2
Request for |
MM session : ',' Admission or
I3 Rejection message
Multimedia Y
/ stream P \
UME 1 UME 2
e 4
] Messages
between
Sending statistics the UMEs Placing order to
to the UME send MM to the
client
Server 1 Server 2

Figure 4.5 Fully distributed DMSS Architecture. Similar arrow lines indicate the

same type of request, message or data transfer.
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In this approach there is no centralized broker, as shown in Figure 4.5. All UMEs can
receive requests from clients and all UMEs run parts of the UM-D collectively to
maximize the revenue in the distributed system. This requires a distributed algorithm for
solving the UM-D. The following features make this fully distributed architecture more

attractive than centralized broker control architecture:
e It is more manageable. Each server in the DMSS can run an instantiation of the UME.
e [t is scalable, because the admission control is distributed among the UMEs.

e We get potentially better fault tolerance, because the failure of a UME does not

disrupt the service for all users.

So, this architecture is attractive for admission control of multimedia sessions in a DMSS
or SLAs in interconnected ENs, where multiple instantiations of the UME are deployed to

do admission control.

4.7 Chapter Summary

We have presented UM-D, a new model for admission control and QoS adaptation of
requested multimedia sessions in Distributed Multimedia Server Systems (DMSS). This
model gives the optimal strategy to select servers and QoS levels for a set of muitimedia
session requests. Two control architectures (centralized and distributed) to solve the UM-
D have been described, and their relative advantages and disadvantages have been
discussed. The next chapter describes how the admission control and QoS adaptation
problem in the DMSS using different control architectures maps to the variants of

Knapsack Problems.
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5. Mapping of Admission Control and QoS Adaptation Problems
to the Variants of Knapsack Problem

This chapter presents the mapping of the admission control and QoS adaptation problem
in a DMSS to the variants of Knapsack Problems based on the optimal strategies
described in the UM-D. Admission control and QoS adaptation by the centralized broker
architecture can be mapped to the MMKP. But admission control and QoS adaptation
using fully distributed controllers is mapped to the MMMKP, a new variant of the
Knapsack Problem. We introduce this new variant of the Knapsack Problem
mathematically. In this way the algorithms for solving the variants of the Knapsack

Problem are rendered applicable for admission control and QoS adaptation in the DMSS.

Client | Client 2

Sending
Admission Request for ;\:ullmwdm
or Rejection multimedia eam
message scssion
Broker
Server 2

Sending Statistics Placing order to
to the broker send MM tothe
client

Figure 5.1 Broker for the DMSS. Similar arrowed lines indicate the same type of

request, message or data transfer: Reproduction of Figure 4.4.

5.1 Mapping of the UM-D by Centralized Broker to the MMKP

Each server in the DMSS represents one knapsack with muitidimensional resources such

as CPU cycles, 'O and Memory. We ignore the link bandwidths for the simplicity of
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mapping in this chapter. Knapsack Problem specifies resource management. Our policy is
to do admission control by allocating resources. That is why Knapsack Problem is
suitable to represent the admission control problem. Admission control and QoS
adaptation in the DMSS can be mapped to the transportation problem [99] if we consider
only one QoS level in the session requests. The following subsections present the
mapping of sessions, QoS levels and resources of the servers defined in the UM-D to the

groups, items and resources of the MMKP.
5.1.1 Mapping of Sessions to the Groups

Each multimedia session request with a set of QoS levels submitted to the broker

represents a group in the MMKP.

5.1.2 Mapping of the QoS levels of a Session to the Items of a Group

The jth QoS level of the ith session, g, can be provided by one or more servers, because
the components of the multimedia stream can be partitioned and replicated in multiple
servers. We can find all the combinations of servers that can serve a particular level of
QoS of a particular requested multimedia session. Let there be M servers, each serving P;
components of ;. Now this level of QoS can be provided by M " combinations of

servers [Figure 5.2].

These combinations might have different utilities. These are indistinguishable from the
user’s point of view, but are very different from the DMSS broker’s point of view. Thus
one QoS level is transformed to multiple options. Each of these options is defined as QoS
with respect to Broker (QoS-B) and represents an item of a group in the MMKP. Let there
be /; QoS-B levels for a QoS level g;. The j'th QoS-B level of the jth QoS level is

defined by g, and the server providing the kth multimedia stream component is s, a

number lying between | and M. It would be computationally expensive (exponential

complexity) to find all QoS-B levels of the sessions submitted to a DMSS with large
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number of servers. However, The search space for QoS-B levels can be easily pruned if
the almost fully-loaded servers (the servers with small amounts of available resources) are
pruned from the list of those servers which can provide a component of the muitimedia
stream for the new admitted sessions. When there is no contention in the system we
arbitrarily prune some of the servers from the list of servers as admission control is not

necessary when there are avaialble resources in the system.

Servers Server M
Server |
M possible M possible M possible
' ophons options options
1Cumponenl 1 Component & Component P,

Multimedia Stream

M
possible combinations of beiny served

Figure 5.2 Different options of selecting servers

server serving a QoS-B Level Siiint = 8§ ’
ijj'k
QoS-B level q ...y
tyJ
L QoS-B level number
Quality component q ..
ijk
Utility u ij ks
server resource requirement r ij kso
BW requirement C ij ks 7 Type of resource (BW, CPU)
Session number jT L—— Link ot the network

Level ot quality . .
b - Server providing the service

Component of multimedia
stream (audio, video, text)

Figure 5.3 Subscript definitions
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5.1.2.1 Values and Resource requirements of the Items

As the UM-D distributes the utility of a QoS level among the components of the
multimedia stream, the utilility of a QoS-B level can be expressed by the summation of
the component utilities. The resource requirements in the servers and the network are

defined by the vector summations of the resource requirements of the components.

In mathematical notation, the utility, server and network resource requirements of a QoS-

B level g, can be expressed as follows:
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5.1.3 Mapping of Server Resources to the Resources of the Knapsack

If there are m. resource dimensions in each of M multimedia servers, then we can think of
a merged server with M xm_resources; it is in effect the union of the physical servers, and
its resources belong to the cross-product space (server, resource). In this way we can map

multiple servers to one merged server and hence to one knapsack. The links of the

network are considered as resources of this knapsack.
5.1.4 Objective of the Broker

Now, our problem is to find a QoS-B level for each session for maximum utility of the
DMSS, subject to resource constraints of the merged server, which is treated as an

MMKP. An example will help to clarify this scenario; one is provided below.
5.1.5 An Example of Mapping UM-D to the MMKP

Figure 5.4 depicts a DMSS with two servers, two sessions, two multimedia stream
components (f and g) and two resources (p and g) in each server. p; and g; represent the
resources in the ith server. The link bandwidths of the underlying network have been

ignored for simplicity.
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Figure 5.4 Resources and sessions in a DMSS

In Figure 5.4, the smaller rectangular boxes represent the service as well as the quality
components of the multimedia stream provided by a server for a session, and ; is the
value of utility for the ith server. Session 1 has 4 levels of QoS and Session 2 has 2 levels
of QoS. The sessions can get component f or component g of the multimedia streams
from either server, iff that server provides the specified component. As explained earlier
in Section 4.4.1, the resource requirement for a particular session might be different if the
session is served by different servers. For example, Session |1 has been admitted at QoS

level 2 and Session 2 at QoS level 1 (shown by the boxes with doubled borderlines).
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Session 1 is getting component f from Server | and component g from Server 2. So the
total utility from Session 1 is (7+4)=11. Session 2 has only component f for QoS level 1.
This component is served by Server 2 with utility 3. So the sessions consume (Zp,=1,
2¢,=0) resources from Server |1 and (Zp> = 4+6 , g, = 3+4) resources from Server 2. The
maximum units of resources provided by the two servers are (5, 6) and (10, 9)
respectively. The objective of the selection is to maximize U = ZU | +ZU », le,
maximize the total utility of the two servers; we assume that the utility of the

constellation of servers is the sum of their individual utilities, which is a plausible

assumption if they are owned by a single owner.
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Figure 5.5 Mapping of broker to an MMKP.
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Now to map the problem into an MMKP, the two servers are merged. The QoS-B levels
are shown in Figure 5.5. A QoS level has one or more rows of QoS-B levels separated by
dotted lines indicating choices of the servers within a QoS level. The resource
consumption by the first and second server has been identified by the boxes of solid and
broken borderlines respectively. Now this is an MMKP with 2 groups and 4 resources.

The first group has 11 items and the second one has 4 items.

5.2 Mapping of the UM-D to a New Variant of Knapsack Problem

Client | Client 2
Request for . 4
MM session s Admission or
/ T % Rejection message
Multimedia
’,’ stream < y
_!—.—‘.——.’ v
UME 1 UME 2
< >
Messages
between
Sending statistics the UMEs Plucing order to
to the UME send MM to the
client
Server 1 Server 2

—

Figure 5.6 DMSS architecture controlled by fully distributed controllers.
Reproduction of Figure 4.5.

We have already mentioned in Section 4.6.2 that using fully distributed UMEs in the
DMSS requires a distributed algorithm to solve the UM-D. The following points describe

how this problem maps to a new variant of Knapsack Problem.

e Each server in the DMSS maps to a knapsack and the UME in each server maps to a

solver picking items.
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e The resources of each server are the CPU, /O and memory. We can assign a link
between two servers in the DMSS to a particular UME, i.e., a particular UME

allocates or releases bandwidth on that link for the particular session.

e Each multimedia session submitted to a UME maps to a group in the solver of a

knapsack.

e Each QoS level can be served by several combinations of servers. Each of these

combinations represents an item in a group.

The Knapsack Problem represented by Figure 5.7 is different from the MMKEP, as it
consists of more than one knapsack amongst which the resources are distributed. Solving
the problem of maximizing the total revenue earned by all the knapsacks requires

communication between the solvers. So, distributed computing techniques must be

applied to solve this problem. The next section introduces the MMMKP
(Multidimensional Multiple-choice Multi Knapsack Problem), a new variant of Knapsack
Problem.
UME | UME 2 UME 3
: 1 | 2 [ z L]
: 1 [ : T :
I = I
[ Y A
lIO.C‘PU and /0. CPU and I/O.CI;U and
Memory d Memory i Mecmory
Solver 1 — Solver 2 — Solvcr3:
— 1 CJ C 3 CJ
1 1 1 i [ { | W R
1 33 Cd 3 S C3gp {3 . .4
Groups of ltems Groups of [tems Groups of Items

<

Server resources
and Link BW
Knapsack |

4

Server resources
and Link BW
Knapsack 2

Server resources
and Link BW
Knapsack 3

Figure 5.7 Mapping of the UM-D to the MMMKP.
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5.3 Definition of the MMMKP

We define the MMMKP as a distributed version of the MMKP, where the resources are
distributed among knapsacks. There is a solver associated with each knapsack for picking
the items from the group. So, distributed computing techniques will be required for

picking items. The following diagram shows an example of the MMMKP.

v=14 Solver 1 Solver 2 v=17
Item 3 rpn=d, rig=7 ran=10, r432=8
It 2 (v=10 v=i2 Available v=I3 Available
em {|:|=5. ria=7 rim=13, rn=0 Resource_, rin=0, rn=8 resource
Type ri: 23 Type ra: 18
v = ‘v =11 ] v=
Item 1 er=5.rnl=S roi=0, rp=4]  {Fsn=5. ra=3
v= v=0 v =0 viO
Item 0 rin=0.02=0 ran=0, ru=0 ri=0, rvz=0| {ran=0, run=0
Knapsack 1
Group 1 Group 2 Group 3 Group 4 Knapsack 2

Figure 5.8 An MMMKP with 2 knapsacks and one resource in each knapsack

Group | and Group 2 have been submitted to Solver | and Group 3 and Group 4 have
been submitted to Solver 2. Knapsack | contains 23 units of resource r, and Knapsack 2
contains |8 units of resource r,. The groups submitted to a particular solver are labelled
as local groups for that solver. A solver makes final decisions about picking items from
its local groups. Each item of the groups submitted to any of the solvers has a utility
value, and consumes specified amounts of resources r, and r>. Groups 2 and 3 are purely

local as they consume only one kind of resource: r| and r, respectively.

The state of the variable available resource in a knapsack is available only to its
associated solver for both reading and updating. In this sense, the two knapsacks are

autonomous; only Solver s can allocate resources of Knapsack s. The joint objective of
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the solvers is to pick exactly one item from each group so that the total value of the

picked items is maximized subject to resource constraints.

The following points clearly explain why this is not a simple problem of two MMKPs
running independently.

e The solvers can do their picking independently if and only if all the items of the

groups in all the solvers are purely local.

e We can divide each item into two sub items, one for each kind of resource
consumption. For example an item represented by v=14, 3= 4 r3;=7 (group 1 item
3) can be divided into two sub items as v=14, ri3;=4 and v»=14, r;32=7. Now these
two items can be submitted to Solver 1 and Solver 2 respectively. The solvers will not

be able to work independently, as they must interact to pick the same sub item from

each group.

e A solver could be allowed to pick items from its local groups to maximize revenue by
itself, subject to resource constraints in all knapsacks of the MMMKP. The example
in Table S.1 shows that we cannot maximize the total value earned by using this

strategy.

Table 5.1 Selection of the items using different strategies

Groups Picked Items Picked Items Picked Items

(Solver 1 is picking first | (Solver 2 is picking first | (Solver | and Solver 2 are
for maximizing revenue | for maximizing revenue | picking jointly)

by Solver 1) by Solver 2)
Group | 3 0 3
Group 2 2 2 1
Group 3 2 2 1
Group 4 1 3 2
Total Value V=26 V=20 =12 V=30 V=25 »=23

Resource Yn=22 =23 =23

consumption
Zr2=18 ZI'2 =16 Zr2=18
Observations Maximum profit from Maximum profit from The overall maximum
Knapsack | but not an Knapsack 2 but not an profit has been achieved.
overall profit overall profit

maximization. maximization.
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To define the MMMKP mathematically we need the following assumptions about the

problem.

There are M knapsacks. M solvers (one for each knapsack) pick items from the

groups.

The dimension of resources in Knapsack s is m; and it provides resources labelled as
U to s+ my- 1 inclusive. The total set of resources of the sth knapsack is defined by

(R},‘ VR iy Ry m )

Each solver is associated with exactly one knapsack. Only Solver s knows the entire
state of Knapsack s and Solver s is solely responsible for allocating the resources of
Knapsack s. The state information of a knapsack, such as  resources used or
available, is completely private to that knapsack and its solver, unless explicitly

communicated to another solver by messaging.

There are n groups of items. The ith group has /; items. The jth item of the ith group
requires r;; of the kth resource. Each solver knows which resource is served by which
knapsack. The value of the jth item of the ith group is v;;. n groups are distributed
among M solvers. The number of groups in Solvers 1, 2, ...,..., M are n\, na, ...,n,, ...,
nys respectively. The resource consumptions and associated values of the items of the
ns local groups of Solver s will not be advertised fully to all the solvers. The partial
resource consumption of an item for a knapsack is defined by the resource
requirement of the item from that knapsack. Thus, partial resource consumption of the
Jjth item of the ith group for the resources of Knapsack s is expressed by the vector

(s, Pt 1)+ i, +m, 1) - The partial resource consumption of each item for any

knapsack is sent to its associated solver. The set of M solvers will jointly execute a

suitable distributed algorithm to pick exactly one item from each group, so that the
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total value of the picked items for the entire set of solvers is maximized subject to the

resource constraints of each knapsack.

In mathematical notation, the MMMKZP can be described as follows.

”

I
Maximize ¥ = 3 3 x;v; , total earned value from the picked items of the groups of all
i=l j=1

servers

n A,

A
SUCh that, ZZ-Y’/'.U‘ < Rk’ al‘ld ini =l .
j=I

i=1 j=1
Where,

o k=t ayrmyel o e i) et Lty g L e L

e x, €10,1}. the picking variables

o i=1.2..mj=12.1.

For our example in Figure 5.8 we can express the problem as follows:
4 4 | 4 |
Maximize ¥ =Y x;v; , subjectto 3" x,r;; <R =23,and )" x;r;; <R, =16

=l j=1 i=l j=l i=1 j=1

5.4 Chapter Summary

In this chapter we mapped the problem ot admission control and QoS adaptation based on
the UM-D to the variants of Knapsack Problem. We introduce MMMKZP, a new variant of
Knapsack Problem to formulize the admission control and QoS adaptation problem for
fully distributed controllers. We need to run heuristics with lower time requirements to do
on line admission control and QoS adaptation in the DMSS. We have already described
the heuristics for solving the MMKP in Chapter 3. The next chapter presents heuristics to
solve the MMMKEP.
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6. Heuristics for Solving the MMMKZP for Admission Control and
QoS Adaptation

In this chapter we describe heuristics for solving the MMMKP. Here we present two new
distributed heuristics to solve the MMMKP. D-HEU, the distributed version of I-HEU,
requires a large number of messages. A-HEU, the arbitrated heuristic, determines the
solution of the MMMKP by arbitrating among the solvers with a lower number of

messages. But the total value of the items picked by A-HEU is often less than that of D-
HEU.

6.1 Distributed Incremental Heuristic Solution (D-HEU) of the
MMMKP

The solvers of the MMMKP are connected to each other through network connections as

shown in Figure 6.1. We have the following assumptions about the MMMKEP solvers:

¢ The network connections are reliable.

e The solver machines are running compatible software including the operating system.

In D-HEU, each solver in the MMMKP runs the same steps of I-HEU, the incremental
heuristic for solving the MMKP. The decision to upgrade or downgrade in I-HEU is based
on the change in aggregate resource consumption and the feasibility of the items in the
groups. As resources are distributed among the knapsacks in the MMMKP, the
computation of aggregate resource consumption and feasibility is distributed among the
solvers in D-HEU. This algorithm always produces the same result as I-HEU applied to
an equivalent MMKRP, if there are no floating point errors in the calculation of aggregate

resource. Please see Lemma 8.1 later in this chapter for a proof.
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Solver l Solver M |
Network Connections
Solver 2 Solver i

Figure 6.1 Architecture of solvers in the MMMKP

6.2 The Computations to be Distributed

In the presentation of D-HEU we use the following symbols that have already been

introduced in previous chapters.
C: = the amount of the kth resource consumed by already picked items
R, = the total amount of the kth resource.

k is the index of the resources. In an MMKP the index of m resources are 1, 2, ..., m. In

an MMMKEP the indexes of m, resources of the sth knapsack are u,,u, +1------, u, +m  —1.
pli] =index of the selected item of the ith group.

ri= the consumption of the Ath resource of the jth item of the ith group.

v;= The value of the jth item of the ith group.

Aggregate resource consumption, a; =7;C= the scalar product of the resource

requirement vector of an item and the total consumed resource vector of the knapsack.

The following subsections present how the computations performed by [-HEU are

distributed in D-HEU to solve the MMMKZP.
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(TF) for an upgrade to the jth item of the ith group can be determined by the following

expressions
M M
TCAR; =3 Apa;, and TF; =[] afj;
1= I=1

6.2.3 Finding an Item of a Group for Upgrading in Step 1 and Step 2

In Step 1, each solver can determine the item which gives the highest positive TCAR;;
with TF; =1 among all the items of its local groups. This is called a local candidate for
upgrading. The item, which gives the highest TCAR; with TF;; =1 globally among all the
solvers can be determined after each solver notifies the others of its candidate for
upgrading. We define it as the global candidate for upgrading. Each solver determines
the global candidate for upgrade and updates the selection pf]of the corresponding group.
There is therefore replication of this computation in the solvers. In Step 2, the feasible
items yielding the highest Av;#/TCAR;; can be similarly determined locally and globally by
the solvers through checking TCARs and TFs. An alternative approach of finding local
and global candidate might be to exchange complete resource states among servers.
However, this would violate the requirement for information hiding — keeping resource

data private to each solver - which we have imposed in the definition of the MMMKP.

6.2.4 Finding a«jand aq} in Step 3

The partial and total ratio of increased resource requirement to available resource can be

calculated by Solver s by the following formula

au,+m, —1

Tt =ik .

’ ol [& k r ’

Apﬂ,—is = E # and TCARU = E Apaijs
k:}l‘ k k s=1

These ratios are called scaled PCAR and scaled TCAR for infeasible upgrade , as this is

the basis of finding a candidate item for an infeasible upgrade.
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Similarly the partial and total ratio of decreased resource requirement to over-consumed

resource are defined as follows:

u,+m, -1 r ik -ry M
» IpLeIR ULS ” »
Apaijs = 2 : _}é.___kj_ and TCAR:] = 2 :Apaijs
k=p, T s=1

These ratios are termed scaled PCAR and scaled TCAR for downgrade, as this is the
basis of finding a candidate item to downgrade in Step 3. PFs and TFs are also calculated

in Step 3 to determine the feasibility of downgrades.
6.2.5 Finding an Item of a Group for Upgrading or Downgrading in Step 3

We can apply the same technique as in Steps 1 and 2 to find a local and global candidate

for upgrading or downgrading in Step 3.

Lemma 8.1 Let the total value of the items picked by D-HEU from an MMMKP be Vp.
new- By merging the knapsacks this MMMKP can be transformed to an MMKP. Let the
total value of the items picked by I-HEU from this MMKP be Vi.ygu . If there is no
precision error in floating point calculations then identical items are picked by D-HEU

and [-HEU ie., VI-HEU= VD-HEU»
Proof.

Due to precision error, two different results may be obtained by adding the same set of
floating point numbers in two different orders. That is, (x; + x2+ x3+ x4 ) is not always
equal to (x; + x2) + (x3 + x4). But, if we assume that there is no floating point precision

error then (x; + x2 + x3+ x3) = (x1 + x3) + (x3 + X3). i.e., the order of addition will not affect

the final result.

Now, if there is no floating point precision error in the computation of D-HEU and FHEU
we can derive the following expression:
Hyg iy ~1

Aa; = Z Tiptilk _"ijk)x G
k=m
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Hy+my = Hy+my =l Hyg iy |
("ip[ilk = Tijk )X G+ Z(rip[ilk =ik )" Citeennnn + Z Tiptitk — Yijk )"‘ Cy
k=m k=4 k=py

M
= ZAP“;I-S = TC4R‘]
/=1

As the feasibility is an integer, there will be no precision error in the calculation of partial

Hyg ¥y =1 M
k= {=l

Similarly, it can be shown that Adj; =TCARj; and Aaj; =TCAR]; when there is no floating-

point precision error.

Candidate for upgrade or
downgrade

Order of Searching in I-HEU or D-HEU : from left to right

P2 03 P23 T2 03 s

Solver:Knapsack | Solves/Knapsack 2 | .. Soilver/Knapsack M
Local Lacal Local
Candidate | Candidate 2 |  TUTTYTTTTT Candidate M

Global Candidate for upgrade
ordowngrade

Figure 6.2 Order of searching for candidate items in [-HEU and D-HEU

Both I-HEU and D-HEU find candidate items with the maximum change of value per
change of aggregate resource in Step 2. The change of value per unit change of aggregate
resource can be expressed by Av;/Aa; in I-HEU and by Avy/ TCAR;; in D-HEU. These
values are equal if there is no floating-point precision error. Hence, the candidate items in
I-HEU and D-HEU are the same if the candidate item search is done in the same order.

Otherwise, there is a chance of selecting two different items with the same Av;/Aa; and
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Av;/ TCARj;. In I-HEU, groups are indexed by the knapsack number and group number. In
D-HEU, groups are indexed by group number while finding local candidates, and local
candidates are indexed by knapsack number while finding global candidates. Figure 6.2
shows this order. Thus I-HEU and D-HEU will generate identical candidates for
upgrades or downgrades in Step 2. Similarly, we can show that the other steps of D-HEU

and [-HEU pick identical items resulting in equal total values.

6.3 Example of an Upgrade by D-HEU

The solution of an MMMKP can be defined by the vector (p{l}, o2}, ,poln]), where
P[] is the index of the selected item of the ith group. The initial solution of the MMMKP

shown in Figure 6.3 is (0, 0, 0, 0). Let the solution after one or more upgrades be (0, I, 1,
0) as shown in Figure 6.4. The boxes with doubled borderlines represent the selected

items. Following are the steps to do the next upgrade in Step 2.

e Each solver will find PCARs and PFs for each higher valued item in the knapsacks as
shown in Figure 6.5. All upgrades are feasible here.

e Solver 1 will send PCARs and PFs of Groups 3 and 4 to Solver 2. Solver 2 will send
PCARSs and PFs of group 1 and 2 to Solver 1.

e Solvers | and 2 will calculate TCARs and TFs as shown in Figure 6.6.

e Solvers | and 2 find the local candidates represented by the boxes with thick

borderlines in Figure 6.7. They exchange their local candidates.

e All TCARs are negative. So, there is no item giving better revenue with less aggregate
resource consumption. Item 3 of Group 1 is therefore selected as global candidate for

upgrade, as the change of value per unit TCAR is maximum for this item.
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Figure 6.4 An intermediate solution during D-HEU execution

v=I4 Solver 1 Solver 2
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v =0 v= =0 v=0 )
ro=0,n0=0 roi=0, r0:=0 rnn=0, rne=0 ri01=0, rs0:=0
Knapsack 1
Group 1 Group 2 Group 3 Group 4 Knapsack 2
Figure 6.3 An MMMKP with two knapsacks
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Knapsack 1
Group 1 Group 2 Group 3 Group 4 Knapsack 2
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Figure 6.6 Calculation of TCARs and TFs
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Figure 6.7 Calculation of change of value per total change of aggregate resource

(Av;;/ TCAR) and finding the local candidate items

6.4 Description of D-HEU

There must be M threads running in each solver of the MMMKP. There are two types of
threads:

Sender Thread: There is only one thread of this type in each solver; it is used to send
messages to the other solvers. This thread also does major computations such as

calculating partial and total change of aggregate resources, and finding local and global

candidates for upgrades or downgrades sequentially.

Receiver Threads: There are (M -1) receiver threads corresponding to the (M -1) other
solvers of the MMMKEP. The main jobs of these threads are to receive messages sent by
other solvers and update the local state to reflect change of aggregate resources and local

candidates for upgrades or downgrades.



6.4.1 Format of the Messages

102

All the messages start with the message identifier followed by the message body with

predefined structures. The Required messages are described briefly in the following table:

Table 6.1 Different messages used bv D-HEU

Message Type Description of the structure Monitor counter associated
with the message
Groups This is a list of groups. Each group is defined by no_of _groups_msgs
(solver number, group number, number of items, partial
resource requirements for the items)
PCARs & PFs This is a list of PCARs and PFs of the local groups.

PCARs and PFs of a group is defined by the following
vector:

(solver number, group number, number of items.
PCARs and PFs of the items)

no_of _pcars&pfs_msgs

Local Candidate

The following vector is used to indicate all kinds of
local candidates for downgrades and upgrades.

(solver number, group number, item number, change of
value per TCAR, feasibility of the candidate)

no_of local_candidate

_msgs

Local Total Value

The vector (solver number, total value) indicates the
total value of the items picked by a solver.

no_of local_total_value

msgs

Local Most
Infeasible
Resource

It contains the following vector

(solver number, resource number, infeasibility factor)

no_of local_most_inf res

_msgs

We need the monitor counters to synchronize the sequences of the heuristics among the

solvers. The algorithm can proceed to the next step after it gets the confirmation that it

has received all messages from the other solvers. All the actions on these counters must

be atomic, as shared access between receiver and sender threads might cause a deadlock.

6.4.2 Sequence of Events to Find a Global Candidate

Figure 6.8 shows the flow chart of the processes and events in D-HEU that take place

while finding the global candidate for an upgrade or downgrade. Each solver allocates

separate variables for the other solver’s local candidates and PCAR & PFs of the items of
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local groups. Variables for local candidate and an item’s PCAR & PF from another solver
are updated by only one receiver thread or sender thread. So, the actions ‘saving PCARs
& PFs’ and ‘saving local candidate’ executed by the receiver threads need not be atomic
or synchronized. The decision blocks in the flow chart check counters shared by all
threads, so these decision blocks must be synchronized. Please see Section 10.1 in the

appendix for the detailed pseudo code of D-HEU.

Calculating PCARs & PFs
of tocal items

Sending PCARs & PFs to
the other solvers

Waiting for messages
from a solver

no_of_pacrs&pfs_msgs

[ ] < no_of_solvers
PCARs & PFs revevresessenneeens W0€al Candidaze ...
Saving PCARs Saving local RUSI . . .
candidates Waiting for notification of

all PCAR calculations

no_of_pacrs&pfs msgs
- no_of solvers

Calculating TCARs & TFs.
Determining local candidate
Sending local candidate to the
other solvers

Notify the
sender thread

no_of _local_candidate _msgs
no _of_local _candidate = no_of_solvers

_msgs= no _of solvers

INotify the
sender thread

Waiting for notification of
all local candidate received

b

Determining the giobal candidate
for upgrade or downgrade
(performed redundantly by all
solvers)

v

Receiver Thread Sender Thread

Figure 6.8 Flow chart of distributed computation of global candidate.
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6.5 Complexity Analysis of D-HEU

For convenience of analysis we make the following assumptions:

Each knapsack has the same resource dimension. That is, m, =m, =---=m,, = "/M .

Each solver is assigned the same number of groups. That s,
nl =n2 =”'="4"' =%, .

Each group of the MMMKP has the same number of items. That is,
Iy =ly ==l =1.

We note that the computation and message passing techniques of D-HEU in Step 1 and

Step 2 are almost identical. Hence the orders of the complexities will also be the same for

these two steps. Here we present the analysis of Step 2. In this step we need

n(/ -1)upgrades in the worst case. The ith upgrade requires the following messages and

computations by one solver:

n(l -1 —i+l}x6—m floating point operations to determine PCARs & PFs.
M p

(M -1) messages to send PCAR&PF to others.

in(t -1)-i+1}xM floating point operations to determine TCARs & TFs and the local

candidate for upgrade.

(M -1)messages to send the local candidate for upgrade to other solvers.

M floating point operations to determine global candidate for upgrade.

The total number of floating point operations performed in Step 1 or 2 by each solver is

al(l-1)

i

Y {{n(l—1)-i+|}x%'['-+{n(1-l)—f+1}xM +M} Enl(l—l)z(%"+M+l)

The total number of messages sent in Step 1 or 2 by each solver is 2n{i - 1)(M ~1)
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In Step 3 we might have (n-1)/-1) downgrades in the worst case after one infeasible
upgrade to escape from a possible local maximum. A downgrade or an infeasible upgrade

in this step requires the same number of messages as a feasible upgrade in Step 2. For an

infeasible upgrade we need 4—"%&—-'—) floating point operations to determine the scaled

PCARs & PFs. For each downgrade we need 1'"—';5;—_—') floating point operations to

determine scaled PCARs & PFs. The number of floating point computations required for

calculating TCARs & TFs, local and global candidate for each infeasible upgrade are the

same as a feasible upgrade.

Thus, the total number of floating points operations required in Step 3 by each solver to

escape from local maxima is approximately(n-1)/-1)x { 7"":3 — ')} + 4'""}3 -1)

y y Tm
xn-1) -1y x—
(=1 (=17 <

!

The total number of messages required in Step 3 by each solver to escape from local

maxima is {(n -1/ -1)+1}x2(M 1) =2(n -1}/ - 1) M -1)

Thus the message passing complexity by D-HEU is o(Mn/). This is not practically feasible
for real time decision making distributed system such as a distributed SLA controller or
distributed multimedia server. For example, a fully distributed multimedia server system
with 3 servers (one UME in each server) might have 5000 multimedia session requests, 3
QoS levels in each request. Hence the number of messages for admission control in the
worst case is 39992. If each message takes 10 ms then time required for message passing

in the worst-case is 400 sec, which is much higher than the usual required response time

of a real time system.
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6.6 Arbitrated HEU (A-HEU) for Solving the MMMKP

This method of solving MMMKP requires many fewer messages than the D-HEU
algorithm; its message passing complexity is O(M). The solver in each knapsack runs I-
HEU independently. The candidate for upgrades and downgrades are calculated based on
the value of PCAR. Hence, as a simplifying assumption, the resources in other knapsacks
are completely ignored in this calculation. To find a feasible solution we first run Step 1
of I-HEU in each solver. If each solver finds a feasible solution and each solver satisfies
the resource constraint of all the selected items from each group, then we find a feasible
solution. Now, to find upgrades and downgrades, each solver sends its proposed selection
of items, calculated by running Step 2 and 3 of I-HEU, to the other solvers. The proposed
selection is sorted according to change of value per PCAR. The items in this sorted list,
which satisfy the resource constraints of all the knapsacks, can be selected. Thus

arbitration among the solvers is required to select items from the groups.

The same procedure can then be repeated until we run out of real time, to attempt to
obtain better total values. Here we present an arbitration technique to select the items
which requires only O(M) message complexity. The following example shows only one

arbitration step of A-HEU.

Solver 1 Solver2 v=17
Item 3 ran=10, ri32=8
Total Total
Resource Resource
It 2 FIO J E'—-'l?. J Typer:23 v=13 =12 Type n: 16
em U= 2= = 23| 2=0, rn=8 _- —
nu=5, nz=1 ran=13, nn=0 Corsumed nu=0, i | =7, re=7 Corsumed
Resource Resouce
v=9 v=11 C1:0 =11 v= Cr0
Item 1 nu=5.rn2=5 =12, rn=0 =0, mz=4 | (rn=S. ra=3
>y
=0 v=0 v =0 v=0 )
Item 0 r0i=0,r102=0 =0, rw=0 =0, no=0 r101=0, ru=0
Knapsack |
Group 1 Group 2 Group 3 Group 4 Knapsack 2

Figure 6.9 An MMMKP with two knapsacks. (Reproduction of Figure 6.3)



Table 6.2 Items picked by Solver | and 2 by running I-HEU independently

Groups Picked Change of | Resource consumption
Items value per
PCAR

Group 1 3 3.5 Resource consumption in Solver
1: =17

Group2 |2 0.923 2n

Group 3 2 1.625 Resource consumption in Soiver
2: 5 =16

Group4 |3 2.125 2
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If we run I-HEU in both the solvers of Figure 6.9 independently, the solution can be

shown in Table 6.2. As the lowest valued items are all zero we need not find a feasible

solution. Picking the jth item of the ith group can be expressed by(i. /). The proposed lists

by Solvers 1 and 2 are {(1.3).(2.2)} and {(3.2).(4.3)} respectively. These lists are exchanged

between the solvers. The sorted global list after merging these proposed lists is

{(1.3).(3.3).(3.2).(2.2)}. Now the feasible picks by Solver 1 are {(1.3).(4.3}(3.2)} with ) r, =14.

Similarly the feasible picks by Solver 2 are {(1.3).(4.3)} with ) r, =15. So Solver | and 2

can satisfy the first 3 and 2 picks respectively from the proposed sorted list of selected

items. They exchange this information and take the set intersection of their possible

solutions; namely, they pick the first 2 items from the proposed list. Hence the solution

after the first arbitration is {(13),(4.3)} with Y =14, > r, =15and ¥ =31.
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6.6.1 Format of the Messages

A-HEU requires messages “Groups” and “Local Total Value”. These are already defined

in the description of D-HEU. The other messages are listed as follows.

Table 6.3 New messages required by A-HEU

Message | Description of the structure Monitor counter associated with
Type the message
Proposed The following vector is used to define a proposed | no_of _local_proposed_list_msgs
Selected selected item
[tem List

(solver number, group number, item number, value

per PCAR)
Local The vector (5. L) indicates that the first L items from | no_of local_feasibilty_msgs
Feasibility | the beginning of the global proposed selected item
Index list are feasible with respect to the resources in

Solver s.
Solution This message indicates that a solver could not find | Not applicable because the solver

Not Found | any solution while determining proposed selected | terminates if this message is

items for feasible solution. received.

6.6.2 Sequence of Events in A-HEU

Figure 6.10 shows the flow chart of the processes and events in A-HEU during each
arbitration. We allocate separate variables for each solver’s list of proposed selected items
and local feasibility index. Thus, the actions ‘saving proposed selected items’ and ‘saving
local feasibility index’ executed by the receiver threads need not to be atomic or

synchronized. The decision blocks in the flow chart check counters shared by all threads,
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so, these decision blocks must be synchronized. Please see Section 10.2 in the appendix

for the detailed pseudo code of A-HEU.

Determining the proposed
sefected items and sending 1t to
the other solvers

Waiting for messages
from a solver

no_of_local _proposed _
list_msgs-no_of_solvers

r l

prop 4 sel d items Local infeasibility index
Saving proposed selected aving local
items of other solvers feasibility index Waiting for notification of all
proposed item lists received

Sorting proposed selected items
Tl Determinming local feasibility index
and sending it to other solvers

nao of local proposed
list_msgx-no_ol_solver

y

S

Yes no_of local _I&msibN
_index = nD_omm/x

Notify the J-

sender thread Waiting for notification of al!
l local feasibility index received

l

Determining the global feasibility
index and updating the selected
items.

no_of_local_feasibility index
- no_of _salvers

Receiver Thread Sender Thread

Figure 6.10 Flow chart of distributed computation by A-HEU
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6.7 Complexity of A-HEU

Here we present the computational and message passing complexity by one arbitration of
A-HEU as the first arbitration yields near optimal total value while the following

iterations improve the solution with increased total values.

Computational complexity to run I-HEU on an MMKP with »/M groups and

m/M resources is E(L) (/-1)*in Step 2 and 7—'"—(—"—-1) ({-1)* to escape from local
M\ M M\ M
minima in Step 3.

We require the following messages and computations in each arbitration to find the

candidate items for upgrading or downgrading:

2(M -1)messages to send local proposed list of selected items.

ﬂ("?;l)ﬂoating point operations to sort the locally proposed lists to determine the global

proposed list.

2(%”«/) comparisons to find the local and global feasibility index

4

Thus computation and message passing complexities in each solver are O(nz(l -2 ;{"’—;)

and O(M) respectively.

6.8 Experimental Results

In order to study the run-time performance of distributed algorithms to solve the
MMMKP we implemented D-HEU and A-HEU along with I-HEU using Java. For

simplicity of the implementation, we assume:

e Each group has the same number of items i.e., /| =/, =---,---=[, =5

n
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e Each knapsack has the same number of resources i.e., m; =my =---,--.=m,, =m=4.

e Each solver has the same number of groups i.e., n, =n, =--,-.c=ny, =n

L] c*

The algorithms were tested for an MMMKP with 3 knapsacks. Three different machines
were used as three different solvers and a fourth machine was used as a generator of the
MMMKP. The generator generates the groups of the MMMKP and sends them to the
solvers. The generator machine also runs I-HEU on the transformed MMKP from the

generated MMMKP.
Table 6.4 Specifications of the solvers and generator of the MMMKP.

Machine name | Machine type CPU speed | RAM O/S JDK Versions
Solver | IBM PC compatible | 750 MHz 256 MB | Windows 2000 | JDK 1.2.2
Solver 2 IBM Think Pad 700 MHz 192 MB | Windows 2000 | JDK 1.3.1 03
Solver 3 IBM PC compatible | 750 MHz 256 MB | Windows 2000 | JDK 1.2.2
Generator IBM Think Pad 700 MHz 192 MB | Windows 2000 | JDK 1.3.1 03

6.8.1 Test Pattern Generation

The total amount of resources in the knapsacks, resource consumption by the items, and

the values associated with the items are initialized as follows.

R.= Maximum amount of a resource consumption by an item

P.= Maximum cost per unit resource

R;= Total amount of the ith resource = n.xMxR..

P.= Cost of the kth resource = P. x Random (0.0, 1.0)

Random (0.0, 1.0) = A uniform continuous random number from 0.0 to 1.0.

Item O of each group has zero value with zero resource consumption, i.e., rix = 0.0 and

vio = 0.0. The other items of the groups are initialized by the following random functions:
ri= The kth resource of the jth item of the ith group = R. x Random (0.0, 1.0)

For initializing item values we use the following functions:
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v;= Value of the jth item of the ith group =) r,;, x P, + Random(0.0,1.0) x(m x M x %x f"—)

10
6.8.2 Test Results

The experiment was conducted for different values of n., from 100 up to 1000. The

following data was collected from the experiments and is presented in Table 6.5, Figure
6.11, Figure 6.12 and Figure 6.13:

e Total values ot the picked items and time required by D-HEU, A-HEU and I-HEU

e Number of messages required by D-HEU and A-HEU

e Required time, total value of the picked items and number of messages by one, two
and three arbitrations of A-HEU

Table 6.5 Ratio of total value of the items picked by A-HEU with respect to D-HEU.

Vi_uew indicates the total value of the items picked by the ith arbitration of A-HEU.

Vo yew and Vy_ye. indicates the total value of the items picked by A-HEU and D-

HEU.

Percentage of total Percentage of total [Percentage of total
Number of vall_le n theﬂrsr ivalue in the second [value in the third ?ercentage o.f total value
roups in each prbitration with bitrati ith bitrati ith in A-HEU with respect to
olver respect to D-HEU ~ [rooranon W itration w1 D-HEU
respect to D-HEU [respect to D-HEU
V.»‘I-HEU %100 V.}—HEU %100 Vj-ffEU %100 [/.*l—ffEU % 100
D~HEU Vo-neu Vp-uew Vo-ueu
100 92.63 93.07 93.07 93.07
200 90.71 91.15 91.15 91.15
300 92.27 92.56 92.56 92.56
400 91.43 91.52 91.52 91.52
500 91.35 91.35 91.35 91.35
600 92.43 92.43 92.43 9243
700 74.40 87.80 87.91 88.12
800 92.05 92.05 92.05 92.05
900 91.64 91.71 91.71 91.71
1000 92.57 92.77 92.80 92.80
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Figure 6.11 Total value of the items picked by A-HEU, D-HEU and [-HEU
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Figure 6.12 Number of messages required by distributed algorithms to solve the
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100 200 300 400 500 600 700 800 900 1000
Number of groups in each solver
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Figure 6.13 Time required by different algorithms to solve the MMMKP and MMKP

6.8.3 Observations

The total values of the items picked by D-HEU were exactly the same as total values

of the items picked by I-HEU for all generated MMMKP data sets in the experiment.

There was no floating-point precision error in the computations of aggregated

resource consumptions. This validates code written for D-HEU and IFHEU.

The time and number of messages required to run D-HEU are much higher compared
to A-HEU.
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e The total value of the items picked by A-HEU is approximately 90% of the total value

of the items picked by D-HEU, but A-HEU requires a negligible number of messages
compared to D-HEU.

e A-HEU scales better than centralized I-HEU. Figure 6.13 shows the effect of tixed

message passing time on the small MMMKEP data sets (100 groups in each solver). In

this case A-HEU takes longer than I-HEU. For larger MMMKEP data sets (equal to or

more than 200 groups in each solver) the effect of message passing time is less than

computation time and A-HEU provides a faster response than [-HEU.

e For almost all the MMMKEP data sets the total value of the items picked by first

arbitration of A-HEU is more than 95% of the total value of the items finally picked
by A-HEU.

6.9 Discussion of the Performance of A-HEU and D-HEU

An arbitration in A-HEU requires far fewer messages than does D-HEU. So an
iteration of A-HEU can be easily applicable for on line admission control
algorithms. The admission control algorithm can execute further arbitration for
better values if it has a more relaxed time constraint. Thus this algorithm is very
suitable for an online system that requires quick decisions with a sub optimal total

value, with the possibility of using more available time to improve the quality of

the computation.

The main reason for sub optimality in A-HEU lies in not considering all resource

requirements in the preliminary selection.

The arbitration technique for finding global feasibility index is another reason for
sub optimality. We give up upgrading from the proposed list of selected items if

we get one infeasible upgrade in the list. The very next item might be feasible. A
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new arbitration technique with O(nM) complexity might do that. However, if we
do the arbitration again, with a newly calculated proposed selected item list for
better total value, the competent items will get a chance to be selected. That is
why we prefer multiple iterations of the arbitration, to a new arbitration technique

with O(nM) complexity.

If the items of the groups consume all the resources of all knapsacks uniformly
then A-HEU is unlikely to get better total value in the next arbitration, because a

particular resource has already been exhausted in the previous arbitration.

In practical cases, such as multimedia servers and Enterprise Networks, a QoS
level of a session requires resources of a particular server or a particular network
link. So there is a chance to allocate available resources to other selected items of

the groups in the next arbitration.

Since A-HEU achieves almost 90% optimality of D-HEU in %)(nl)of the time

required by D-HEU, we do not see any apparent application of the D-HEU in real
time systems. But this algorithm can be used for non real time applications where
the system is allowed more time to solve the MMMKP for admission control and
QoS adaptation. D-HEU is a logical step towards devising A-HEU. The approach
used by D-HEU can be easily utilized to devise a parallel algorithm for the
MMKP with better scalability. Large amounts of message passing is the main
cause of the high time requirement by D-HEU. D-HEU might take less time if we
run the heuristic using a switching network with faster message passing
techniques. If the solvers are located in the same machine with multiple
processors then the delays in the network could be avoided and the processors are

used in parallel. We would expect better response time by D-HEU in this case.
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6.10 Chapter Summary

We presented two distributed algorithms D-HEU and A-HEU for solving the MMMKP.
D-HEU earns better revenue than A-HEU, but it requires a larger number of messages.
That is why it is impractical to use D-HEU in real time admission controllers. On the
other hand, A-HEU is scalable and it yields acceptable performance in earning revenues.
We can also adjust the number of A-HEU arbitrations to achieve better scalability. A-
HEU is thus applicable in real time admission controllers. We will apply these two
algorithms in admission control and QoS adaptation of SLAs in Distributed SLA
Controllers for the interconnected ENs in Chapter 8. Applications of the UM-D, Part Il
of the dissertation, starts from the next chapter where we apply the UM-D by a

centralized broker to the content routing by a set of Media Server Farms.
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Part II1: Applications
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7. Application of UM-D to Optimal Server Selection for Content
Routing

This chapter demonstrates that the Utility Model — Distributed (UM-D) can be applied
successfully to the problem of content routing for multimedia traffic [84][85]. Multimedia
content, such as video streams, audio streams and images, is generally provided at more
than one server, at more than one location, to improve scalability and fault tolerance. The
problem, then, is to select the optimal or a nearly-optimal server, from the set which hold
copies of a particular item of content, to deliver that content to a particular customer, in
order to maximize the revenue earned from the customers while fully respecting all QoS
guarantees. Mechanisms for content routing, as this procedure is called, have been given
by Johnson [83] and Barbir [86]. However, to our knowledge no one has preciously
presented a policy - an algorithm to select the optimal server to deliver a given item to a

given customer - to drive content routing mechanisms.

As the emphasis in this chapter is on servers and customers, the network which
interconnects them is incidental and of little interest. Hence we will use the simplest
architecture - the Broker architecture - for solving the UM-D in this work. We will assign
large capacities and very low costs to the links and switches of the network so as to
minimize their effect [Figure 7.2]. The performances of the broker using different
heuristics will be discussed based on simulation of the DMSS. The simulations will
illustrate the net-revenue-optimal selection of servers to deliver content while fully

respecting all QoS Constraints.

7.1 Multimedia Content Routing in the DMSS

Figure 7.1 shows an example of DMSS where the users and media servers are connected
to the switches of an interconnection network. Such a system can be used to provide

various multimedia services to customers who pay money for the multimedia contents.



120

However, provision of multimedia content over networks is still in its infancy, and so we

must rely on the following scenarios of plausible services to motivate our research.

Users connected Use ")
to switch P sers connecte
@\ : S“'HCh Q
Q =]
Users connected
to switch §
@ S
T
N Users connected
Users connected R
. to switch T
to switch R

Figure 7.1 Media servers in a DMSS. Circles represent switches, lines represent

communication links, rectangular boxes represent groups of customers connected to

switches.

7.1.1 Sporting Events

As an example, consider a fan watching a professional league football game which is
delivered to her TV set as a video stream or streams with accompanying audio streams.
Because bandwidth and cameras are inexpensive, 30 different views of the game are
available, taken from cameras located at midfield, behind each goal post, behind the
players' benches, or even from the cameras cemented to the players’ helmets. The fan can
select one or two of these streams using the TV remote control. The fan can also select

accompanying audio from a microphone collocated with the camera, or one of five
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commentator streams delivered by sportscasters, or an audio reflector site where fans can

hear one another's remarks.

Finally, the fan can designate any one player, perhaps by entering his jersey number or
clicking on his image, and receive extensive material about that player in the form of text,

images and video clips.
7.1.2 Buying a Car or Major Appliance

A prospective customer can view an introductory video clip about the car, showing its
exterior and interior. The customer can then select detailed video clips illustrating interior
options (e.g. leather seats) and exterior options (e.g. roof racks, alloy wheels). Any of
these can lead to marketing information such as prices, availability, etc, represented as

text plus images.

Finally, a seriously interested customer can initiate a videoconference with a sales person
to discuss and perhaps conclude a purchase. This would entail video and audio streams

and text documents.
7.1.3 A Tele-meeting

Immersive virtual reality and broadband networks offer the promise of very high quality
videoconferences or e-meetings. It may be possible to create an experience of such
fidelity and quality that the participants would notice little difference between the e-
meeting and a traditional face-to-face meeting. This in turn raises a large number of
unanswered research questions. However, it is clear that such an e-meeting would entail
several video and audio streams to represent participants to one another, plus image
streams (for presentations), images (e-whiteboards and posters) and text documents

(meeting paperwork).
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7.1.4 Movies

The media servers can offer Video on Demand (VoD) service to the users. The users can
get movie streams from a media server through the network. This service is attractive to
both the users and the owners of the servers and networks. A busy user can enjoy a
recently released movie or any of a very large number of classic movies while sitting at
home, and the owners of the servers and networks might be able to earn significant
amounts of revenue by providing this service. We demonstrate the ability of UM-D to
provide a server selection policy using the movie scenario as an example for simulation.
The numeric values of parameters needed to drive the simulation will be chosen to be

plausible for the movies scenario. Similar demonstrations could be undertaken for the

other scenarios.

7.2 Media Server Farms to Deliver Movies to the Users

Media Server Media Server Medlia Server
Farm-A Farm-B [Farm-C

Broker for
Admission
Control

Enterprise Network,
connecting the users, servers
and broker

Figure 7.2 A Media Server Farms for providing movies to customers

The main purpose of the set of Media Server Farms is to provide videos to the users with
guaranteed QoS. It is a DMSS owned by one company where the servers and users are
connected to an Enterprise Network (EN) as shown in Figure 7.2. The media servers store

a large collection of movies. The broker connected to the Enterprise Network works as an
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admission controller for requests from the users connected to the EN. We assume that the
Enterprise Network has sufficient bandwidth to carry multimedia streams for all users
from the servers, so as to de-emphasize the impact of network constraints and stress the

role of the servers. The broker therefore does admission control based solely on the

available resources of the media servers.

It might be realistic to provide movies at different QoS levels as there are different kinds
of video players with different qualities such as VHS, DVD and HDTV. The server
resource requirements for these video qualities are not the same. So, the cost of providing
different QoS levels must be different. Besides this, new movies (first round movies) are
generally costlier than old movies (second round movies). Users would likely be willing
to pay more to see a first round movie. In the simulation we simulate these variations in

the resource requirements, cost and bid price for a given quality level of a movie by using

random numbers.

Movies are replicated in the servers of the Media Server Farms. It is impractical to
replicate a particular movie in all the video servers of the Media Server Farms, because
each copy would require a substantial licensing fee. In the simulation, we have arbitrarily
considered at least 3 replications of each movie in the system and at least two different
movie copies on each video server. We have to store more than 2 copies of a movie on
each server to ensure at least 3 replications when the number of servers is not larger than
the total number of movies provided by the video server farm (10 movies and 5 servers, 3
replications of each movie and 6 copies in each server). Similarly, we have to replicate
more than 3 copies of movies in different servers to ensure there are at least 2 movie
copies on each server when the number of servers is larger than the total number of

movies (10 movies 25 servers, 5 replications and 2 copies in each server).
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7.2.1 Components of the Multimedia Stream Provided by the set of Media

Server Farms

The main component of the multimedia stream provided by the Media Server Farms is a
MPEG video stream. The users could also be allowed to browse the movie reviews,
interviews with director, producer and casts and facts about making the movie. This
accessory information would contain images and text, which is much less voluminous
(bandwidth intensive) than video streams. We assume that the images and texts required
for the accessory information does not exceed 0.5% of the video stream. Thus in a set of
Media Server Farms with fewer than 200 servers, only one server with accessory
information for all the movies would be enough to guarantee QoS. Figure 7.3
demonstrates the distribution and provision of movie content in a Media Server Farm

with 3 video servers and an accessory information (image and text) server.

User |

Enjoying movie 1

User 2

Enjoying movie 2

Accessory Video Server | Video Server 2 Video Server 3
information server serving serving serving
serving movie 1(video) movie 1(video) movie 1(video)
movie 1(review) movie 2 (video) movie 2(video) movie 2(video)
movic 2(review) movie 3 (video) movie 3 (video) movie 3 (video)
movic 3(review)

User 3
Enjoying movie 3

Figure 7.3 Distribution of video streams and accessory information in a Media

Server Farm.

7.3 Controlling Algorithm of the Broker

In Section 5.1 we presented the mapping of the UM-D using broker to the MMKP. The

broker for the set of Media Server Farms solves the MMKP to do real time admission
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control and QoS adaptation. An exact algorithm for solving the MMKP, such as BBLP, is
not suitable for real time decision making. We use heuristics such as [-HEU, C-HEU and
G-HEU for solving the MMKEP in the broker, as they compute near optimal solution in
less time -- often much less time -- than the optimal algorithm. In the following sections
we define the class of heuristics to solve the MMKP as MMKP HEU. The following

subsections present the admssion control and QoS adaptation methodology implemented

by the broker.

7.3.1 Admission Control and QoS Adaptation Methodology

New session requests are collected into a batch over a time interval called an epoch. Each
QoS level of the requested session can be satisfied by several combinations of servers. In
Section 5.1.2 we defined each of these combinations as QoS-B (QoS level with respect to
Broker) level. The broker finds the QoS-B levels for each new session. For the new
sessions a dummy null level, which gives null revenue with null resource consumption, is
added to the QoS-B profile. This null QoS-B level is the initial selected QoS-B level of
each new session request. The QoS-B levels are sorted in ascending order according to
their associated utilities. The change of a session’s QoS level to a higher or lower QoS
level is called an upgrade or downgrade respectively. The change of a session’s QoS-B
level without changing the QoS level is called a crossgrade; it indicates the selection of
a new set of servers for the same QoS level. MMKP_HEU is applied to the new sessions
as well as the already admitted ones, once in every epoch. MMKP_HEU finds the new set
of QoS-B levels in the next epoch by upgrading, downgrading, crossgrading or without
changing the QoS-B levels of the sessions, in order to maximize the total earned revenue
summed over all sessions. If the selected QoS-B level of a new session in the new batch
remains null after applying MMKP_HEU, it is rejected. The other sessions are admitted
at their non null QoS-B levels. The sessions enjoy the assigned QoS-B level for at least
the next epoch. When any session leaves, some resources are released. The next

computation of MMKP_HEU for the next batch of requests will use these released
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resources to upgrade some sessions and / or to admit more sessions. The following is the

algorithm for admission control and QoS adaptation using pseudo code.

Procedure admit_sessions( )

O LA W~

13.

active_session_list: The list of sessions that already got admission.
batched_session_list: sessions batched in the last epoch that are queued for admission.
rejected_sessions( ): Returns the sessions with null current QoS-B level.
accepted_sessions( ): Returns the sessions with non nul/ current QoS-B level.
waiting_sessions( ): Returns the rejected sessions which will wait for the next session to get admission.
temp_session_list « active_session_list + batched_session_list

//The sessions on which MMKP_HEU will be applied
batched_session_list « null //ready for new sessions
MMKP_HEU (temp_session_list) /fapplying MMKP_HEU to all the sessions
rejected_session_list « rejected_sessions(temp_session_list) // determining the rejected sessions
active_session_list € active_session_list + accepted_sessions(temp_session_list)

// updating active session list

. waiting_session_liste— waiting_sessions(rejected_session_list) // determining waiting sessions
. batched_session_list«— batched_session_list+ waiting_session_list

/lupdating the batch of the sessions seeking admission.
end procedure

7.3.2 QoS Adaptation when a Fault Occurs

If a server goes down then QoS adaptation is done as soon as the fault is detected. QoS

adaptation after any kind of fault is performed as follows:

Procedure adapt_sessions( )

1
2
3
4.
5.
6.
7

8.
9.

10.
11.
12.
13.

14.
15.
16.
17.

MMKP_HEU (active_session_list) /fTrying to adapt sessions
if no solution found from MMKP_HEU then // Solution not found
Jfor each session in the active_session_list do

current_QoS_levele— bottom most non null QoS-B level //Making resources free
end for

MMKP_HEU (active_session_list) // Applying MMKP_HEU for adaptation
if no solution found from MMKP_HEU then // again failed
//The following loop makes all resources free to readmit all sessions
Jfor each session in the active_session_list do
current_QoS_levele— null //starting from scratch
end for
MMKP_HEU (active_session_list) // Applying MMKP_HEU for readmission
rejected_session_list « rejected_sessions(active_session_list) //determining rejected sessions
active_session_list « active_session_list — rejected_session_list //updating active session list
#/The following loop makes resources free to admit the rejected sessions
for each session in the active_session_list do
current_QoS_levele bottom most non null QoS-B level//Making resources free
end for

temp_session_list < rejected_session_list //the sessions to be admitted again
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18. MMKP_HEU (temp_session_list) //trying to admit the rejected sessions

19. rejected_session_list « refected_sessions(temp_session_list) //determining rejected sessions

20. waiting_session_list«— waiting_sessions (rejected_session_list) //determining the sessions
waiting for the next batch

21 batched_session_liste batched_session_list + waiting_session_list // updating the batch of

the sessions seeking admission
active_session_liste—active_session_list + temp_session_list —rejected_session_list
// updating the list of active sessions

23. MMKP_HEU (active_session_list) //Trying to earn more revenue with the admitted sessions
24. endif
25. endif

26. end Procedure

7.4 Simulation of the Broker for the set of Media Server Farms

We simulate the broker of the set of Media Server Farms using I-HEU, G-HEU and C-
HEU for admission control and QoS adaptation. The performance data has been collected
by varying the epoch and the number of video servers. We also compare the revenue
obtained by I-HEU to the estimated optimum revenue using the linear programming
approach. We initialize the set of Media Server Farms with a small amount of the total
resources (10% of the usual capacity) to do this comparison, as the calculation of

estimated optimal revenue has exponential complexity.
7.4.1 Different Simulation Parameters

The following table presents the parameters of the set of Media Server Farms required for

the simulation.

Table 7.1 Different simulation parameters.

Parameter Meaning Value(s) for the experiment
MOVIE LENGTH Maximum length of movie. 3 hours
NO _OF MOVIE Number of movices in the st of Media Server Farms. 10
M Number of video servers in the set of Media Server Farms. 5.10, 185, 20. 25. 30. 35.40, 45, 50
NO_OF_REPLICATION Corresponding number of replications of MPEG video | 3.3.3.4.5.6,7.8.9. 10

streams.
COPIES PER_SRV Corresponding number of movie copies per server 6.3.2.2,2,2,2.2.2,2
ACC_FACTOR Ratio of resources required to deliver accessory | 0.005

information. to resource required to deliver video streams.
Luve Users waiting in the queue 10% of the total user enjoying the

multimedia service

NO_OF _DATA_SETS Repetitions of the simulation experimient. We present | 10

average results from these repeated experiments.
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7.4.2 Initialization of Server Resources

We simulate the media servers designed by Ninth House Corporations [82] in our
experiments. The specification of this media server and initialization of total resources in
our simulated video servers are as follows:

Table 7.2 Initialization of servers in the Media Server Farms.

Ninth

Type of Initialization function for | Initialization function for | Assumptions

resource house a video server in the | the accessory information
server DMSS server in the DMSS

CPU 400 MHz | 100xU(0.95,1.05)x1000 | M x100xU(0.95,1.05) Total 800 MHz is
dual x1000x ACC FACTOR | €quivalent to 100
processor - cycles.

RAM 256 MB 120xL/(0.95,1.05)x 1000 | M x120xU/(0.95,1.05) 136 MB is used by the

x1000x ACC _ FACTOR | O/S.
I/0 640 Mbps | 600x{/(0.95,1.05)x1000 | M x600xU/(0.95,1.05) 40 Mbps is reserved
bandwidth x1000x ACC FACTOR | for the system.

Ullower. upper) is a uniform continuous random number generator between the numbers lower and upper.

Random numbers are used in these functions to simulate the fluctuation of the available resources in
different servers due to O/S and different operating conditions.

Available resources are scaled by multiplying 1000 to apply fixed-point integer operations in the heuristics
to solve the MMKP.

7.4.3 Different QoS Levels

The users enjoy three QoS levels defined by three different resolutions of video and
image quality. The following table shows average resource requirements in the video
server, offered prices and costs for different QoS levels.

Table 7.3 Different QoS levels supported by the DMSS

QoS levels Resolution | Average /O | Average Average Average Average
bandwidth CPU cycles | Memory offered cost of
requirement | requirement | requirement | price by the | providing

user media

QoS 1 (Bronze) | 320x240 1.5 Mbps 0.25% 0.3 MB $1.0 $0.75

QoS 2 (Silver) | 640x480 3.0 Mbps 0.50 % 0.6 MB $3.0 $2.25

QoS 3 (Gold) 1024x786 | 4.5 Mbps 0.75% 0.9 MB $5.0 $3.75

The size of MPEG streams for different movies might vary drastically from the average

resource requirements listed in Table 7.3. Offered prices would vary from one user to
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another and the cost of providing multimedia streams would also vary from one movie to

another. In order to simulate these variations we initialize the resource requirements,

prices and costs as follows:

Table 7.4 Initialization of resource requirements for different QoS levels

Parameter Initialization function

1/0 bandwidth requirement for the kth QoS level of the video stream 1.5xkxU(0.75,1.25)x 1000

Memory requirement for the kth QoS level of the video stream 0.3xkxU(0.75,1.25)x 1000

CPU cycles for the &th QoS level of the video stream 0.25xk=xU(0.75,1.25)x 1000

Offered price by a user for the kth QoS level (2k + l)x U(0.75,1.25)x1000

Cost of providing Ath QoS level of a movie (2k + I)x 0.75xU(0.55,0.95)x 1000

Resource requirement for the kth QoS level of accessory information | 4CC_FACTOR x Resource
requirement for the kth QoS level of
video stream.

7.4.4 A Multimedia Session Request

The movie enjoyed by the user: U(NO_OF_MOVIE) + 1 , where UI()) is a random integer
fromOto (i-1).

Duration of the movie session = MOVIE_LENGTH x U(0.00 , 1.00)

Highest level of QoS requested by the user =UINQOS_LEVEL) + 1. So the user will
enjoy a QoS level from | to UNQOS_LEVEL) + 1 if the user is accepted by the broker.
For simplicity we assume that the users always get the same QoS level for the

accessory information as the video stream.

7.4.5 Simulation Events

User arrival: The interarrival times of users in service oriented systems such as
telephony, post office generally follow the exponential random distribution, i.e., the
number of new users requesting for service in each batch will not vary substantially.
Here we assume that the interarrival times of the movie customers in the set of Media
Server Farms follow exponential random number distribution. The capacity of the set
of Media Server Farms can be estimated by the number of sessions enjoying Silver

(average level of QoS) QoS at full load. This can be expressed as n =M xn, . Where,
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n, =estimated number of users enjoying Silver QoS from a server at full load

_ Total CPU cyclesin a video server
Average CPU cyclesrequired for Silver quality video

. The average duration of a session can

be defined by l/u = MOVIE_LENGTH/2. Now the average arrival rate 4 can be

. . AN+L,,, . . . .
determined from the equation n =—(——“—’“-) , which has been derived using queueing

ave
theory [94]. Here, u =service time of the queue and L, is the proportion of the users
waiting in the queue to the users enjoying the service. In this estimation, we assume
poisson service time although in the simulation the duration of watching a movie is
uniformly distributred.

e Departure of the user: If a user gets admission then she enjoys the application for the
specified period of time. But if she does not get admission then she will continue

waiting for the next batch with probability 0.5.

7.4.6 Simulation Environment

We have coded the simulation of the broker using the C++ programming language. To
analyse the system at full load a sufficiently large batch is allowed to get admission by the
broker initially to create contention of resources in the servers. Then we generate a small
batch in each epoch with average arrival rate 4. We calculate the revenue earned from the
users and the time required by the broker in each epoch to do admission control and QoS
adaptation. The time required by the heuristics depends on the problem set. That is why
we generate multiple small batches and calculate the average response time. In this
experiment we generate small batches in each epoch from Second 0 to Second 3000
(arbitrarily selected) of the simulated clock. Summation of the revenues of all the epochs
and average time requirement for admission control and QoS adaptation in an epoch are
the measures of broker’s performance in our simulation. We ran the simulation on a Quad

800 MHZ Pentium III UNIX Server with 2GB RAM.
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7.5 Computational Complexity of the Broker for the set of Media

Server Farms

The complexity of the broker depends on the size of the system, the number of users in
the system and the algorithm used to solve the MMKP. We present the complexity

analysis of the broker initialized here to run the simulation of the set of Media Server

Farms.

The total number of users in this set of Media Server Farms with (M + 1) servers is
approximately M x n,., where n, =estimated number of users enjoying Silver QoS from a

server at full load. There are M video servers and one accessory information server. Each

server has three resources, CPU cycles, Memory and /O BW. So, the total number of

resources = 3(M +1)

Each video stream is replicated in more than one server. The number of replications can

be expressed by M x2/10. On the average there are 2 QoS levels in each session. For each
QoS level we prune half of the possible QoS-B level. So, the number of QoS-B levels for
a session is approximately M /5. The MMKP solved by the broker has »n=M xn, groups,
I=M/5 items in each group and m=3(M +1) resource dimensions. Using the complexity

analysis of the heuristics of the MMKP we get the following worst-case complexities of
the broker in Table 7.5.

Table 7.5 Computational complexity in the broker using different heuristics

Time required in each batch (worst case estimation)

I-HEU {A{ nkz\/[ 3(M+[)) (M5)

25
O(—n‘Mlog —n‘M)] O(—n‘Mx3(M+l)) olm? )+ oM 1og M)
G-HEU o(?nkM x3(M + 1)] =olm?)

C-HEU

Algorithm used
in the broker
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7.6 Experimental Results

The following data were collected from the simulation and plotted.
e Revenue earned by different heuristics during the simulation.

e Average time requirements to do admission control and QoS adaptation at the end of

an epoch.
e Average size of the batch in each epoch.

e Estimated optimal earned revenue and revenue earned using I-HEU by the broker of

the smaller set of Media Server Farms.
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Figure 7.4 Ratio of the earned revenues by the broker using different heuristics with
respect to the earned revenues by the broker using [-HEU for different values of

epoch. The numbers in the parentheses are epochs.
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Figure 7.5 Earned revenues by the broker using I-HEU for different values of epoch.
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Figure 7.6 Average number of users in each batch processed by the broker using [-

HEU for different values of epoch.
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Figure 7.7 Average time requirements to do admission control and QoS adaptation

by the broker using G-HEU for different values of epoch.
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Figure 7.8 Average time requirements to do admission control and QoS adaptation

by the broker using I-HEU for different values of epoch.
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Figure 7.9 Average time requirements to do admission control and QoS adaptation

by the broker using C-HEU for different values of epoch.
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Figure 7.10 Average time requirements to do admission control and QoS adaptation
by the broker using different heuristics for 15 sec epoch for the estimated full load of

customers enjoying Silver level of QoS.
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Table 7.6 Ratio of revenue earned by the broker using I-HEU to the estimated
optimal revenue for the set of Media Server Farms of different sizes and epoch

lengths.

No of Servers
5 10 15 20 25 30
15 098 | 097 0.98 0.97 0.97 0.96
45 099 | 098 0.98 0.98 0.98 0.97
75 097 | 097 0.98 0.97 0.98 0.95

epoch
(sec)

7.7 Validation of the Simulation

We have tested the sequence of generated random numbers by applying the X test. This
test verifies whether a sequence of numbers fits statistical distributions such as the
uniform random distribution or the exponential random distribution. Consistency of the
obtained results also validates the code written for simulation. We find that a video server
can serve approximately 200 users with average (Silver) QoS levels. The data of average
batch size in Figure 7.6 is consistent with this number. The time requirements by the
broker using different heuristics to do admission control are also consistent with the
complexity analysis of the broker. This also validates the code for the heuristics. We will

discuss several observations on time requirements in the next section.
7.8 Observations

e [-HEU determines the operating QoS of the admitted session after analyzing all the
QoS levels of the sessions (admitted and requested) in the system. Hence it gives
better results than G-HEU, which is based on the FCFS (First Come First Serve) rule

and does not search extensively to achieve better utilization of resources.

e C-HEU is good for a small DMSS (a set of Media Server Farms with fewer than 15
media servers). Figure 7.4 shows worsening performance of C-HEU in eaming

revenue than G-HEU with increase in the number of servers as it increases the
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number of resource dimensions in the system. This might be due to the transformation

of a multidimensional resource to a single dimensional resource by C-HEU.

If we compare the earned revenue by I-HEU to the estimated optimal revenue we find
that performance of I-HEU degrades with an increase in the number of video servers

[Table 7.6]. But the degradation of the performance is not like G-HEU and C-HEU as
shown in Figure 7.4.

The response time of the broker using [-HEU in the DMSS is larger than the epoch for
a large set of Media Server Farms with a large number of video servers (epoch =15

sec and M>35). We have to increase the epoch or use higher speed CPUs for the

brokers.

The time required for admission control by the broker for each batch is far less than
the time required by the MMKP instances of equivalent size shown in Figure 3.7,

Figure 3.8 and Figure 3.9. This is due to the fixed-point computations done by the

broker in this experiment.

The plotted curves of the time required by the broker using I-HEU are steeper than
those for the broker using C-HEU or G-HEU [Figure 7.7 to Figure 7.9]. This is

because of the different degree of polynomial complexity of these heuristics.

The ratio of the degrees of the polynomial complexity of the broker using I-HEU, C-
HEU and G-HEU is 5:3:3. We find almost the same ratio for larger DMSSs with large

number of video servers in the logarithmic time requirement curves in Figure 7.10.

Batch size (the number of users seeking admission plus the number of active
multimedia sessions) depends on the size of the system. A larger system allows more

users to get in.

The time required for computation depends on the batch size, i.e., size of the MMKP.
In Figure 7.7 to Figure 7.9 we find that time required in admission and adaptation

increases with an increase in the number of servers and epoch size in almost every
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case. [-HEU, C-HEU and G-HEU invariably depend on the characteristics of the

problem set. If the problem size (batch size) is close, then we may find higher time
requirements for smaller DMSSs or smaller epochs. This irregular behaviour shows
up mostly in I-HEU and C-HEU.

e The revenue increases if we add more servers to the system and if there are
proportionally more users requesting admission to the system [Figure 7.5]. We do not

find any substantial change with the increase of epoch.

e If the broker is a very high-speed machine then a very small epoch can provide almost
instantaneous services to the users. But if the response time is not a major issue then a

larger epoch is acceptable.
7.9 Chapter Summary

This chapter presented several plausible scenarios of content routing of multimedia
traffic. Delivery of movie streams from the servers of Media Server Farms to the users
through the network is a plausible scenario for content routing. We collected the
performance data for the admission controller of the set of Media Server Farms in the
simulation. We find that [-HEU, the incremental heuristic of solving the MMKP earns
better revenue with worse response time than the other heuristics. On the other hand, G-
HEU, the greedy approach of selecting items in the MMKP has the quickest response
time among all the heuristics. Thus the selection of a heuristic for the broker depends on
the size of the set of Media Server Farms, number of users and the limit of response time
set for the system. Specifically, we get a delay of approximately 0.1 sec, 1 sec and 10 sec
by the broker for admission control and QoS adaptation of 5000 sessions using G-HEU,
C-HEU and I-HEU respectively. The next chapter presents another application of the
UM-D for admission control and QoS adaptation of SLAs by Distributed SLA Controllers

in interconnected ENs.
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8. Application of UM-D to Distributed SLA Controllers for

Interconnected Enterprise Networks

This chapter introduces Distributed SLA Controllers (DSCs) for admission control and
QoS adaptation of SLAs in a group of interconnected Enterprise Networks (ENs). We
present a distributed heuristic to find the candidate paths for the SLAs using the DSCs.
The admission control strategy of the DSCs is based on the DMSS with fully distributed
controllers. The distributed algorithms for solving the MMMKP are applied to do
admission control and QoS adaptation of the SLAs in D-SLAOpt, a Java simulator of a

DSC. We present experimental data to compare the performance of different algorithms
applied within D-SLAOpt.

8.1 Distributed SLA Controllers in a Network of Interconnected ENs

Interconnected ENs are generally used for communication among different parts or
groups of an organization. Each EN, we assume, is fully controlled by a subsidiary part of
the organization. The subsidiaries are assumed to be autonomous — one subsidiary does
not disclose its internal information to another subsidiary of the organization.
Autonomous management of ENs requires that significant control be kept within each
EN. Distribution of control also offers the benefits of making the ENs more manageable,
scalable, and fault tolerant. Distributed SLA Controllers are proposed to guarantee QoS of
the SLAs in a network of interconnected ENs. Each EN contains a Distributed SLA
Controller (DSC) for doing admission control and QoS adaptation of the SLAs submitted
to it. These SLAs are called local SLAs to that DSC. Figure 8.1 shows the DSCs for three

interconnected ENs.

We distinguish two kinds of SLAs, based on the source and destination of the SLA in the

network of interconnected ENs:

e Intra-EN SLA, if the source and the destination are located in the same EN.
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e Inter-EN SLA, if the source and the destination are located in two different ENs.
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Figure 8.1 Distributed SLA controllers in a network of with three interconnected ENs

Two different types of links can be distinguished in the network of interconnected ENs:

o [nternal link, a link that connects two nodes of an EN. An Intra-EN SLA uses links of
this type.

e External link, a link that connects two nodes (gateways) of two different ENs. An
Inter-EN SLA must use at least one link of this type.
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An Intra-EN SLA might be routed through another EN using external links, if the paths
through the internal links of the EN do not have enough free bandwidth. We ignore this

possibility in this dissertation.

Inter-EN SLAs must consume resources of at least two ENs, i.e., the resource
consumption is distributed among the ENs. So, the computation for finding the optimal
QoS levels and paths of the inter-EN SLAs to maximize the earned revenue from the

SLAs must be distributed among the SLA controllers, which must therefore communicate

in order to make globally optimal decisions.

8.2 Assumptions for Admission Control and QoS Adaptation by DSCs
Public Resources and Elements

e The value of the metrics for external links, such as link bandwidth, delay and

available bandwidth are public to every DSC of every EN and are periodically
updated.

e The topology of the global network is public to every EN. This network consists of
the external links and the gateways to the ENs.

Private Resources and Elements

e The topology and network parameters (link bandwidth, delay and available
bandwidth) of each EN are private to its DSC.

e Each EN will keep all internal routing data private and will not share it with other

subsidiaries.

e The values of SLA parameters are private to the DSC which received the SLA
request. That DSC will make the final decision for admission and QoS adaptation of
the SLA. However a DSC may send a part of an SLA to other DSCs to find the &

shortest paths for the SLA or to evaluate the feasibility of resource consumption of a
QoS level.



142

Communication among SCs

e Each DSC communicates with other DSCs using the external and internal links

through well-known gateways. [Any reliable protocol such as TCP over IP can be

used for message passing among DSCs]

e There might be more than one gateway in an EN to transmit traffic to another EN.

Each gate is connected to one or more gateways of other ENs.

e FEach EN may query its local gateway about transit delays to other gateways in that

EN to update the public information of external links.

8.3 Detailed Description of Figure 8.1 Describing Distributed SLA

Controllers in a Group of 3 Interconnected ENs

In Figure 8.1 we follow a naming convention for the nodes: the vth node of the xth EN is
numbered by x.v. This is useful for specifying source and destination of an SLA. The thin
lines connecting the nodes of a particular EN represent internal links. The thick lines
connecting two different ENs are external links. For example, the link 1.2—52.1 is an
external link. DSC,, DSC> and DSC; all have the statistics for delay, available and used
bandwidth on link [.2—2.1. But only DSC; knows the delay, available and used
bandwidth on link 1.2—1.4. The numbers over the links are delays, and might plausibly
be in milliseconds. The nodes with thick circles (1.2, 2.1, 1.4, 2.2, 3.1, 3.3) represent

gateways of an EN to another EN.

An intra-EN SLA from source S (node 3.3) to destination D (node 3.2) can be routed
through path 3.3—53.2 (thick doubled line) by DSC;. An inter-EN SLA from source
S’ (node 1.1) to destination D’ (node 2.3) will be submitted to DSC,. DSC, may disclose
a part of the SLA to DSC; to determine the subpaths in EN 2 for this SLA. The sub paths
denoted by thick double broken lines in EN 1 and EN 2 and connected by the external
link 1.2—2.1 denote one of the possible paths for this SLA.
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8.4 Mapping to the UM-D

The admission control and QoS adaptation problem in the DSCs of interconnected ENs

can easily be mapped to the UM-D in a DMSS by fully distributed controllers. The
following points describe this mapping.

Client | Client 2
Request for 4
MM session ,:’ Admission or
; % Rejection message
! Multimedia
; stream < y
UME 1 UME 2
> | s
d Messages
between
Sending statistics the UMEs Placing order to
to the UME send MM to the
client
Server 1 Server 2

\ g

Figure 8.2 DMSS Architecture controlled by fullv distributed controllers.
(Reproduction of Figure 4.5)

e Each EN can be mapped to a multimedia server in the DMSS. This is not a physical
mapping as a multimedia server is connected to a node of an EN in the DMSS. We
can visualize this mapping from the service point of view. The ENs provide
bandwidth to the users who submit their SLA requests through DSCs and multimedia
servers provide multimedia streams to the users who submit their multimedia session

requests through a UME.

e The internal link bandwidths in an EN correspond to the resources (CPU cycles,

memory, /O bandwidth etc.) in a multimedia server.

e The external links among the ENs are equivalent to the communication links among

the multimedia servers.
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Each SLA is equivalent to a multimedia session request submitted to a server in the
DMSS.

The delay associated with a given QoS level of an SLA is equivalent to the delay

allowed for a multimedia session at a specific QoS level.

A path for an SLA consists of internal links from different ENs when the source and
destination are not in the same EN. This is analogous to a composite multimedia

stream (e.g., video and text) provided by more than one server connected through the
links in a DMSS.

Each DSC works as a Utility Model Engine (UME) determining the SLAs to be
admitted at particular QoS levels such that revenue is maximized. Each UME will run

a distributed heuristic to pick QoS levels for near optimal total revenue.

H 4 4

: Server Serverle___ | Server
! ,

Distributed Admission Controller in the DMSS

Figure 8.3 Mapping of DSCs to UMEs. The single- lined two-way arrows represent
communication among the components. The double- lined two-way arrows represent

mapping.
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Thus each DSC is equivalent to a Utility Model Engine in a fully distributed controlled
DMSS. Figure 8.3 shows the mapping of DSCs to the Distributed Admission Controllers
(Utility Model Engines) for the DMSS.

8.5 Working Principle of a DSC

We implemented distributed versions of the computations done by a centralized SLA
controller to do admission control and QoS adaptation in DSCs. The architecture in

Figure 8.4 shows the two main computational components of a DSC.

SLA admission/rejection SLA admission/rejection
decisions to users decisions to users
- le o A It—
SLA —’[ A-HEU/D-HEU (¢ g A-HEU/D-HEU
Requests SLA Requests
from users DSC, DSC: i
) rom users
"uumﬁdllc paths finder ]I< =1r K candidate paths finder l“"

H
oy H ~

Figure 8.4 Architecture of DSCs for two interconnected ENs

The main job of the K candidate paths finder in a DSC is to find K paths from the source
to the destination of each local SLA. The value of K depends on the policy of the DSC.
When there is contention in the network the shortest path might not be feasible to route
SLAs. That is why we determine the K shortest paths, so that DSCs can route the SLAs
through the alternative paths satisfying the maximum delay specified in the QoS levels.
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For each SLA the link bandwidths are reserved for only the path, which are selected for
that SLA. So there will be no provision of fault tolerance when a link failure occurs. For
intra-EN SLAs we could easily apply, for example, the K shortest paths algorithm
proposed by Eppstein [8] to the graph representing the EN. But the K shortest paths for
inter-EN SLAs cannot be determined without the help of other DSCs as the topology of
an EN is private to its DSC. We can arbitrarily pick links joining the ENs and then
calculate K shortest paths within each EN. Here we propose a more refined distributed
heuristic to determine K candidate paths for inter-EN SLAs by applying Eppstein’s K
shortest paths algorithm hierarchically. This requires message passing among the K
shortest paths finder modules (shown by the bi-directional arrows in Figure 8.4). We

present a detailed description of this algorithm in the next subsection.

We have mapped the problems of admission control and QoS adaptation by a DSC to the
UM-D [Section 8.4] and we earlier mapped the UM-D using fully distributed controllers
to the MMMKEP [Section 5.2]. Thus admission control and QoS adaptation problem by
DSCs finally maps to the MMMKP, where each EN represents a knapsack and the
associated DSC represents a solver. A feasible path (one of the K candidate paths)
satisfying the constraints specified in a QoS level of an SLA represents an item of a group
in the MMMKP. We solve this MMMKUP using distributed algorithms such as D-HEU
and A-HEU to determine the rejected SLAs and admitted SLAs with appropriate routes
and QoS levels.

8.6 Heuristic to Find the K Candidate Paths in a Group of

Interconnected ENs

The central technique of this algorithm is to apply Eppstein’s [8] K shortest paths
algorithm hierarchically in two levels. First we apply the algorithm in the global nerwork,
a network with the external links and gateways. Then we apply the K shortest paths
algorithm to find the sub paths in each DSC’s EN. Finally these sub paths are merged to
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choose the K candidate paths. This approach of finding paths over the ENs is not new.
The general idea, i.e., a complete path is composed by several path segments and each of
them is a localized shortest path, is used in OSPF inter-area and inter autonomous system
routing [79] [80]. However, with Autonomous Systems the Internet uses a distance-vector
algorithm as K shortest paths algorithm is considered unscalable and too expensive.
Finding the candidate paths will require lots of messages if we find one path at a time.
But if we calculate candidate paths for a batch of inter-EN SLAs it requires the same

amount of messages as finding the candidate path of one inter-EN SLAs.

8.6.1 Finding Paths in the Global Network

Figure 8.5 shows the global network comprising the 3 interconnected ENs shown in
Figure 8.1. The dotted lines in this figure are dummy links or paths inside the EN between
two gateways of an EN. The topology of the global network is public to all the DSCs, so
any DSC can easily determine the K shortest paths in the global network for an inter-EN
SLA. The delay for a dummy link between two gateways is unknown at this level: Only
the delays in the external links are considered here. Paths, which can transmit the

multimedia stream within the maximum delay bound specified by a SLA are determined.

DSCy DSC:

|

Enterprise Network |

100
12 F 1 2.1

ly
’

- ‘ 200 . Enterprise Network 2
( 14 > 22

/200

\
150
DSC:
@ - Enterprise Network 3

Figure 8.5: A global network with external links and gateways.
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8.6.2 Finding Paths Inside the ENs

In this step we descend a level, and apply Eppstein’s algorithm [8] to find the sub paths
inside the EN. For a particular SLA, sub paths in different ENs are calculated by the
corresponding DSC. Each DSC sends path request messages to the other DSCs and
receives path messages from the other DSCs in order to calculate all the sub paths. The
paths over the external links and the sub paths inside the ENs are merged to form paths
from the source to the destination. Many paths will be formed if we consider all the
combinations. To reduce the search space in large networks we set a limit of K’ paths
when finding the paths in an EN or global network. We get k'**' combinations of paths

from M ENs. K shortest paths are chosen from this list of paths, which is expected to be

not larger than 2K. Thus the expected value of K’is {(2&’ )f"!im.l . A path will be considered

as a candidate for routing multimedia streams if the sum of delays over the external links
and internal links of the ENs is less than the delay specified by a QoS level of an SLA.
We present the detailed pseudo code of our heuristic to determine the K candidate paths

for a batch of SLAs in the Appendix [Section 10.3].
8.6.3 An Example Demonstrating how K Candidate Paths are Calculated

Consider an SLA from S'(1.1) to D'(2.3) in Figure 8.1, which requires a network path
with delay less than 150 ms, 100 ms and 50 ms for QoS levels Bronze, Silver and Gold,
respectively. We find only one path, 1.2—2.1, that satisfies the maximum delay constraint
in the global network shown in Figure 8.5. A double line in this figure shows this path. As

this network is small, we are finding all the sub paths inside each EN, rather than

just K’ sub paths.

Now DSC, will determine the paths for 1.1—1.2 and DSC, will determine the paths for
2.1—2.3. These paths have been shown in Figure 8.1 by a single thin dashed line, single
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e For intra-EN SLAs the heuristic does not find the paths using external links. If there
are shorter paths through the external links for the intra-EN SLAs, then the two
algorithms will definitely give two different sets of paths.

e The calculation of shortest paths in the global network and in an EN is different from
the calculation of shortest paths in the merged EN. Floating point precision errors
during these calculations might calculate different shortest path in the following cases
for inter-EN SLAs if there are multiple shortest paths with the same delay.

¢ The shortest paths in the global network may not use the same external links as
the shortest paths in the merged EN, because both the paths are identical with

respect to associated delay.

¢ The shortest sub paths in an EN may not be the sub paths of the shortest paths

in the merged EN.
e The searching algorithm for the next shortest path in the presented heuristic is
different from the centralized K shortest paths algorithm. So there is a chance of

selecting two different sets of paths if there are paths with the same delay.

8.7 Admission Control and QoS Adaptation Heuristics in a DSC

We run D-HEU or A-HEU once at the end of each epoch using the new batched SLAs
over the last epoch and the existing SLAs. To apply these heuristics on these SLAs we
need the K candidate paths for each new SLA. A feasible path satisfying the specified
delay for a QoS level represents an item in a group (an SLA) of the MMMKP. Here, we
determine the K candidate paths once for each SLA. The links of an EN are completely
controlled by the DSC associated with it. Allocation of bandwidth on an external link

represented by x;.v; — x;.); and we assume that it is controlled by the DSC of the EN

numbered by min(x;,x;).

A null item with a null QoS level, a null path, and no value is added in the list of items

for each new SLA submitted in the last epoch. The null item of a newly submitted SLA is
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initially selected before running D-HEU or A-HEU. If the selected item of a new SLA
remains null after solving the MMMKP, that SLA is considered to be rejected and may
wait for the next epoch to reattempt admission. If a non-null item is selected by the
heuristic then that SLA is considered to be admitted. The nuil item is removed from the
list of alternatives when the SLA gets admitted with a QoS level on a particular path.
During the calculation of partial feasibility of the items for upgrade or downgrades in D-
HEU and A-HEU we need to check for the flags specified in the SLAs. If the upgrade or
downgrade does not satisfy the up, down or path restriction flags then that upgrade or
downgrade must be considered infeasible. This remark refers to the upgrade and
downgrade done by D-HEU or A-HEU internally for calculating the final QoS level. An
SLA will not be downgraded or upgraded for the next epoch when it gets admitted. If
there is a change in network status due to link or node failure we do QoS adaptation by
running D-HEU or A-HEU, but the flags specified in the SLAs are totally ignored. The

pseudo code for admission control and QoS adaptation is as follows:
active_sla_list: The list of SLAs that are already admitted.

batched sla_list: SLAs batched in the last epoch that are queued for admission.
batched_QoS_list: The list of QoS levels for the ith SLA of bartched_sla_{ist.

QoS _path_list;: The list of candidate paths satisfying different QoS levels of the ith SLA of
batched_sla_list. Each element of the list is represented by (candidate path, QoS level) tuple.

path_list « determine_K_candidate_paths(batched_sla_list)

// Determining candidate paths for those SLAs which were submitted in the last epoch. This requires

distributed computing among the DSCs

Jfor i1 to size(batched_sla_list) do
//Determining alternative paths for a QoS level
add (null,null) in the QoS_path_list;
Sfor je1 1o size(batched_QoS_list;) do

Jor ke=0 to size(path_list;}) do
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if delav(path_listy) <delay(batched_QoS_list;) then // Checking the delay constraint

add (batched_QoS_list;, path_listy) in QoS_path_list;
endif
endfor
endfor
endfor

temp_sla_list « active_sla_list + batched_sla_list // SLAs to be adapted

D-HEU (temp_sla_listy or A-HEU(temp_sla_list )

/I Applying distributed heuristic to solve the MMMKP.

active_sla_list « active_sla_list + accepted_slas(temp_sla_list)

/! Determining active SLAs that have been admitted

rejected_sla_list « rejected_slas(temp_sla_list) /1 determining SLAs with null QoS level
wait_sla_list— wants_to_wait_for_the_next_batch(rejected_sla_list)

batched_sla_liste— batched_sla_list — accepted_slas(temp_sla_list) — rejected_sla_list + wait_sla_list

// Determining new batch of SLAs

8.8 Complexity of DSCs

Consider M interconnected ENs where each EN is controlled by a DSC. n SLAs (each
with / QoS levels) have been submitted to the DSCs of the ENs. For convenience of

analysis we make the following assumptions:
e There is no active SLA in the network. That is, the system is being initialized.

e n SLAs are equally distributed among M DSCs. There are %, SLAs seeking

admission in each DSC.
e There are M gateways in the global network (one for each EN).

e The network is fairly sparse, by which we mean that the number of links in the
.. . N .
network is linearly proportional to the number of nodes. We assume % internal

links in each EN and &, M external links connecting the gateways of ENs.
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¢ Each candidate path of an SLA is routed through all the ENs. This is the worst case
situation of distributed computing.

To find the K candidate paths for /) SLAs by each DSC the following computations and
messages are required:

O(nlog M)+0O(K'n) floating point operations to find K’shortest paths in the global

network.

(M -1) messages to send requests to determine K ’shortest sub paths in other ENs

by their DSCs.
N, N . N : . : : ,
. nﬁlogﬁ +O| Kn—= floating point operations to determine the K’ shortest

sub paths of n SLAs (%, SLAs are local and NLI(M-I)SLAS are from other
DSCs).

» (M -1) messages to send K’ shortest sub paths in an EN of %(M—l) SLAs

submitted to (M -1) DSCs.

—;{—x‘”{(ﬁ[ +1) floating point operations to determine delays of 2K paths for

%, SLAs submitted to an EN. We get approximately 2K paths after joining the
sub paths.

. %x O(K 3) floating point operations to find K shortest paths from 2K paths for
%, SLAs. We have to sort a list of 2K paths accordingto the delay on the paths.

To determine the operating QoS levels of the SLAs using D-HEU or A-HEU we need the

following operations:
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. 0(-13!« KIJ floating point operations to determine the alternative paths for the QoS

levels of the local SLAs.

2o N n : N . . .
. o(n (k1-1) (M+MD or 0[(MJ (K -1) M]ﬂoatmg point operations to solve
the MMMKP using D-HEU or A-HEU.

®  O(MniK) or O(M) messages to solve the MMMKP using D-HEU or A-HEU.
We can summarize the computational and message passing complexities in the

following table.

Table 8.1 Complexity of different tvpes of SLA controller

Algorithms applied Message Passing Computational Complexity
Complexity

A-HEU in DSC o) 2

(l) K -1? |+ o(n—‘\i |og-’i)

M M M M

D-HEU in DSC O(MnIK) , s

n? (Kl -1)" (i\/__}_ M) + %nllog i)

M M "M

I-HEU in centralized SLA N/A O(an(lK 1) )+ O(nN log N)+ O(KnN)
controller

8.9 Java Simulation of DSC Prototype

We have implemented D-SLAOpt, a Java simulation of DSC prototype using Sun’s JDK
1.3.1 with Swing (Java’s windowing toolkit), version 1.1.1. In addition, we used Sun’s
Java XML parser, JAXP, for message parsing. D-SLAOpt is the distributed version of
SLAOpt, which is a Java simulation of a centralized SLA controller for a single
Enterprise Network. Java sockets have been used extensively for communication among

the D-SLAOpts (one for each Enterprise Network), to implement the heuristic to
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determine K candidate paths and the distributed algorithms for the MMMKP. In this
section we present a brief description of D-SLAOpt. For a detailed description please see

Shelford {88].
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Figure 8.6 Screenshot of D-SLAOpt for the EN with the nodes representing the cities
of North America and the Global Network.

D-SLAOpt consists of several components:

e The Network Model represents the Enterprise Network being controlled and the global

network with the gateways of the ENs; it stores current capacities and node

information.

e The SLA Directory stores active SLA profiles, including their QoS mappings.
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e The QoS Admission Controller Engine implements D-HEU or A-HEU for admission

control and QoS adaptation once in each epoch. As it is responsible for routing, in our

implementation it also implements the heuristic to determine K candidate paths for
the SLAs.
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Figure 8.7 Screenshot of D-SLAOpt for the EN with the nodes representing the cities
of Australia and the Global Network.

There are two types of interfaces:

o The Graphical User Interface displays the system’s state to the network operator. It
shows the Enterprise Network and global network as a linear graph. A simple display
window called Utility Meter shows the total utility earned currently by the active

SLAs. A table (Window Links) shows the condition (total capacity, free capacity and
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delay) of each link of the Enterprise Network and the links of the global network
controlled by D-SLAOpt.
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Figure 8.8 Screenshot of D-SLAOpt for the EN with the nodes representing the cities
of Africa and the Global Network.

e The SLA Interface allows the operator to request SLA admissions manually or from
an XML file (Window SLA Admission Queue). The active SLAs are shown in the
window SLA List. The QoS levels of an SLA can be shown in a table (Window SLA

Inspector).
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8.9.1 Experimental Results

To measure the performance of the heuristics we tested them for a global network with
component ENs representing cities of North America, Australia and Africa, as shown in
Figure 8.6, Figure 8.7 and Figure 8.8. All links were identical and were given a token
capacity of 100,000 Mbps and a latency of 0.1 ms. We calculated the 5 shortest sub paths

in the ENs and the 5 shortest paths in the global network to find 5 candidate paths for
each SLA.ie.,K'=K=5.

Performance data were collected from randomly generated SLA batches of different sizes.
Initially we submitted a batch of SLAs to the SLA admission controller. The initialized
bandwidth requirements for a particular QoS level of an SLA varied with the size of the
SLA batch in such a way as to assure that there was always contention for bandwidth in
the network. Some SLAs were rejected for admission by the controller. We analyzed the
performance of the admission controller over 20 (arbitrarily chosen) subsequent batches.
We do not consider the results, which do not create contention for bandwidth in the
network. For each of these batches we removed some (10% of the initial batch size) of the
already admitted SLAs from the active SLA list and submitted some (12.5% of the initial
batch size) new SLAs. These numbers were chosen arbitrarily to demonstrate the the
performance of D-SLAOpt. The number of newly submitted SLAs was kept at 2.5% more
than the number of SLASs leaving at the end of each epoch so that there was a contention
for getting admission. In each batch approximately 50% were intra-EN SLAs. We ran
three D-SLAOpts in the first three machines described in Table 6.4. To compare
performance between the distributed and centralized version of the SLA controller, we ran
SLAORpt for a network derived by merging the three networks representing the cities of
North America, Australia and Africa plus the Global network on the 2™ machine (Solver
2) described in Table 6.4. We generated the same set of SLAs for both simulations. Thus
the two simulation packages became comparable. The following data were collected

from the experiment and are presented in Figures 8-9 to 8-13 and Table 8.2:
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e Total revenue earned by the controllers,
e Time required to do admission control and QoS adaptation,
e Average number of SLAs in each batch,
e Average number of rejected SLAs after admitting a batch, and

e Average number of messages required doing admission control and QoS adaptation of
an SLA batch.

The SLAOpt program is written in Java. Java as a language is currently unsuitable to
writing time critical, highly processor dependent algorithms for general use. However, it
makes an exceptional modelling language. It is considerably slower than a time-
optimized implementation, however it provides reasonable facilities for testing trends of
processing time. This becomes even more to the point in this environment, as the Java
Virtual Machine must also support the GUI interface. We can expect much faster response
if the algorithm is recoded in C. D-HEU might not improve as much as A-HEU by
recoding as the execution time of D-HEU is more related to message passing.

Table 8.2 Comparison of earned revenues by the heuristics used in SLAOpt and D-
SLAOpt

Initial Revenue Total Revenue | Total Revenue | Revenue eamned by | Revenue earned by
batch earned by | by I-HEU | by A- D-HEU in D- A-HEU in D-
size D-HEU in D- | in SLAOpt | HEU in D- SLAOpt with SLAOpt with
SLAOpt (000) | (000) SLAOpt (000) | respectto I-HEU | respectto I-HEU
in SLAOpt (%) in SLAOpt (%)

150 822 840.45 660.539 97.8 78.59

300 1527.2 1538.57 1184.416 99.26 76.98

450 2216.23 2204.98 1755.722 100.51 79.63

600 2963.57 301748 2352.375 98.21 77.96

750 3945.29 3940.32 3116.289 100.13 79.09

900 4496.43 4539.1 3582.628 99.06 78.93

1050 5502.97 5490.77 4321.71 100.22 78.71

1200 6170.24 6268.66 4816.357 98.43 76.83

1350 6844.26 6888.54 5516.362 99.36 80.08

1500 7602.03 7606.02 5728.825 99.95 75.32
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8.9.2 Observations

e The reasons for the difference in earned revenues by D-SLAOpt using D-HEU and
SLAORpt using [-HEU are as follows:

¢ The delays are assumed to be identical for each link (0.1 ms). There are multiple
path sets from a source to a destination with the same delay in the experimental
network. For a particular SLA, we may get a set of K candidate paths in D-

SLAOpt, which is different from the K shortest paths in SLAOpt.

¢ Floating point precision errors may contribute to differences in revenues earned by
D-HEU and [-HEU.

e D-SLAOpt using A-HEU earns approximately 80% of the total revenue earned by D-
SLAOpt using D-HEU in this experiment.
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The time required to do admission control and QoS adaptation in D-SLAOpt using D-

HEU is impractical because of the large numbers of messages.

As A-HEU requires a negligible number of messages compared to D-HEU, the time
required by D-SLAOpt using A-HEU is practical for real-time SLA admission

controllers.

The time required by D-SLAOpt using A-HEU is less than that required by SLAOpt
using [-HEU. This implies that distributed SLA controllers scale better than
centralized SLA controllers, although we have to sacrifice revenue (approximately

20% according to this experiment).

D-SLAOpt using A-HEU rejects more SLAs than D-SLAOpt using D-HEU or
SLAOpt using I-HEU as A-HEU does not fully consider the resources of the other
ENs.

The following observations validate our experiment

¢ The number of messages remains almost constant for A-HEU, but increases
linearly for D-HEU with the increase in the number of SLAs in D-SLAOpt. This
complies with the analysis of the algorithm.

¢ Earned revenues and active batch sizes increase linearly with the increase in the
number of SLAs.

¢ The average number of rejected SLAs in subsequent batches, after the initial batch,
by D-HEU, I-HEU or A-HEU is approximately 2.5% of the initial batch size as we
deleted 10% SLAs and admitted 12.5% SLAs of the initial batch size in each batch.



164

8.10 Chapter Summary

This chapter presents necessary heuristics to implement D-SLAOpt. From the complexity
analysis and experimental data we find that D-SLAOpt using A-HEU is appropriate for
real-time controllers in interconnected ENs. D-SLAOpt using A-HEU can do admission
control of 150 new SLAs and QoS adaptation of 1350 old SLAs (total 1500 SLAs) in 10
seconds. This gives us a real-time DSC with 15 second epochs taking admission and
rejection decisions for 150 new SLAs in 10 seconds. The next chapter concludes this
dissertation with recommended future research work and a summary of major

contributions.
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9. Conclusions

This chapter summarizes the major contributions of this dissertation and presents

suggestions for future research.
9.1 Major Contributions

We presented a model for admission control and QoS adaptation of sessions in a
Distributed Multimedia Server System. New algorithms for solving the model were
presented and applied in both simulations and prototype implementations of optimal

admission controllers. The following subsections summarize these contributions.

9.1.1 The Distributed Utility Model

The Utility Model — Distributed (UM-D) is an extension of the Utility Model proposed by
Khan[46). The UM-D captures the admission control and QoS adaptation strategy for
multimedia session requests in a Distributed Multimedia Server System (DMSS). In this
model we assume a DMSS with multiple servers providing multimedia service to
multiple Enterprise Networks. The components of the multimedia streams are distributed
over the servers and the components of a multimedia stream can be supplied to a user by
different servers. CPU cycles, I/O bandwidth and memory in the servers and
communication bandwidth in the network are considered as resources. The users issue
requests with varying QoS levels, specifying audio or video quality, jitter, delay and
offered price for the multimedia service. The UM-D demonstrates a strategy of selecting
QoS levels and the servers providing multimedia stream components for each of the

admitted sessions, such that maximum revenue is received from the users enjoying

multimedia services.

We presented both centralized broker and fully distributed architectures for the admission

controller of a DMSS. In the centralized broker approach the resources are distributed but
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the computation is centralized on one machine. The admission control and QoS
adaptation problems for this architecture can be mapped to the Multidimensional Multiple
Choice Knapsack Problem (MMKP). In the other case we proposed multiple controllers
to deal with fully distributed admission control and QoS adaptation. This situation can be
mapped to the Multidimensional Multiple-choice Multi Knapsack Problem (MMMKP), a

new variant of the knapsack problem.
9.1.2 Heuristic Algorithms for the MMKP

M-HEU, a new heuristic to solve the MMKP, was developed. This is actually a modified
version of HEU proposed by Khan [46]. I-HEU, the incremental version of M-HEU, was
also presented in this dissertation. This heuristic finds the solution from a previously
determined solution, thus requiring less computation than M-HEU. The order of the
worst-case computational complexities for HEU, I-HEU and M-HEU are identical. I-
HEU is applied to do admission control on a new batch of requests and QoS adaptation of
the previously admitted requests in SLA controllers for Enterprise Networks and brokers
of DMSSs. We also developed another heuristic, C-HEU, by applying the convex hull
approach. The worst-case computation complexities of [-HEU and C-HEU are
O(mn3(1 - l)l) and O(nl log nl + nim) respectively (n = number of groups, / =number of items
and m = number of resource dimension in the MMKP). The optimalities achieved by

HEU, M-HEU, I-HEU and C-HEU are approximately 94%, 97%, 97% and 92%

respectively.
9.1.3 Simulation of a set of Media Server Farms

A DMSS is used to route the content of multimedia streams over an Enterprise Network.
A set of Media Server Farms is a DMSS providing videos to users with guaranteed QoS.
We presented a simulation of admission control and QoS adaptation of requests for VoD
services from users connected to a network. In this simulation we assumed that the

Enterprise Network had sufficient bandwidth to carry multimedia streams for all users
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from the servers, thereby suppressing the influence of the network on the problem and
allowing concentration on the question of optimal server selection. Thus, the broker for
the media server does admission control based solely on available resources in the media
servers using heuristics for solving the MMKP. The performance of different heuristics
for admission control and QoS adaptation were analyzed from the simulation results. This

work is a contribution to the interesting area of optimal server selection in content

routing.
9.1.4 Distributed Heuristics for Solving the MMMKP

In an MMMKEP, we proposed the existence of one solver for each knapsack, picking items
from the groups. Two distributed heuristics were developed to solve the MMMKP with
this approach. D-HEU executes the distributed version of the steps of I-HEU to solve the
MMKP. This heuristic requires O(n/M) message passing (M = number of knapsacks). A-
HEU solves the MMMKP by arbitrating among the solvers with O(A) complexity. The
total value of the items picked by D-HEU is exactly the same as that obtained using I-
HEU, assuming there are no floating-point precision errors. The time requirement for D-
HEU is impractical for real time applications, as it requires large numbers of messages.
A-HEU, however, requires less time than [-HEU, but must sacrifice approximately 10%
of optimality on average. We presented pseudo code for A-HEU and D-HEU with an

analysis of computational and message passing complexity.
9.1.5 Distributed SLA Controller for Interconnected Enterprise Networks

We introduce a new problem; the serving of SLAs in interconnected Enterprise Networks,
owned and controlled by the autonomous subsidiaries of an organization. Each Enterprise
Network has one SLA controller doing admission control and QoS adaptation of the
SLAs submitted to it. Each SLA controller participates in a distributed computation to

determine the path and QoS of those SLAs, which have source and destination in two
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different Enterprise Networks. Distributed admission control and QoS adaptation of the

SLAs using D-HEU or A-HEU was presented with a complexity analysis.
9.1.6 Java Simulation of Distributed SLA Controller

We developed D-SLAOpt, a Java simulation for Distributed SLA Controllers in
interconnected ENs. This simulation demonstrates the admission and QoS adaptation of
the SLAs in the ENs. We utilized this simulated system to obtain preliminary
performance data by admitting batches of SLAs. A comparative discussion between
centralized and distributed SLA controllers was presented. We found D-SLAOpt using
A-HEU to be more scalable than SLAOpt using I-HEU.

9.2 Qualitative Comparison of Different Algorithms

Table 9.1 Basic principle, application and performance of the newly developed

algorithms presented in the dissertation

Algorithm | Basic Principle Application Performance
M-HEU Modified version of It can be applied to solve menu- I . .
. . .. t requires more time than
HEU for solving the planning, and admission X
: > . HEU but achieves better
MMKEP. It applies the controlling in ENs and in optimali
same approach as HEU. | multimedia server systems. P &y

I-HEU It is an incremental Specially used in on line The worst-case

version of M-HEU. admission controllers for ional N
multimedia sessions, where computationa complexnty s
sessions continually finish, while t:zls;n‘;i; :rM'HEU butit
new requests arrive. S i

C-HEU Finds the selected items The area of application is the It has lower order of
based on the convex hull | same as [-HEU. We used C-HEU omplexity than I-HEU. but
approach. This is an and [-HEU in the simulation for svors‘:: o l:iy mali » O
incremental heuristic. the set of Media Server Farms. P vy

D-HEU Distributed version of I- | This heuristic can be applied to It renders the same
HEU for solving the perform non - real time admission optimality as I-HEU but
MMMKP. in distributed admission puma’ity ime f

controllers. requires more time for
message passing.

A-HEU Distributed version of I- | This heuristic can be applied to Scales better than I-HEU
HEU: based on perform real time admission in but achieves lower
arbitration among distributed admission controllers optimali
autonomous solvers. such as D-SLAOpt and P -

Distributed Utility Model
Engines.
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9.3 Future Research Work

We suggest the following research plans on heuristics for solving the variants of
Knapsack Problem, the Utility Model-Distributed and its application to distributed

multimedia server systems and Enterprise Networks as future research work.

e Average Case Analysis: We presented the worst-case complexities of the heuristics
for solving the MMKP and MMMKEP. The analysis of time requirement complexity

and achieved optimality in the average case is a very interesting research topic in

theoretical computer science.

e Performance Analysis of the SLA Controllers: Performance analysis of SLAOpt
and D-SLAOpt is important before implementation. Different performance measures

can be collected by running the simulation for a long period for different system

parameters.

e Implementation of SLA Controller Prototypes: Development of a Centralized or

Distributed SLA Controller prototype using switches and optical fibre links could be

an important research project.

e Provision of Reservations by the Admission Controllers: As there is a chance of
rejection for every request, some users may be interested to make reservations days or
even weeks before the starting time of the session. This requires more computation as

it increases the resource dimension by including the durations of sessions.

e Design of Reliable SLA Controllers: We can design a reliable SLA controller by
using the group of reliable k£ shortest paths [81]. Reliability can be improved if
bandwidth on all the paths of a group is reserved by the SLA controller.

e Statistical Prediction to Achieve Better Revenues: Accepting a request may cause

us to lose the opportunity of accepting a regular more profitable session. We can use
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statistical techniques to predict regular future requests. Resources should be reserved

for those future requests.

Application of the Utility Model to a Multimedia Server System with an Underlying
Enterprise Network: In this case, the controller ensures both the delivery of
multimedia streams from the servers and transmission of multimedia traffic through a

path to the user.

MMKRP as a Resource Manager in Multiple Layers of Service Providers: We can
run the heuristics of the MMKP to do admission control of resources in the layers of
servers, Enterprise Networks, Lambda Vendors etc. where the requests for resources

are placed from one layer to the next lower layer.

Maximization of Revenue with Guaranteed QoS for Mobile Network Provider: The
Utility Model is appropriate for admission control QoS adaptation of the calls from

the cell phones to allocate bandwidth from the cell user to the base station.

Parallel Algorithms to Solve the MMKP: We can design more scalable admission

controllers by applying parallel versions of the heuristics of the MMKP.
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10. Appendix

10.1 Pseudo code of D-HEU

// Following Notations are used in the pseudo code
X—> v: Send the result from the process x to the set of machines or processes denoted by v

p < q: Assign the variable p to the value ¢4

/IGlobal variables
no_of _solvers: Total number of knapsacks or solvers in the MMMKP

global_total_value: Total value of the items picked by all the solvers.

/[Following values of variable purpose defines different purposes of finding PCAR & TF, local and global
candidate groups and items.

FEASIBILITY BY DOWN : To find a feasible solution by downgrade from a infeasible solution.
FEASIBILITY_BY_UP : To find a feasible solution by upgrade from a infeasible solution.

FEASIBLE UPGRADE : To make a feasible upgrade from a feasible solution.

INFEASIBLE UPGRADE: To make an infeasible upgrade from a feasible solution.

FEASIBLE DOWNGRADE: To make a feasible downgrade from an infeasible solution.

// Following are the subroutines used by the D-HEU algorithm

calculate_local_most_inf res ( ) : retumns the most infeasible resource among the resources of the local
knapsack with its infeasibility factor, the ratio of consumed resource to total resource.
calculate_global_most_inf res () : returns the most infeasible resource (among all the resources of the
knapsacks) with its infeasibility factor. [t is calculated by comparing the infeasibility factor of the local most
infeasible resources.

calculate_pcars&pfs ( purpose ): Determines and returns the PCARs & PFs of the possible items of all the
groups of all the solvers for purpose.

calculate_local_candidate( purpose ): Determines and returns the local candidate group and item of the
groups and items of the local solver for purpose. It also returns the feasibility of the local candidate.
calculate_global _candidate( purpose ): Determines and returns the global candidate group and item of the

solvers for purpose. It also updates the selection of global candidate group and retums status of the
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candidate and solution denoted by FEASIBLE (solution is feasible), INFEASIBLE (solution is infeasible),
NO_CANDIDATE (no candidate found).

calculate_local_total_value( ). Determines the total value of the picked items of the local groups of a
solver.

read_groups_from_other_solver(message): This procedure reads the groups from another solver and stores
in a two dimensional array of groups indexed by solver number and group number. These are non-local
groups of a solver. The items of the non-local groups for a solver are specified by the resources of the
solvers only. A solver does not send all the resource requirements of an item to every solver.
read_pcars&pfs_other_solver(message). This procedure reads PCARs and PFs of the items of the local
groups for another solver and saves in the array of PCARs and PFs associated with each group.
read_local_candidate(message) : This procedure reads a local candidate from another solver and stores in a
local candidate array at the specified location for the solver.

calculate_tcarsé&tfs( ) : This procedure calculates the TCARs & TFs by adding the PCARs and multiplying
PFs.

read_message_from_solver (s): Reads message sent by Solver s.

determine_message_tvpe(message) : Returns the type of message in message.

//The following routines must be synchronized because any of these routines may be called concurrently by
more than one receiver thread.

svnchronized read_local_total_value(message): This procedure reads a local total value from another

solver and updates the global_total_value.

svachronized read_local_most_inf res(message): This procedure reads a local most infeasible resource
from another solver and updates the global most infeasible resource.

Procedure Begin D_HEU( )

// This procedure is run by the sender thread of the solver. This is the main procedure running the heuristic
of the MMMKP.

local groups — other solvers

wait_for (no_of groups_msgs)

//Step 1: Finding a feasible solution

Initialize selected items to the lowest valued items of each new group

if find_dist_feasible_solution_by_purpose(FEASIBILITY_BY DOWN)=false then
/ftrying by downgrading selected items
if find_feasible_solution_bv_upgrade(FEASIBILITY_BY_UP ) = false then
/ltrying by upgrading selected items
No feasible solution found for the MMMKP

return;
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endif
endif  //end of Step 1
repeat_loop<—true //loop control variable
do

do //Step 2: Finding all feasible upgrades
statusefind_candidate_for_purpose(FEASIBLE_UPGRADE)
while status= FEASIBLE
//Step 3. Improving total value by an infeasible upgrade followed by downgrades
save_solution( )
statusefind_candidate_for_purpose(INFEASIBLE_UPGRADE)
if status = NO_CANDIDATE then
do

status«find_candidate_for_purpose(FEASIBLE_DOWNGRADE)
while status= INFEASIBLE
if status= NO_CANDIDATE then // Step 3 could not upgrade
revive_solution( ) // No more upgrading
Solution found
repeat_loope—false
end if

end if
while repeat_loop =true //Step 3 upgrades so try Step 2 again
calculate_local_total _value( ) — other solvers
wait_for(no_of total_value_msgs)
return global_total_value.
End Procedure

Procedure Begin Receiver_thread( Solver s )
//This procedures reads messages sent from Solver i, analyze them and takes action. There are
(no_of_solvers — 1) threads like this, one for each solver of the knapsack.
while true

message=read_message_from_solver (s)  //reading message from Solver s

message_tvpe=determine_message_tvpe(message) //decoding the message

begin case message_tvpe

case “Groups": // partial resources of the items of another solvers

read_groups_from_other_solver(message)

increment(no_of group_msgs)



174

case “PCARs & PFs”:  //[PCARs and PFs from other solvers
read_groups_from_other_solver(message) //saving PCARs and PFs
increment(no_of _pcar_msgs)

case “Local Candidate ": Nlocal candidate from other solvers
read_local_candidate(message) //Storing local candidate
increment(no_of local_candidate_msgs)

case "Local Total Value": // total value of another solver
read_local_total_value(message) /IMust be synchronized

increment(no_of total_value_msgs)

case "Local Most Infeasible Resource™': / reading ks and f,  for another knapsack

read_{ocal_most_inf _res(message) /Must be synchronized
increment(no_of _local_most_inf res_msgs)
end case
end while

end Procedure

Procedure Begin wait_for (counter)
/[This procedure waits if counter does not get the value no_of” solvers
begin svnchronized
if (counter < no_of”_solvers) wait on monitor counter
end svnchronized

end Procedure

Procedure Begin increment (counter)
/[This synchronized procedure increases the value of counter by 1. If the counter reaches no_of solvers
then it notifies the monitor specified by counter
begin svnchronized
counter« counter + 1
if (counter =no_of solvers) then
notifv monitor counter
counter«Q
endif

end svnchronized
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end Procedure

Procedure Begin find_candidate_for_purpose( purpose )
/[This procedure determines the PCARs & PFs, TCARs & TFs and local candidate for purpose, of the items

of the local groups. Finally. it returns the global candidate by comparing this local candidate with the local

candidates sent by the other solvers.

calculate_pcars&pfs ( purpose )— other solvers //Calculating PCARs & PFs
wait_for(no_of pcars&pfs_msgs) //waiting for PCARs & PFs from other solvers. TCARs & TFs

are calculated by this time
calculate_tcars&tfs( )

calculate_local_candidate( purpose )— other solvers  //calculating local candidate
wait_for (no_of local_candidate_msgs) //waiting for local candidate from other solvers

return calculate_global_candidate( purpose ) //calculating global candidate

end Procedure

Begin Procedure find_dist_feasible_solution_by_purpose( purpose )

This procedure finds a feasible solution of the MMMKP by purpose (upgrade or downgrade). If it fails to
find any feasible solution it returns with false otherwise it returns true.
calculate_local_most_inf _res ( )— other solvers

wait_for{no_of local_most_inf_res_msgs)
K., « calculate_global_most_inf res()

if fx, <\ then
return true;
endif
do
status « find_candidate_for_purpose (purpose )
if status = NO_CANDIDATE then //No suitable item available
return false
endif
while status=INFEASIBLE  //still infeasible, try again
return true
end procedure
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10.2 Pseudo code of A-HEU

This algorithm also uses the concept of sender and receiver threads like D-HEU. Routines
and variables used by D-HEU have also been used in A-HEU to implement synchronized
counters.

global _proposed_list: The list of the proposed selected items from all solvers.
sort_by value_per_PCAR (proposed_list) : Sorts the items in proposed_list according to the change of
value per PCAR.
find_local_feasibility_index(proposed_list): Finds how many items from the beginning of proposed_list can
be picked by a solver subject to its resource constraints.
calculate_global_feasibilitv_index( ) : This routine compares the local feasibility indexes and returns the
lowest one.
read_proposed_list(message): This procedure reads and saves the proposed items in message.
read_local_feasibility_index(message): This routine stores the local feasibility index of a solver in message
at a specified location of the arrays for local feasibility indexes.
merge_proposed_lists( ): The procedure merges the saved proposed lists into a global !ist. The merging
order (Solver 1 to Solver M) is kept the same in all the solvers.
Procedure Begin A_HEU()
/(This is the main procedure of A-HLEU. This is run by the sender thread.

wait_for (no_of _group_msgs)

//Finding whether lowest valued items gives a feasible solution or not.

Initialize selected items to the lowest valued item of each new group

Run Step 1 of I-HEU to determine local proposed selection list— other solvers

if no feasible solution found then

Soluition Not Found — other solvers
exit
end if
wait_for (no_of local_proposed_list_msgs)
/lproposed selected items for a feasible solution from other solvers are coming

find_local_feasibilitv_index (global__proposed_list) — other solvers

wait_for (no_of local_feasibility_msgs) //feasibility index from the other solvers are coming

index « calculate_global_feasibility_index ()

if index = size(global_ proposed_list) then // The selected items are not feasible.
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Soluition Not Found — other solvers
exit
else
update the selection of all the groups of global proposed list.
end if
do
save_solution( )
saved_total_value « global_total_value  // saving global total value
Run Step 2 & 3 of I-HEU to determine local proposed selection list— other solvers
wait_for (no_of local_proposed_list_msgs)
/fproposed selected items for an upgraded solution from other solvers are coming
global_proposed_list « merge_proposed_lists( )
sort_byv_value_per_PCAR (global_proposed_list)  //sorting proposed items by the solvers
find_local_feasibilitv_index (global_ proposed_list) —» other solvers
wait_for (no_of local_feasibilitv_msgs) //feasibility index from the other solvers are coming
index « calculate_global_feasibility_index ()
update the selection of the groups of global proposed list from the beginning up to index
calculate_local _total_value( ) = other solvers // local total value
wait_for(no_of local_total_value_msgs) //calculation of global total value in the meantime
while global_total_value > saved_total_value  // looking for another arbitration
revive_solution( ) //No more arbitration
return global_total_value.

End Procedure

Procedure Begin Receiver_thread( Solver s )
// This procedure reads messages from Solver s, decodes the message and takes action according to the
message.
while true

message<—read_message_from_solver(s) //receiving message

message_tvpee—determine_message_tvpe(message) //decoding message

begin case message_tvpe

case “Groups"”: //New groups from other solvers

read_groups_from_other_solver(message)
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increment(no_of _group_msgs)

case “Proposed Selected Item List":
read_proposed_lis{(message)
increment(no_of local_proposed _list_msgs)

case “Local Feasibilitv Index"':
read_local_ feasibilitv_index(message)
increment(no_of local_feasibility_msgs) IV

case “Local Total Value™: // Local total value of Solver i
read_local_total_value(message) //Must be synchronized
increment(no_of total_value_msgs)

case "solution Not Found"':
Solver s could not find a feasible solution.
exit

end case

end while

end Procedure

10.3 Algorithm for finding K Candidate paths by a DSC in

interconnected ENs

// The following are necessary variables and functions to describe the heuristic.
SLA, : The ith SLA in the DSC
n;: Number of SLAs submitted to the ith DSC
S..D; : The source and destination node of SLA;
dpax(SLA;): The maximum allowable delay for the QoS levels of SLA;
d(L) : The delay on a link L
d(p) : The delay on path p
GN: The global network with external links and the gateways.
e(i) : The Enterprise Network containing node i.
L, The rth external link on the kth path for SLA4; in GV
D, - The rth (source, destination) pair that indicates a sub path inside an EN on the kth path for SL4; in GN.

S(p,, ) : Source of the sub path denoted by 5.
D(p,, ): Destination of the sub path denoted by 5.,
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Gixer - The rth shortest sub path from the source S(j,,, )to the destination D(p,,, ) over the internal links of
eAS(Bu ))-
Tik - The vector of links representing the sub path g
//Following pseudo code describes the heuristic
forie |ton;do
Xsi.Ysi & A node in GV which also represents a gateway in e(S;)
Xbp..Ypi <A node in GN which also represents a gateway in ¢(D,)

P. « Paths from X5, Ys; to Xp,.Yp; in GN

Where, the kth shortest path Py = {L,. Lz, Liws, + Bist+ Pika+~*+ P, | satistying the following

I
constraints D d(L, )< d o, (SLA;)

e=l
fort e 1tomydo
push “Determine the K’ shortest paths from S(p, ) to D(p, ) bv the DSC of

e(S(p,, )" in the message queue.
end for
push *“Determine the K’shortest paths from S,to X..Ys; bvthe DSC of e(S;)” in the message queue.
push “Determine the K’ shortest paths from Xp.Yp; to D; by the DSC of (D))" in the message
queue.
end for
Jor i=1to Mdo
Find the requests to be processed bv EN i and send them to EN i.
end for

/* There must be another thread that will wait for the requests from the DSCs to determine K’shortest sub

paths. This thread determines the K ’shortest sub paths and sends them to the corresponding DSC. */

Wait for the messages with the K’ shortest paths determined by the other DSCs.

for i<« | ton;do

L, « Vector of the links representing the rth sub path from S, to XYy

1;p, « Vector of the links representing the rth sub path from D;to Xp;.Yp;
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The combination of all K'Y*!alternative paths can be found by joining the K'sub paths
determined by the M DSCs. We can express a path as follows by joining the rth sub path from
each EN and the kth path from GN:

lg-r.\'r }' Likl s LikZ [N ’ Likl,‘ . glklr }' g.iklr }' """ . yikm,kr } El)r }J

m,

Where, Delay on this path =d (i, )+ [Z d(Li )+ Y. dliy )+ dlip, )< domes (SLA;)
=1 =t

The first K paths of this combination of alternative paths sorted according to the total delay are

considered for routing SLA,;.
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