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ABSTRACT
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Gossiping refers to a class of distributed algorithms that are inspired by epidemic models
of disease spread. Gos4$ipsed algorithms have recently received much attention as they
provide a reliable and efficient mechanism for propagating information acrossslzalge
distributed systems. Modeling the performance of such algorithms is important for understanding
the behavior of applications that overlay them. This thesis examines tbenzerce
characteristics of two existing and one proposed gdssspd update propagation algorithms in
terms of total propagation time and work. The first is an idealized algorithm referred to as
Perfect Knowledge, while the second algorithm is randomaztrdrespect to the selection of
gossip peers. The proposed algorithm, called Virtual Tree Algorithm aims to reduce redundant
transmissions (wasted work), while maintaining reasonable total propagation time. Extensive
simulation experiments are carried ém compare the performance characteristics of the three

algorithms.
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1. INTRODUCTION

A distributed system is necentralized network consisting of a group of two or more
independent computers. These independent computers appear to users as parts of a single, large,
logically connected system of shateatdware, software and/or da@oncepually, a distributed
system ighe opposite of a centralizegistem such as a mainframe in which clients are
connected to a single central computer. Figure 1.1 shows an example of a distributed system
where nodes are interconnedtvia a communication rneork. Networks can interconnect with

other networks and contain sub networks.

Server

Server

Figure 1.1- A distributed system



One way to exchange information within a distributed network isosgiging Gossiping
refers to exchange mechsm where each network component can be a source of information,
and is capable of information transfer. Significant research has been done in order to develop

information transmission techniquasd algorithms using gossiping strategies.

Gossipbased aorithms were first introduced in largeale distributed systems for
propagating information and have proven to be successful especipdighto-peer Interet
systems or athoc networkg1]. However, their simplicity and flexibility make them attraetiv
for more than just pure data dissemination. For exargpksiping algorithms caadsobe used
for data aggregation and resource allocation in distributed sysBoasiping algorithms
describe steps in whiaach process in the distributed systemvards information it has
received to randomly chosen peddased on such a simple localized strategy, the main side

effect is the propagation of the information across the complete network.

Gossiping has received considerable attention for quite $iome now due to its
importancean distributed networkdn the earlier studiegjossiping problem presumed tway
communication betweeunits laterit hasalsobeen looked at as otveay communication model,

in which transmission can take place in oohe direction at &me.

Gossipbased algorithms are simple and easy to deploy. In addition to their attractive

scalability promises, they exhibit a very stable behavior even in the presence of a high rate of



link and/or process failures. A largenount of research has been devoted to observing,

analyzing, and devising mathematical theories for epideimidsstributed systems

This thesis investigates two existing gossiping algorithms and devamgsiulation
models for theseA newgossipingalgorithm, termed/irtual Tree algorithmis also introduced.
The algorithmspread information across a network in such a way as to minimize the number of
information exchanges in the netwoilhe performancef these algorithms isompared in
terms ofthe total time taken by the algorithm to spread information across the network and the
total work donéby the nodes in the system. Finallye performance adn existingalgorithm is

evaluated irthe presencef individualnode failures



2. STATEMENT OFPURPOSE

Thisthesis investigates twgossiping algorithms randomized algorithm and perfect
knowledge algorithni and deelops asimulation model for these algorithms. Also, a new
gossip algorithm, called virtual tree algorithm, is developed for disgging information across
a network of noded he performance of these algorithms is compared in terms of the total time
and work requiredby the algorithm to update thehole system. Theandomized algorithm is
furtherstudiedwith the assumption ofodefailure. The importance of this thesis lies in the fact
that the ability of a network to effectively disseminate information is an important qualitative

measure for the suitability of the network.

The main idea of the proposeiitual tree algorithm iso spread information across a
network in such a way as to minimize the number of information exchanges. Téigrafisant
cost associated with the information transfer from one node to other in a network. Fewer
information exchanges reduce the netwlodd. Additionally fewer exchanges reduce the
exposure to the third parties eves droppers which is wggritant froma security poinof view.
Hence, in order to measure the snsnmammves perf o
consideredhenumber of information exchangas an important parameter to studiite source
node, which initiates the information update, transmits it to its immediate neighboring nodes,

which in turn propagate it further, extending outward until all nodes are upd@aed.

4



propagation time of this information exchange between the nodes is assumed to be probabilistic
to capture the variability in communication time in data netwdfks also assumed that a node
initiates a single transmission at any given pomtime, kut can receive multiple updates

simultaneously

In theweakest model of communicaticamnode participates justone communication at
a time(eitheras asender or receivgand pairs argelected randomlyFor a graph witiN nodes,
any algorithm under the weakest model of communication would require ail€ast
communication steps, where the logarithm ithebase of the golden ratig[In this thesisour
proposedilgorithm outperforms the weakest communicatiadel depending on multiple

testing scenarios.

Thevirtual treealgorithm first creates a virtual graph structure that overlays the real
world networktopologywith the objective of identifyingommunication paitsThe intuition
behind this algorithm ithat since nodes receive updates asynchronously, those who receive it
early can dynamically decide on subsequargets This selectiorstrategyreduces
communication wastaga terms of redundant message exchanges as in case of weakest model

and improvs overallperformance of the system

Simulation experiments wedesigned andonducted t@valuate the performance alf
threealgorithns in terms of the total tim@aken by the algorithm to update all the nodes in the

systemand total work done byodesin the networkSimulation modelingvas chosen for



evaluating the algorithms &ds usually preferable to build a model as a representation of the
system and study it to substitdte the actual system. It was difficult to evaluate systemby
developng a mathematical modeistead because our systentomplexand ® developing

valid mathematical modefsr such kind of systens difficult, precluding any possibility of an
analytical solutionAn implementation of these algorithms on a reatesysis not practicadue

to the fact that such algorithms are often deployed on-Eogle systems withgpentially
thousands of nodeA. discrete nexevent simulation approadtas been used this thesido

study the behavior of the algorithms



3. LITERATURE REVIEW

This chapter further describes the diaited system and the importarafehe gossiping
in distributedsystemsThis chapter also describes the desiegiirements for gossiping
protocols. Also, the earlier work done on the gossipingkas discussed in detail in this

chapter.

3.1 Distributed systemand gossiping

The main attributes of distributed systems are that processondeaoennected isuch a
way thatprocessing and databases are distribudedistributed system can béaracterized
using the logical or functional distribution of the processing capabilities. This logical distribution
is usually based on certain set of criteria e.g., multiple processes, inter process communication
etc. Each process communicatathwone aother using messages and thesesgsses interact
with each other to mesbmecommon goalAlso, there are some system rules that provide the
operating discipline for thprocesses work togetherFor example, if two processésandB
communicatavith one another to compute some value, then the system of prodess#B can
be called as an example of the distributed systéewise, anetwork of workstations connected

in a LAN and an automatic banking (teller machine) systenalsarbe characterizeds types of



distributed systemd.he primary requirements for a distributed system like automatic teller

machine are security, reliability and concurrency control.

The main advantages of the distributed systewves traditional singleomputersystems
are- performance, reliability, expansion and sharing of data/resowHdgser performance can
be achieved if we have a collection of processors instead of a centralized computer. By
reliability, we mean that the system has a higher probability to suevee if some of the
machines crash. Similarly, new machines and applications can be added over time as
requirements on processing power grow for expansion purposes. Resources can be shared if we
have distributed systems thus decreasing the cost. Alsedsthata is essential to many

applications such as banking, reservation systems etc.

In distributed systemst is often necessary to maintain current information regarding
accounting, resource, utilization, and processor loads etc. So, it is necessarlyange
messages in order to keep the systeroegate thus the gossiping problem aridesa computer
network ofn units represented by a connected, symmetric directed @&phE)with vertex set
V and edgds, where by symmetric directed graph mean that if¢, V)| ,Eeny¢,u| .
particular, the elements dfrepresent the units (i.e., processors) in the network, and each
directed edgev( U) representa direct onevay communication link through which
communication fronu to v can takeplace. Each unit has a piece of information, which must be
sent to all other unit3 his canbe done through a mechanism called gossiping which allows us to

transfer infemation from one node to othdn. mobile radio networks, where individual units



changp their positions, gossiping allows unitsalsomaintain routing tables by periodically

exchanging information on the list of neighbors of each unit.

3.2 Desired requirements f@ossipingprotocols

Gossiping haseceived significanattentionfrom researchers and practitioners alike
number of different gossiping standards and protocols have been developed. Desired
requirements for gossiping protocols can be divided into three classes: general, functional and

nonfunctional requirements [3

a) Gereral Requirements3ossiping protocols satisfy the following general requirements:

- Simplicity: Theprotocol shouldesimple and easy to deploy. For example, in
an adhoawireless network, a node should be able to joirsistem easily.

- Scalability: Each nodeshouldperform its operations at almost the same rate
evenif the network sizechangesFor example, the local knowledge
(neighbors list) of a node does not increase with the network size.

- Symmetry:All nodes play identical parts amgnce therés no single point of
failure. For example, itase orandomized algorithm each noggically

runs the same algorithm.



b) FunctionalRequirementsi-unctional requirements describe properties of the outputs
of a system, and how a certamput is transformed into an outptitere, we

distinguish between global and logabperties.

1) Global properties of the system:

- Connectivity:Minimum number of links between nodefose removal
canresult indifficulties for information disseminatiorfConnectivityis an
important measure of its robustnéssan algorithm.

- Convergence: One can distinguish between convergence of the system
parameters to some valuasd convergence of the system structure to

some particular type of graph.

2) Local progerties of nodes:

- Degree distribution: The degree of a node is the number of its neighbors in
the network graphn caseof nodefailures, this plays an important part for
spreading information.

- Clustering coefficient: The clusterirmgefficient of a node ia ratio of the
number of | inks between the nodeobs
possible likks between them. #hows how many neighbors of a node are
neighbors among themselvétigh clusteringcoefficient leads$o inarease
in redundantnessages and also decreast@probability of partitioning

by strengthening the connectivitythin a cluster.

10
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- Shortest path length: The shortest path length between two nodes is the
minimum number of edges that must be traversed to go fr@mode to
the otherThis is used in getting theformation on the time and

communicatiorcosts to reach a node.

¢) Non-Functional Requirements

Non-functional requirements regard the quality (e.g., performance, maintainability, fault

toleranceand economics (e.g., timing, cost) of system behavior.

Time Complexity: The number of time unitdakesfor a gossiping protocol to
update wholaetwork, e.g., for data delivery to all nodes, or for computation of
an aggregation function output.

Message Complexity: The total number of gossiping messa@ésnged over
the network during an executiah an algorithm

Robustness: The ability of a gossiping protocol to maintain correct system
operation in the&ase there are node crashes

Graceful degadation The performance, functionality and reliability of gossiping
protocols should not drop rapidlgs the number of failures increases.
Selforganization: The nodes should be able to organize themselves in
unpredictable circumstances without exteintdrventions. For example, in
gossiping protocols a network graph forms overlays that are adaptable to network

and environmental changes.

11



3.3 Relatedresearchon gossiping

Gossipbasednodek of periodic information exchange amongtwork nodes haveeen
applied for solving a wide range of problems in distributed camguThe applications fuch
modelsinclude information dissemination, gathering global knowledge about distributed
systems and organizing the netweodimponentsnto structuresEartier work on gossiping can

be broadly categorized in three different categories:

a) Gossiping algorithms in systems with static network topologies,
b) Gossiping in dynamic topologies, and

c) Applications of gossiping.

Continuing the above discusgidhe authors in gidy [1] haveproposed an update
propagation called as update propagation through replica chain (UPTReC) model to maintain
file consistency in decentralized and unstructured-fzepeer (P2P) systems. Each replica peer
(peers that haveeplicas of the file) acquires partial knowledge of thdibéctional chain by
keeping a list of information abokinearest replica peers in each direction. When a replica
peer initiates an update, it pushes the update to all possible online (agiv®) peers through
the replica chain. An analytical modsiderived to evaluate the performance of this algorithm.
Also, simulation experiments are conducted to compare the performance with an existing
update propagation algorithm based on the ruspo@ding scheme. The results show that this

algorithm can reduce overhead messages up to 70 %. The difference between the numerical and

12



simulation results is whin 2 % in pobability of successfully propagating an update through the
chainand alablity on the number of replicasn the simulatiormode| each Replica Peer

alternatively leaves and joins the system as a Poisson process. The file update is also assumed to
be a Poisson process. The chain is randomly built i.e., each Replica Peerahasadgbility to

appear at any location on the chain. Each replica has a partial knowledge of the chain.

In another study [2] e minimum time required to communicate a unipigee of
informationfrom each node in a graph to every other node undeveh&est model of parallel
communication, which allows each node to participate in just one communication at a time as
either sender or receivbas been demonstratdthe authorshave studiedarioustopologies
including the complete graph, gridsgyper wibesand rings. New optimal time algorithrhave
beenderived for complete graphs, rings, regular grids and toroidal grids that significantly

extend existing results

Study [3] gives an overview of the different approaches thabeaaken to formally
analyzegossiping protocols, and also discussésatproperties of such protocols can be
verified with whatformal verification techniquelt alsogives anoverview of the diférent types
of requirements for gossipimgotocols.According tothe authors, equirements for gossiping
protocols can be divided intbree classes: general, functioaadl norfunctional requirements

which were explained earlier in this chapter.

13



Analysis techniques can ranfyjem experimental work with a real system
implementatiorup to rigorous mathematical analysis. Real systmstics and simulation
techniques are based on experim@etsormed on the system and on collecting data statistics
either from the running system through monitoring rteat time or fom a discretevent
simulation of the systenT.hese approaches are used to studypétaviorof a particular
implementation (instance) of the system. Blieer approaches require a formaddelingof the
systemTypically, they are used to verify specifproperties in anore general context.

Although these methods often requpaticular assumptions to be made, their advantaiatis
they can be used before a system is being implemeamddhat irprinciple they are not costly

in comparison tdull-scale experiments on a resfstem

The authors instudy[4] discusghe information disseminatian prominent paralle
architecturesThe authors have considered the vedisyoint paths mode and the edgjsjoint
paths mode of the information dissentioa for networks like Hyper cubes, Butterflies, Shuffle
Exchange, etc. for which Hamiltgrath existsA Hamiltonian path is a path in an undirected
graph which visits each vertexactly once. Bbadcashg, accumulation andossipng
problens havebeen studiedbr such type of network#\ graph is partitioned in to vertex
disjoint or edgelisjoint paths in each round and information is disseminated trough these paths
in constat time.Telegrgoh communication wde (oneway mode)and elephone
commurication mode (twewvay modehave been investigated in such netwoilkse aithors
provethat in most networks, optimal gossiping algorithm is simply the concatenation of optimal

accumulation and broadcast algorithms.

14



Another study [pgives the classifideon of the epidemic algorithms for maintaining
replicated databases. The authors have @ledshe algorithms ithree categees: Susceptible
Infective (SI), Susceptibltnfective-Susceptible (SIS) and Sustibte-InfectiveeRemoved (SIR),
based on hownits can handlexcoming information in generabusceptibldnfective class
defines epidemic algorithms where nearly each unit is initially susceptible. By receiving updated
information a unit becomes infective and remains it, until the whole populatiofective.In
difference to the model of S| algorithms, SIS algorithms are able to decide to stop spreading
information before the whole population is infective. For example, if a unit realizes that all of his
last five communication partners are alngadective, it might decide that the specific
information that has to be spread is old, and stops spreading it. But removed units can still
become infective again. If a unit gets specific information, that it has stopped spreading before, it
will spread t again until it loses interest again. SIR algorithms are nearly the same, as SIS
algorithms with the only difference that removed units remain removed for specific information.
This means that a unit would never get infective again, after it once stgp@adling specific
information. For instance, a unit, which did not spread specific information in thertastds,
stops spreading that specific information for all the time, assumes that the whole population is

already infective.

Theauthors alsaliscusssome of the algorithmahich fall under the above three classes,
like the antientropy algorithm or the rumanongering algorithmAnti-entropy is a kind of Sl
class epidemic algorithm while rumorongering is a SIR class epidemic algorithm. The m®ce

of finding a path from Source hdSto the Destination ho® is defined as routingrhe aithors
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have describeBpidemic Routing Algorithm, whictvasoriginally invented by Vahdat and

Becker to provide message delivery with high probability and mimmgizesource consumption.

When a hosSwants to send a message to another bpStpasses the message to its neighbor

hosts and they do the same until the message re@clfebere is a partition of the network on

the way taD, it is likely that one (or more) host(s) of the current section come into contact with
another fraction at a later time due to node movement. So, the message is passed throughout the

network and will eventually be received bywith high probabity as slown in Figure 3.1

EEROI

n "y

Figure 3.1- Message delivery from node SriodeD

Simulation experimentareconducted to evaluate the performancemtiemic outing
protocol. The results shotat given pair wise connectivity and emgh buffer size (2000 equals
infinite size, because the whole experiment used only 1980 messages) and time, an epidemic

algorithm could guarantee eventual delivery of 100% of messages.

The aithors instudy[6] demonstrate the database replication using epidemic
communicationAn epidemic protocdk proposedhat guarantees the consistency and

serializability Simulation experimentareconductedo evaluate this algorithmd distributed
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system consisting of aumber of database server sites each maintaining a copy of all the items in
the databasis considered for study purpas& pointto-point network that was required to be
reliable connectede sites. A transaction catart at any site, and that site bees the initiating

or home site. Vector clocks amsed to preserve potential causal relations among operations.
Each site maintains an event log of transaction operations. Sites exchange their respective event
logs to keep each other informed about therations that occurred in the system. Each site

keeps a twalimensional timetable, which corresponds to most recent knowledge of the vector
clocks of all sites. When a site performs an update operation it places an event record in the log
recording that peration. When a site is ready to initiate an epidemic session with another site, it
chooses a receiver site at randdiine aithorsanalyzethe response time for both readly and

update transactiorendfurther explorghe advantages of epidemic basedatps versus a more
traditional synchronous approadie aithors provehat their epidemic protocol relieves some

of the limitations of the traditional approach by eliminating global deadlocks and reducing delays

caused by blocking.

Study[7] discusseshe distributed implementation of global optimization through
decentralized processing in a péapeer fashion, where relevant information is exchanged
among nodesyomeans of epidemic protocolBhe aithorshave adopted the P2P paradigm, and
in particdar the epidemic and gossifased approach, to perform global function optimization in
a completely decerdlized manner. The main goaltssenable the exploitation of unused
computational resources (such as personal desktop machines) to parallelerizimon

process, without requiring a fixed and centralized infrastructure as the ocetesswith Grids.
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Two sequential search schemes Particle Swarm Optimization (PSO) and MmmedyReactive
Affine Shaker (RASHpareproposedPSOis a populatiorbased stochastic optimization

technique, inspired by the social behavior of bird flocking, for finding global optima of functions
of continuous variables. The RASH optimization heuristic defines a single trajectory (as opposed

to the multiple trajectoriethat characterize PSO) that ragidbnverges to a local minimum.

Study [§ has proposed algorithms for database replicatidre aithors have
demonstrated the usefulness of lazy propagation protocols to maintain highly available services
in a distribued system. Two update propagation strategies have been proposed to improve
freshness in the system. These propagation strategies fodusaster- n slawe configurations.
An update propagation strategy, called immeepatgpagationhas been proposecdhich works
as follows: updates to a replica at some master node are immediately propagated towards the
other replica copies held by slave nodes without waiting for the commitment ofghreabri
update trasaction. Further two varianisanmedide-immediateand immediatevait, have been
proposedWith immediateimmediate, a refresh transaction is started at a slave node as soon as
the first update operation is received from the master node. With immediate refresh
transaction is started at a slave naftter the complete reception of all updates (of the same
transaction) from the master nodée performancef the algorithms igvaluated through
simulation.The study shows that these strategies improve the data freshness up to five times
compared withiraditional approach.

In study[9], an epidemic propagation algorithm for consistently updating replicated

databasesdas been developed, whichbiased on local locking. According to the authors, all
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updating algorithms can be separated into two clasgbsy global locking and/or time

stamping. Algorithms based on global locking scheme require many control messages while
those based on time stamping method have addition of time stamp to every data element in the
database that significantly increasesstorage costlThe aithorspropose an algorithm in which

all message exchanges are time stamped and locking is applied locally in oedierce®

overheads. Message exchanges fd&ee in the network whenever a transaction commitment
occurs, that is, abe end of every consistent step of local proces3ing.performance of the

system in terms of the number oéassages and volume of contneéssageof the proposed

algorithm is compared with the other centralized locking algorithms and voting algorithens.
results reveal that the proposed algorithm performs better and has lower overheagl than th

centralized lockingnd voting algorithra

The aithors in study [10have proposed algorithms for thelagic networkingThe
authors haventroducel a family of adaptive protocols, called SPIN (Sensor Protocols for
Information via Negotiation) that efficiently disseminates information among sensors in an
energyconstrained wireless sensor network treating all sensors as potential sink nodes. The

SPINfamily of protocols rests upon two basic ideas:

- To operate efficiently and to conserve energy, sensor applications need to communicate
with each other about the data that they already have and the data they still need to
obtain. Exchanging sensor data nieyan expensive network operation, but exchanging

data about sensor data need not be
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- Nodes in a network must monitor and adapt to changes in their own energy resources to

extend the operating lifetime of the system

Two specific SPIN protocols, SPIN (a3-stage handshake protocol) and SRIKSPIN
1 with a lowenergy threshold)ave been discussethe aithors haveised simulation to analyze
the performance of these two types of SPIN protocols and then compared the results to the
theoretically optimal mtocols like classic flooding, gossiping and ideal dissemination

algorithms. The results progt¢hat the SPIN protocols perform close to the theoretical optimum.

Another study11] demonstrates lazy replication protocols, which propagate updates to
replicas through independent transactions after the originakitdos commits. Two lazy
update protocoldirected Acyclic graph (WT) and Directed Acyclic graph,@de proposed
that guarantee serializability. Also another protocol, the BackEdge pratasdbeen introduced
that combines the eager and lazy approadfes aithors havemplemented these protocols on
the DataBlitz database system produbich wasdeveloped at Bell Labs. A lock timeout
mechanism is used to handle local as well as globalaEadnimplementation. Experiments
areperformed in a realorld setting involving 3.296 MHz Sun UltraSp&2anachines running
Solaris 2.6 and equipped with 256 MB of RAM. No@n of machines in the studylisiited to 3.
Number of independent instancd<ataBlitz on each machine is run in order to simulate
multiple siteqone instance for each sit@hus for experiments involving %as, 3 DataBlitz
instances areunning on a single machin€he aithorsstudied the performance of these two

protocols br parameters like number of sites, number of items, replication probability, backedge
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probability, read operation probability, network latency.&te performance study showst

these protocols mostly perform better than the existing protocols.

Study[12] discusses the problem of disseminating information in interconnected
networks likehyper cubesndCube Conected Cycles.iree problems of inforation
dissemination in a grapbroadcasting, accumulah and gossipingave been studiad this
paper The broadcast problem deals with the spreading of information of one processor to other
processors in the network, the accumulation problem is to accumulate the information of all
processors in one given processor, and the gossip problem is tausateutine information of all
processors in each processor of the network. The authors presented some statistical results and
proof techniques for the broadcast and the gossiping problem inddveagrand tweway
communicatiormodes. The authotgve showrthatthe number of communication rounds
between the nodes can measure the efficiency of the aoration algorithmsThe aithorsalso
explained different types of Interconnection networks like complete tree, complete graph,

Hypercube, butterfly etc.

The aithors in [13 studythe performance and scaling of gossip algorithms on two
popular networks: Wireless Sensor Networks, which are modeled as Geometric Random Graphs,
and the Internet graph under thecsdled Predential Connectivity (PC) model. Thpdlogy of
such networks changes continuously as new nodes join and old nodes leave the ma&vork.
authorsprove that the averaging time of a gossip algorithm depends on the second largest

eigenvalue of a doubly stochastic matharacterizing the algoihm and also ésigning the
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fastest gossip algorithm corresponds taimizing the eigenvalue. Thmain goal ig0 design
algorithms so that desired computation and communication is done as quickly and efficiently as
possible The aithorsdesigned and characterized the performance of the averaging algorithms
for arbitrary graphs for both the asynchronous and synchronous time models. In asynchronous
time model, each node has a clock, which ticks at the times of a rate 1 Poisson procegs whol

the synchronous time model, time is assumed to be slotted commonly across nodes.

In study[14], the performance of epidemic algorithm in a lasgale wiréess network
has been studied@he study primarily involves small, lopower, wireless devicedistributed
over physical spac&he aithorsfocuson flooding protocol which is a simple epidemic protacol
In case of flooding, nodes alwaystransmit the message upon first reception. Lagme
implementation of this protocol on real hardware shthas global behavior of this simple
protocol could be complex. Each node has a 4 MHz Atmel processor with 8Kb of programming
memory, and 512 B of data memory. The node is equipped with 916 MHz, single channel, low
power radio from RPM, capable of delivegi L0Kbps of raw bandwidth using on off keying
(OOK) modulation. The transmission power of the radio is dynamically tunable with different
potentiometer (pot) settings. Twopseate sets of experiments amducted. The first set
focused on understanditige characteristics of links among all nodes in large test bed. The

second set focused on studying the dynamics of flooding over a similar test bed.

In contrast to traditional methods of epidemic algoritransautonomous gossiping

(A/G) for selective ssemination of information has been develgpéuch involves the whole
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network[15]. This type of infrastructure is well suitéat mobile adhoc networkingA/ G0 s
dissemination me@mnism is essentially statelessere routing information or global

information like knowledge of the destinati nodes is not required/G does not flood the

whole network. A/G spreads in the network by following a greedy mechanism such that it

spreads to immediatesighbors that are interested in the particular contentyenalvoiding the

ones that & not interested in the contehtode mobility is exploited to enable interaction with

newer nodes. Some possible applications for A/G include sharing files, e.g., music/photograph,
directed advertisement for mobile commerod tourism supported with reduced infrastructure,

or dissemination of metdata about services being provided. In autonomous gossiping, instead

of mobile nodes making a decision to push data to each other, it is data items themselves that try
toidentfyd her hosts which are suitable, based on
advertised profile. A java based discrete time simulator has been developed in order to simulate
and study the effectiveness of t lusedtoiatégipter i t hm

display of statistical information.

In another study16], the epidemic protocols in a distributed environment using
randomized communication have been studied which are commonly used for the lazy
transmission of updates to distributed copies of a dataRaseom phone call model is
introduced in order to inwtigate the possibilities and limits of this class of broadcasting
algorithms. In this modeh players communicate in parallel communication rounds. In each
round, each player calls a randomly selected communication partner. Whenever communication

is estdlished between two players, each one must decide which rumors to transmit. Players do
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not know which rumors their communication partners have already received. The results show
that there is an algorithm using onlly(¢E €) rounds and £ ¢E ¢ € transmissions. The

authors prove that this algorithm is optimal among those algorithms in which the actions of the
players do not depend on the addresses of their communication partngissalgdrithm,

rumors can be started in any round by any player and can be transmitted along the edges in the
graph in roundThe aithors prove that the number of transmissions can be reduced significantly
when rumor is sent in either direction, that isew using push and pull redr than only push
operationsThe aithorsintroduce a simple pusindpull algorithm spreading the rumor to all

players in0 (¢ €) rounds using only (& & € €) transmissions rather than(& & &) as the

pushalgorithm,

The aithors instudy[17] have demonstratatie epidemic information dissemination in
distributed systems in large peerpeer systems deployed amédrnet or ad hooetworks.The
authorsdescribe the four key problems filtering associatétl epidemic algorithms
membership maintenance, network awarenagfeibmanagement, and messagembership
deals with how processors communicate with each other and how manproitessors they
need to knowNetwork awareness tells us how to make ¢bnnections among processes to
ensure acceptable performance. Buffer management comes in picture when the storage buffer is
full so we need to make decisions which information to drop and message filtering allows

decreasing the possibility of sending tirevanted information to the nodes.
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In one study [1B the probabilistic epidemic algorithm has been proposed in which each
node passes on the information to other nodes with some probability to reduce the overhead of
routing protocols. The fraction of executions in which the nodes get the message depbeds
gossiping probability and the network topologiye aithors find that gossiping probability
between 0.6 and 0.8 suffices to ensure that almost every node in the network gets the message in
almost every execution of the algorithm. This algorithm uget® 35% fewer messages than
flooding algorithm for large networks thus improving the performance. Simulation results show
that there is a significant improvementlie performance even in small network of 150 nodes.
Simulation is done in thes2 simudator. Theperformancef the following four metricss

studied:

- The packet delivery fraction that is the ratio of the number of data packets successfully
delivered to the number of data packets generated

- The average entb-end delay of the data packethkioh includes all possible delays
caused by buffering during routing discovery, queuing at the interface queue, propagation
and transfer time

- The normalized routing load represents the number of routing packets transmitted per
data packet delivered at thestination

- The route length ratio compares the shortest route length found to the actual shortest

route length
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In study[19], theauthors haveeveloped a family of epidemic algorithms for
maintaning replicated databaséfhesealgorithms are based on the casual delivery of log
records where each record corresponds to one ttamsanstead of one operatidBimulation
results areonductedo study the performance of the distributed replicai@dbase.
Experiments areonduced to analyze the response time withHed#nt degrees of replication.
This model is also well suited for supporting users in mobile and disconnected environments as
the members connect for a short time to exchange epidemic messages, and then disbennect.
first algorithm in this family is a pessimistic protocol that ensures serializability and guarantees
strict executions. The next protocol is optimistic in that transactions commit as soon as they
terminate locally anthconsistencies are detected laad the resolution of inconsistencies is
left to the application. The final member of the protocol family is pessimistic and uses voting and
guorums to resolve conflictSimulationexperiments were conducted &% % confidence
intervalfor each data poit The simulation model assumes that the network is fully connected so
that any site can exchange messages directlyamigtother site. Experiments grerformed to
analyze the response time with differdegrees of replication and varying proportionseaid
only transctions. Also, measurements aegformed to determine how likely it is that a

precommitted transaction will successfully commit.

Study[20] provides a simple framework for gossiping in the modern distributed systems

and describ&solutions for various application domaii$e aithors have provided the results

for the probabilistic gossipased algorithms, which could be applied, to build both fully
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unstructured (randotfhased) as well as fully structured overlay netwdte aithors have also

suggested that such approaches could also be usedhoc adtworks.

In study[21], an online distributed gossiping algorithras been proposetihe algorithm
assumes thaach node knows only its immediate neighbor and it can toleratpimuode and
link faults, and mobility of nodes in the network as long as the network remains connected. The
main goalof designing this algorithrs to minimize the total time needed for the process to
complete The authors show that the protocol completds(i&?) time in any types of networks,
even when the networks contain multiple failufBse aithors haveomparé this algorithm to
therecently developed algorithm called as EGM protocol, which takgs¢ ) time and prove
that their algorithm is better performance wise in terms of fault tolerance, mobility and

distribution.
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4. BACKGROUND

This chapter includes the introduction to simulation and the simulation mdtels.
discreteevent simulation approactvhich has been used fsimulating our models, discussed
in detail. This chapter also describes the probability distributions which are used for generating
samples for the simulation purpose. Also, a description of random numbers and confidence

intervds is provided.

As stated in literaturejraulation is the imitation of the operation of a reairld process
or system over timéJsually simulationis used fopurpose of either understanditgg tbehavior
of the systenor of evaluating various strategies for the operation of the sySiemulation
processnvolves designin@ simulation model of a real system whiclthsnused for
conducting experiment€omputer simulation uses the same concept but requires that the model
becreated through programming on a compus@amulation allowdo experiment with di#rent
scenarios and, deelpsto buildmodelsand make the correct choices without worrying about the
cost of experimentd.he simulation solution usually consists of @menore numerical

parameters, which are called measures of performance of the system.

In simulation in order to study systemscientifically we often have to make a set of

assumptions about howvitorks. These assumptionsually take the form of mathmatical or
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logical relationships andonstitute a model that is used to try to gain some understanding of how
the corresponding system behavesaddition we need to gather dataorder to estimate the

desired true characteristics of the mo&me ofthe problems for which simulation has been

found to be a useful tool are designing and analyzing manufacturing systems, analyzing supply
chains, designing and operating transportation systems such as airports and subways, designing
hardware requirements protocols for communication networks, analyzing mining operations

and reengineering of business processes.

4.1 Advantages and disadvantages of simulation

Using computer simulation for analysis has many advantages over other design

techniques. Some dfi¢se advantages are:

a) Allows experimentation without disruptions to existing systemsystems that
already exist,lte testing of new ideas may héidult and costlyaffair. In such
situationsa simulatiormodel can be developed aodmpared to thexisting system
Any desired modifications can lested on the model firand then the decision to
implement the changes in tegisting real worldsystem can be madecordingly

b) Detection of unforeseen problems or bugssome casesletailed simulatiorsystem
modelmay reveal problems or bugs titane x i st i n t heaftesyst emos
installation. Dscovering thesproblems prior to installation leads to lesbugging

time and rework costater on
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c) Gain in system knowledg&imulation is he process of bringing all the pieces
togetherfor developinga simulatiormodelwhich helps in increasiniipe overall
system knowledgtoo.

d) Speed in analysist is possible to run the simulated system at speeds much greater
that wouldbe attainable in the real worldlso, multiple experiments can betsup

and completed in one run which addgimesavings.

Some of the disadvantagesusing simulation approadre as follows:

a) Expensiveln some casegreation of a computemodel can be expensiv&s some
simulation models make uses of different types of software and hardMswebig
simulation projects can takears of effortvhich is labor intensive

b) Time consumingSimulation requireslata collection, model develognt,analysis
and report generation which could tadlansiderable amounts of tintresome cases

c) Uncertaintyin results: Sinceidcrete event simulation relies on the use of random
number generats to provide model input, some uncertainty is alvasgeciated
with the output.

d) Difficult to validate: Validation is the process of making sure the computer model
accurately remsents the system being studied which ispossible ifthe system

does not yet exist thus adding the risk

4.2 System anasjs techniques
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A system igdefined as &ollection of entities, e.g., people or machines thatratt a
interact together to accomplish some gdake sate of a system is the collection of variables
necessary to describe assym at a particular tim&ysems can be catedgned intwo types:
discrete and continuous. A discrete system is one for which the state variables change
instantaneously at separated points in tifee.example, a bank &sdiscrete systenWhen a
customer arrives) bank ordepartdrom bank after firshing being servedhestate variable e.g.,
the number of customers chandecontinuous system is one for which the state variables
change continuously with respect to tirker example, wheairplane moveshrough theair, it
can becalled as anxample of a continuous system, since state variablgs as position and
velocity change continuously with resgeo time.Figure 4.lillustratesthe different ways in

which a systencanbe studied.

Experiment with Experiment with a
the actual syster model of the syster
Physical Mathematical mode
Analytical model Simulation

Figure 4.1- Ways to study a system
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4.3 Smulationmodeing

It is not feasible to alter the systgahysically and then let it operate under new
conditions and sotiis usually a costly matter to study an actual sysk@mnexample, a bank
might consider reducing the staff in order to reduce costs but actually trying could lead to long
customer delayand alienation. For these reasons, it is usually preferable to build a model as a
representation of the system and study iutossitutefor the actual system. Other way of
studying the system is to make the physical model of the systesimown in the Gure 4.1
which is usually used to study engineering or management sy$igamsples osuch models
include tabletop scale models of matehiahdling systemslso, in some cases, behavior of the
system can be studied by makmgnhathematical model of the system which means to represent
a system in terms of logical and quantitative relatiorsshigch are then alterednd
manipulatedo see how the model reacts, and ttausnderstantiow the system as whole would
react.For exanple,the relation d = rt is an example of the mathematical moddherer is

the rate of travel, is the time spent traveling, adds the distance traveled.

If the system modek simple it may be possible to work with itelationships and
guantities to get an extaanalytical solution butnany systems are highly complex and so valid
mathematical models of them are themselves complex, precluding any possibility of an
analytical solution. In such cases, the model mustuuzkest by means of simulation, i.e.,
numerically evaluatinghe model for the inputs in question to see how they affect the output

measures of performance.
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4.4 Simulation modeldassification

Simulaton models can be classified in the followithgee diferent dimensions:

a) Static Vs Dynamic Simulation Models: A static simulation model is a representation
of a system at a particular tisach asMonte Carb models. namic simulation
model represents a system as it evolves over time, such as a caystgor in a

factory.

b) Deterministic Vs Stochastic Simulation Models: If the simulation model does not
contain any probabilistic (i.e., random) compaseit is called deterministic. For
example, a complicatexystem of differential equations de&ong a chemical
reactionissuchamodel.Insucghodel s, the output i s fidet el
input quantities and relationships in the model have been speCiieithe other
hand, gstems which require or haat least some random input componems
calledstochastic simulation modelsor example, st queuing and inventory
systems are modeled stochastically. Stochastic simulation models produce output that
is itself random, and must therefore be treated as only an estimate of the true

chaacterisics of the model.

c) Continuous Vs Discrete Simulation Models: Continuous simulation concerns the

modeling over time of a system by the representation in which the state variables
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change continuously with respect to time. Typically, continuous simulataziels

involve algebraic, differential or difference equations that give relationships for the
rates of change of the state variables with time. For analysis techniques, e.g-, Runge
Kutta integration, are used to integrate the differential equations roathgrgiven

specific values for the state variables at tim&le specific objectives of the study
decidewhether to use a discrete or a contirmodel for a particular systefror

example, a model of traffic flow on a freeway would be discrete i€hlagacteristics

and movement of individual cars are import#iternatively, if the cars can be
treated Ain the aggregate, o the flow of

in a continuous model.

4.5 Discreteevent simulation

Discreteevert simulators are efficient and scalable and hence are often used in the design
and development of distributed systeicreteevent simulationnvolvesthe modeling of a
system as it evolves timén such casestate variables change instantaneousbeptirate points
in time at which an event oacs. An event isan instantaneous occurrence that may change the
state of the systensincediscreteevent simulation models are dynamie need tdkeep track
of the current value of simulated time as the simulation proceeds, and we also need a mechanism
to advance simulated time from one value to another. The variable in a simulation model that

gives the current value of simulated time is callechast A s i mul at unitsoftimé forc k 0 .
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the simulation clock is assumed to be in the same units as the input parameters and there is no

relationship between simulatiene and the time needed to run a simulation on the computer.

For advancing theimulation clock, h e appr oac h-ewvealnlted i arse fMexatn
used With this approach, the simulation clock is then advanced to the time of occurrence of the
most imminent (first) of these future events, at which point the state of the systesatiscio
account for the fact that an event has occurred, and our knowledge of the times of occurrence of
future events is also updated. Then the simulation clock is advanced to the time of the (new)
most imminent event, the state of the system is updatedfuture event times are determined,
etc. This process of advancing the simulation cfoak one event time to another is continued
until eventually some prspecified stopping condition is satisfied. Since all state changes occur
only at event timesor a discreteevent simulation model, periods of inactivity are skipped over

by jumping the clock from event time to event time.

4. 5.1 Components and organization of a disegatent simulation model

All discreteevent simulation modekhare a numbaf commoncomponentsin
particular, the following components will be found in most diseestent simulation models

using the nexevent timeadvance approach programmed in a geraugbose language:

a) System state: The collection of state variabksessary to describe the system at a

particular time
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b) Simulation clock: A variable giving the current value of simulated time

c) Event list: A list containing the next time when each type of event will occur

d) Statistical counters: Variables used $toring statistical information about system
performance

e) Initialization routine: A subprogram to initialize the simulation model at time 0

f) Timing routine: A subprogram that determines the next event from the event list and
then advances the simulaticlock to the time when that event is to occur

g) Event routine: A subprogram that determines that updates the system state when a
particular type of event occurs (there is one event routine for each event type)

h) Library routinesA set of subprogramssed to generate random observations from
probability distributions that were determined as a part of the simulation model

i) Report generator: A subprogram that computes estimates (from the statistical
counters) of the desired measurethefperformancend produces a report when the
simulation ends

J) Main program: A subprogram that invokes the timing routine to determine the next
event and then transfers control to the corresponding event routine to update the
system state appropriately. The mpigram may also check for termination and

invoke the report generator when the simulation is over.

The logical relationships (flow of control) among these componeatshteown in the

Figure 4.2
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Initialization routine Main program Timing routine

1.Set simulation clock = 0 @ 0.Invoke the initialization routine D 2\'Zittetrmg‘esg]e inex
2.Initialize system state arl¢ @ 2Adva¥1?:e’they,
isti 1.Invoke the timingoutine p )
statistical counters > goutr Repeatedly ——> simulation clock
3.Initialize event list 2.Invoke event routine i i
Event routine i @ Library routines

1.Update system state
2.Update statistical counters
3.Generate future events and add to event lig

Generate random variat]

A 4

A

|

No

Is simulation

over?

Report generator Yes

1.Compare estimates of interest
2 Write report

Figure 4.2- Flow of control for the nexévent timeadvance approach

The main program invokehe initialization routinend thesimulation begins at time 0.

At this time,thesimulation clock is set to 0 and the system sthtestatiical countersand the
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event listareinitialized. Once control return® the main program, it invokes the timgiroutine

to determine which type of event is most imminent. If an event ofitigohe next to occur, the
simulation clock is advanced to the time that event typ# occur and control is returned to the
main program. Then the main program invokesne routina, where typically three types of

activities occur:

a) The system state is updated to account for the fact that an event bhage
occurred;

b) Information about systetnperformance is gathered by updating the statistical
countersand

c) The times of occurrence of future events are generated, and this information is added

to the event list.

In order to determine the future event timd&it is necessary to generate random
observationscalled as a random variateomthe probability distributions. After all processing
has been completed, either in event routioein the main program, a check is typically made to
determine (relative to some stopping condition) if the simulation should now be terminated. If it
is time to terminate the simulation, the report generator is invoked from the main program to
compute estimates (from the statistical counters) of the desired measiinegesformance and
to produce a report. If it is not time for termination, control is @ésmck to the main program
and the main prograiintiming routinei main prograni event routing termination check cycle

is repeated until the stopping condition is eventually satisfied.
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4.6 Probability distributions

Since input to a simulation usualtontains one or more components whose behavior is
most adequately described as stochastic, sampling represents an integral part of simulation
methodologyFor exampleinter-arrival times and service times in queuing problems, delay
times in filling demads in inventory models, and times to failure in reliability modets
usuallygenerated bdlistributions likeexponentialnon-exponentiaamma, weibll, and

lognormal

This section summarizes the procedures for generating samples from most esntinuo
distributions, which are used fgenerating transmission timesfor our simulationmodel.

Given a continuous random variabdewe denote:

a) The probability density function, pdf, agd.

b) The cumulative density function, cdf, 83d).

The Probability Density pdf and Cumulative Density Functions cdf give a complete
description of the probability distribution of a random variable. If the random variable is
continuous, then the pdf is the probability that the continuous random variable aastahes
over an interval or range. The cdf gives the probability the random variable will be less than or

equal to some value.
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a) The Exponential DistributianThe exponential distribution ia class of continuoysrobability
distributionsin whichevents occur continuously amtlependentlyat a constant average rate.
Theexponential distributioms most widely known and used distribution itiability evaluation
of systems and often usd to describe the interarrival times, breakdown tjraesThe

exponentiadistribution with parameteshas pdf

MO =_0 "@ 0 (4.1)

and cdf
=1 Q-° @ 0 (4.2)

. .1
The mean, variance, and mode are respectwef—ty, and 0.

For generating variates, we set

o= 0l (4.3)

Becausdl “Yhas the same distribution Hswve can even use the simple transformation for

calculations

b= e (4.4)

b) The Hyper exponential Distribution: Thegper exponentidk a highvariance generalization
of the exponential distribution. Generatingyper exponentialariate corresponds to randomly
choosing a variate from one of n @ifént exponential distributions. The pdf of thger

exponentialvith n branches is

Q6 = By M@ - "Bi 0 (4.5)
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and cdf

"O® = By Ngl 'Q-¥) (4.6)

The mean, variance and mode are

BL. ™, Bh, 1 @0, 4.7)

)
=Q

respectively. The variance always equals or exceeds the square of the mean. A comparison of
the exponential pdf andreyper exponetial pdf appears in the Figure 4Bhe parametaiq_1o
satisfy

oo 0 GEQB%L No= 1 (4.8)

For generatindpyper exponentialariates, we

1) GeneratdJ; and findk such that

Bgifo< ™  Bgifo (4.9)

log (")
ol

2) Output @ = (4.10)
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- Hyper exponential

Erlangian

Exponential

Figure 4.3- Hyper exponentiglexpmential, ancErlangian2 pdf 6 s wi t h mean

c) TheErlangian Distribution: The Erlangian distribution has two parametenrsgdk. An

Erlangian random variate is the sunkaid (independent and identicaltistributed)
exponential variates, each with expectaéiom sequencer other collection ofandom

variablessiid if each random variable has the sgmebability distributioras the others and all

are mutuallyindependentFigure 4.3 shows an Erlangidistribution with'Q= 2.

The generating procedure is

" o log("Y
G= B2, ¥ (4.11)

which simplifies to

B
o= loa(Pe; Yo (4.12)

The pdfis
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_0 _® (=(l))7Q 1

“Q(b = T “Q‘l 0 (b (413)
The cdf is
- ‘0 W N Q
Oh = 1 BRI (4.14)

4.7 Random numbers anahdom number generation

Random numbers are a necessary basic ingredient in the simulation of alnhest all
systems. In fact, discrete evemhalationmodels are driven by random modé&emputer
systems can generatndan numbersThe main requirement for the produced random number

streams is, that they fAido not repeat themselyv

Randomnumbes aregenerated by random number generafdisst random number
generators begin with a starting value, catlegiseed. This seed enables the user to reproduce
the stream of numbers later, which is a very interesting feature for simulation, becdogssit al

to repeat simulation runs or to compare them with different parameter settings.

Most computer languages have a subroutine that will genanandom numbeFor this
thesisthe random number generator used is the one provided as part of Raagsm the Java

API.

4.7.1 Properties ofandom mmbers
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A sequence of random numbeRs, R¢ must have two i mportant
uniformity and independence. Each random nuriheés anindependent sample drawn from a

continuous uniform distribution between zero and 1. That is, the pdf is given by

N @i 0 w 1
=, £500 000 (4.15)
This dendly function is shown in Figure 4.4
f(x)
A
1 i
0 1 X
Figure 4.4- PDF for random numbers
The expected value of eaBhis given by
1 1
E(R)= ., 0= > (4.16)
And, the variance is given by
VR)= &7 @ [0Y]2= — (4.17)

Some consequences of the uniformity and independence property are the following:
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a) If the interval (0, 1) is divided into n classes, or subintervals of equal length, the expected
number of observations in each intervalis, whereN is the total number of
observations.

b) The probability of observing a value in a particular intervaldependent of the

previous values drawn.

4.7.2 Generatingandom number in Java

Javahas auilt-in class named "Randam f or gener at i.Rgnddhaandom nu
generate many kinds of random number. Random is defined in the "java.util" library package, so
we need to include the following line in the beginning of the program if we are generating
random numbers in Java
import java.util. Random;
or

Importjava.util.*;

4.7.3 Creatingandomnumbergenerators in dva

The easiest way to initialize a random number generator is to use the parameter less

constructor, for example

Random generatorl = new Random ();
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Random number generatortializes its sequence from a value called its "se€hé
default constructor uses time as a seed with 1 millisecond resoldtostructomwith parameter
for Randomallows us to provide our own seed. We can use any long integer as a seed with this

corstructor. For example, the following creates a random number generator witD586847

Random generator2 = new Random (19586547);

To generate a random integer from a Random object, we send the object a "nextint"

message. "nextint" is parameter lessssagand returns the next integgrositive or negative)

in the generator's random sequerka.examplejf "generatorl" is an instance of Randdhen

a random integer can be generated as follows

int r = generatorl.nextint ();

To generate a random real number uniformly distributed between 0 and 1,we can use the

parameter less "nextDouble" messdgar example,

doubler = generator.nextDouble();

4.8 Generatingandomsamples frona given distribution

In this section, we expila how we can generate the samples from the exponential -hyper

exponential anérlangian distributionsvhich are used in this thesis for generating samples
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a) Exponential distribution: We can generate samples from exponential distribution as follows:
icoanQ= & x(In 1 7Y),whereU is the random number between 0 and 1maris the

mean of theexponentiadistribution

In java, we can generasamplesrom the exponential distributidoy using the following
expression:

QOGN O NER=  a x 0 QEQL0 1 EQUE.£QCEOER

whererandgenis the random number generator amis the mean of thexponential

distribution

b) Hyperexponential distribution: W have used hyp@xponential distributions witE?

(squared coefficient ofariation) values of5 and 10 for testing purposes. Squared coefficient of
variations gives the measuredi§persiorof aprobability distributionHigher the value of?,
higher is the variability in the samples generated from a distributienvlVexplain how to
generate samples from thgperexponential distribution witthe correct mean ar@f in the

following paragraphs.
A random variableX is hyper exponentially distributedXis with probabilityp;,

‘x 1,2,38 8 .."Qan exponential random variablewith meanl/ f'QFor our system, we

generate samples from hypetponatial distribution with the mean 1 a@f=5 and 10. We first
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find values for probabilitiep; andp, for C*=5 and then generate an exponential variate with

corresponding means.

pr = 1h[1-sgr (C*-1)/(C*+1))] =1hL[1-sqrt((51)/(5+1))]

=15 [1-sqrt( (4)/(6))]=1k[1-sqrt( 0.6666) E 15[ 17 0.8164]=0.0918

p. =1 p = 1- 0.0918 = 0.9082
meanm, = m/(2 py) = 1/(2 x 0.0918) = 1/0.1836= 5.4466

meanm, = m/(2 p2) = 1/(2 x 0.9082) = 1/1.8164 = 0.5505

With probabilityp;, we generate an exponential variate with mean 5.436®&rwise, we

generate an exponential variate with mean 0.5505

In java, we can generate samples by usindat@wing expression:

CEOCHON = 1 CE'QWE . &' BHOEAGIY);
CEOGBOI (X NniQa 1l = 05505,a2 = 5.4466;// 6°=5
T <= 0.9082)
fatne= a1 x0QE QL0 16 QME.LQABOEOIQ
else

(GO AQ= G2 x 0 @QEQL0 1O .£ABCE6R
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whererandgenis the random number generatgr is the probabilityand m1 andmz2are the

means of thédyperexponentialistribution

Now, we find values for probabilitigs andp, for C>=10 and then generate an

exponential variate with corresponding means.

pr = 1h[1-sqrt( C*>1)/ (C*+1))] = 1h[1 - sqrt ((101) / (10+1))]

=15 [1 - sqrt ((9) / (11))]= 1k [1 - sqrt (0.8181)] = [17 .9045] =0.0477

p2 =1-p; = 1-0.0477= 0.9523

meanm, = m/(2py) = 1/(2 x 0.0477) = 1/0.0954 = 10.4822

meanm, = m/(2p2) = 1/(2 x 0.9523) =1/1.9046 = 0.5250

With probabilityp; we generate an exponential variate with mean 10.4322rwise,

we generate an exponential variate with mean 0.32%va, we can generate samples by using

the following expression:

QOGO = 1R OUE. £ BBOEGGY);

CEOGIQI G A6Qa 1 = 0.5250,6 2 = 10.4822; // 62 = 10
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M <= 0.9523)
faarnNiQ= &1 x0dQEQLO 1c'QAE.£'QD0E Jo 1) OB
else

(A= a2 x 0 BQEQLO 1O .£ABHESER

c) Erlangian distribution: We can generate the samples froirkegian distribution as

follows:

A random variablé& has an Erlangiark ((Q= 1,28 ) distribution with mearC p if X
is the sum ok independent random variablgg ¢é ., haXing a common exponential

distribution with meari/ p.

In java, we can generate samples from Erlan@ialstribution by using the following

expression:

QOGRI N = 052 (( G QE z § BOENLO 1 GFOME . EABOEOG))) +

( aQE 2 0 BQEYLO QM. ¢ ABOEOEN))));

whererandgenis the random number generator amehnis themean of theéerlangian

distribution
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4.9 Confidence interval and confidence level

Sinceour simulationuses only alimited sample size, calculated statistics like the mean
are only estimates the true but unknown parameter valudsnce,it is necessary to provide
the additional information to support these estimathat is whywe usethe concept of
confidence intervals whereesults are intervals rather than single val@fidence intervals
areexpressed with a defined confidence levelioltgives information atut the probabilityhat
the real value is within theonfidencanterval. There are two mafactors influencing the width
of the confidence interval: sample size and standavihtionof the measure. The larger the

sample size the smaller the standard datron is, the narrower the confidence interval.

TheCentralLimit Theorem is usedf computing confidence intervalhich states that
the mean of different simulation runsnermaly distributed if the sample size is large enough.
This theorem allows calculating the confidence interval from known sample valugs. of
thumb for the sample size is typicaihyre thar80. For the calculationof confidence intervals
t he Al mulativesSeand@&diNormal Distribution Functiod@RMSINY @& neededFor

more information about thealculation of confidence andORMSINYV please refer to [30

The population mean is expected to fall within the following interval centered around the

exact sample meas shown in the Equation 4.18

Wx { 6B NAQ { GG’ Q XD GO

population mean = sample mehn

(4.18
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where

1 GEECOGd0 G
> ) (4.19

0= 00Y0 Yo (1

The random variablg is calculated with th&?lORMSINVfunction and relates to the
requiredconfidence level. Thiormulasprovided above arealid only if the samplesize is
bigger than 30, otherwise thenteal limit theorem does not appl$ince our saple size is much

larger than 30 (order of magnitude of 1000 highe, the formula can be safely applied

The confidence intervalsan bealsoused tocalculate equired sample sizédhe
necessary confidence level can be specified andempary mean and standard deion can
be provided from a former simulation run or historical data and the needed sample size can be
calculated. We cannot calculate the samjae without running the simulation model once to

have statistical data available. The forenid shown in equatiof.20

(Oxi RN | CEAIQ XD ETeE )2
QHQGEE COE D "©5Q AN 1 T@W'Q

required sample siz&

(4.20

The previously describedpims should provide background information necessary for the

developing and understanding the details of our simulation model and final results.
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5. SYSTEM MODEL

This chapeér explains the simulation models tberandomized algorithm, perfect
knowledge algorithm and ¢hvirtual tree algorithnapplied to a distributed systemwssumptions

on the system behaviased in thesimulationsare also discussed.

We devebp simulation models for randomized, perfect knowledge and virtual tree
algorithns. Also, therandomized algorithm is modified to incorporate failure nottresur
simulationmodes, we assume that a single nwdae call ed
version of the informationlhe initiator is responsible for starting the updates so that all other
nodes get pdatedWe assume that all nodes havanique identification numbehll nodes
have complete netwolknowledgelt is also assumed that all nodee able to receerand send

updates at any time.

A particularnodecan onlyinitiate asingletransmission at a giveime. It is assumedhat
propagation time of information exchange betwéwo nodes is probabilistithe probability
distributiors usedfor our systemaremodeled to closely resemble reebrld situationsvherein
we see variation in the transmission times when messages are transferred over the Tiework
distributionswhich areused for generatg transmission times for propagatimormation

across the networkreexponentialhyperexponentiabndErlangian distributios. The nean
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transmisn rate is assumed to be 1 time uHgperexponential distributions with squared
coefficient of variationC?) of 5 and 10 aresedin orderto have high variability in the

transmission times.

With all thestatedassumptionswe develogsimulation models for randomized, perfect
knowledge and virtual tree algoritlsnfior propagatingnewinformation to all nodes in the

system.

5.1 RandomizedIgorithm:

In the case of randomized algorithmnode selects another node ramdipfor updates.
Nodes know who themeighborsare, butdo notknow which reighborshawe already been
updated. In such environment it is expected that there wikdendahmessage exchangen

example of redundancy of updates is depicted in Figure

Not updated

updated

Figure 5.1- Randomized algorithmedundancyxample
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In Figure 5.1a network of nodethatneeds to be updated wslbmenew informations
given. Shadechodes are already updatedh the new informationSupposeiodel selects node
2 randomly forupdates. It sends an update to node 2 and node 2 gets updated. Orites node
updated, node it idle and hence ready for updating another node. This ttreelects node 3
randomly for updating with thenewinformation. At the same time, nodes4ready too for
sendinganothempdate Sincenoded on 6t have dy azouthapdatenstatossomat i on
thenei ghborhood, node 4 adnganupdte tokol®3nandshrode4n o d e
sends an update to nodéo®. Hence, node 3 gets updated twice. Omude 4 igeady to select
another noddt randomlyselects node 5 whidas already been updatétence node 5gets
updatedwice too. This process ofandomlysdecting nodes continuastil all nodes are
updated. The stopping criteria for the algorithm is wienlast node that is napdatedyets
updatedor the first time. In this process, a nod@ cget updated with the new inforrat more

than once

In this randomized model we expect significant amafimédundant message exchanges

Our presentadn proceeds with an algorithm that eliminaties redundant message exchanges.

5.2 Perfect knowledge algorithm:

Perfect knowledgelgorithm assumes that nodes have dynamm&edge about the

update status of the complete network. mbhdes get the information abather nodestatusas

55



soon as they are updatéh example ofnodeupdates foperfect knowledge atyithmis given

in Figure 5.2

Updated e ——— .- Not updated

Group 1 Group 2

Figure 5.2- Propagatingnformationin a network usingerfect knowledge algorithm

Theset ofnodes in the networkan be broken into two groupgSroup 1 containing all
updated nodesindGroup 2 containing nodes whichave not beenpdatedWhen a nde
belonging toGroup 1 is readyto send another updaté selecs a noderandomly fromGroup 2
and as soon as the nddem theGroup 2is updated, ibecomes a part @roup 1. For example
from the network in Figure 8, if nodeA selectsnode C randomly for updates, then no@egets
updated with new information and becomes a memb@érafipl Assoon as nod€ gets
updatedall othernodesfrom both groupsre informed abduts update situs At this point,
nodeC is ready forsending updates to anethrandomly selected node fra@noup 2 This is

shown in Figure 5.3
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Updated Not updated

Group 1 Group 2

Figure 5.3 Node update process in case of perfect knowledge algorithm

This process of selectingopdesrandomly for updates froi@roup 1 to Group 2continues
till all the nodes are updateft that timeGroup 2will be empty.That is the stopping criteria for
the algorithm Sinceeachnode gets selectddr updateonly once during thisvholeprocess
there are no redundant messagehangesand hence no waste the number of transmissions
asseiatedwith this type of algorithmPerfect knowledge algorithm has a theoretical significance
but it is notpracticalto implement The main reasois that thecomplete system needs to be
informed after each information transfer which is very expensive and it is difficult to

implementation due to synchronization and replication issues.

5.3Virtual tree algorithm:

We devebp a newalgorithmcalled virtual tree algorithnthat propagates information to

all nodes using virtual treéds dscussed earlier in this chapter case of randomized algorithm,
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if a node selects its information exchange targets in a random fashsmexpectedhat such an
approach is not optimaince there are lot of redundant message transfers involved in this case
So, nstead of letting the nodes choose another node randomigdating the informatigrwe

have predetermined the path of conumication that nodes will take to disseminate information.

By doing so, the total number of inforn@t exchanges have been reduced.

We proceed witlan example of such a strategy. Suppbsee are 3 nodes in the
network.We pre-determine the path that each node should take to update informatidinsiWe
create a virtual tree structureftom a treenetwork topologyFor the purpose dhe analysiswe
have assumed thatir tree topology has two sub networks with the saungber of nodes on the
left and right side of thiee i.e., total number of nodes in the network is equal to some power of

2. The tree gucture is shown in Figure 5.4.

Leaf

Figure 54 - Communication path for the network of 32 nodes
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Figure 5.4shows the preletermined communication path for the network of 32 nodes.
The circles in thé&igure 5.4represent the nodes with each node having its own identification
number [D). The numbers on the directed arcs represent the number of steps b izheste
the particular nodd=or example it takes four stepsupdate node 16t can be seen from Figure
5.4that there are 16 brahes in a network of 32 nodd3ue to the variable transmission times,
there is a possibility that one of the branche®mplete before other branchhis will happen if
there is no successor after a particular node, whietdlsv® be updated (leaf nod®nce a leaf
node is updated, it becomes idle. This is especially true for the leaf node that is updated the first.
The anount of idle nodes certainly increases the totappgation time. Wevould like to have
as many nodes transmitting information as long as pos€lblee the firsteaf node is updated, it
is instructed to select another leaf node for updates. The selection strateggiesspneinedoo.

This in turnreduces the idling of nodes and also improves the total propagation time

The steps of thapdate propagatiocaen be visualized in Figure 5Bach row represents
a sngle propagation update stdpcan be seen that in the first step only one node istegda
the second stepwb nodes are updated and so $imce this tree has equal nodesboth sides,

nodes are alays updated in the powers of 2.

3 4
(2 nd) (2 nd)

Initiator

@Y | 6" | B | B

(4 lh) (4 lh) (4 lh) (4 lh) (4 (h) (4 lh) (4 (h) (4 lh)

17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32
(5 lh) (5 (h) (5 lh) (5 lh) (5 lh) (5 lh) (5 lh) (5 lh) (5 th) (5 lh) (5 th) (5 lh) (5 th) (5 lh) (5 th) (5 lh)

Figure 55 - Steps of the update propagation for a network of 32 nodes
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In order to complete the information dissemination in a network of 32 nodes, we

proposal the following algorithm:

a) Nodel is the initiator and is already updated. It updates nod& géf)
b) Updated nodes 1 and 2 update 3 and 4 respectivélgtéd)
¢) Nodes 1, 3, 2 and 4 update 5, 6, 7 and 8 respectiVistép)

d) This trend continuesltiall the 32 nodes are upaat

It takes total of 5 steps for a network of 32 nodes to get updated, which is shown in the
Figure 55. Given the total number of nodasn a network, a particular nogiecan communicate

with the set of nodes defined by the following formula:

F.D=2m (5.1)

F.(n)=23F (n-1)-1 SubjecttcF,,(N) < & cLdhson (5.2)

wheremaxNodas the total number of nodes in network.
We compared the performance of this algorithm against randomized algorithm and

perfect knowledge algorithin terms of the total propagation time and the total work done by

the nodes which is discusskditherin the next chapter.
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6. PERFORMANCE EVALUATION

This chaptepresentghe simulation results. Section 6.1 compares the simulation results
for the randomized and perfect knowledge algorithm to the analytical rpsalided by ny
advisor from his ogoing research workln addition, simulation results for the total propagation
time and total work for all three types of alijoms have been provided in section.&G2ction
6.3shows the results whidre obtained bynodifying the wtual treealgorithm and sectiorb.4

shows the results of randomized algorithm wiiuire rodefeature.

One of the objectives dhis thesigs to minimize the number of information exchanges,
while other main bjective is to reduce thaformation propagation timélso, we want to
minimize the work done by each node in order to reduce theendsiherefore, lhe

pefformanceof the followingmetrics wastudied:

a) Total propagation timé total time taken by all nodes in the systengédupdated

b) Total work doné total work done by all nodes in the system during the update
process

c) Time taken by each node to get updated for the first time

d) Work done by each node which adds up to the total work done
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Simulationmodelwas developed in Java ftire followingthree types of algorithmend

simulation results were plotted in Microsoft excel

a) Randomized algorithm;
b) Perfect knowledge algorithm; and

c) Virtual tree algorithm

We examine the performance of the above stated algorithms under various network sizes
We varied the system sis®mm 2 to 1024odes The distributionsised for generating
transmission timeare exponential distribution, hypexponential distributiomnd Erlangian
distribution.First step was to validate the simulation models for theiegislgorithms. This
was done by comparing the simulation results with the analytical results which wedegdrby

my advisor.

6.1 Validation of our simulation system model

Validation is the process of making sure the computer model accuegpedgsents the
system being studie®imulation results for randomized algorithm and perfect knowledge
algorithm were compared with tlamalyticalresults and it was observed that simulation results
almost match thanalyticalresults thus proving the validity of the simulatitmthe next
section plots for theanalyticalresults as well as the simulation results for the randomized

algorithm and the perfect knowledge algorithave been discussed
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6.1.1 Cumulative propagatidime

Left hand side of Figure 6.8hows the plot based on thealyticalresults for
Cumulative propagation time for Perfect knowledge algorithm for exponential,-hyper
exponential C?=5 andC?=10), deterministi@andErlangian distribution for systemige 17.
Right hand side of Figure 6.1 shotk& plot based on simulation results for the same

distributions for system size 18ince the simulations were tested for network sizes of powers of

2, thatodés why simulation plot in Figure 6.
Pertect Krowledge Cumulative Propagation Time {Perfect knowledge) - 16 nodes
14 T T T ;
—FXP == Exponential disnbuion ?
= 12F e H 'C2=50 J B =HB=Hypexp (C2=10)
i :; ’ ; ——Hyp2xp (C2]) /f‘
5 10+ —--H1ZC:_=19_0 i 0 —+—Eriangian disfribution y
5 —.—E; ) E B 1 ==Deteminisic distrioution
= = ] = /
5 8[—DET g
g g,
g =1
E o :
v .
-4 J 3
e v
!
0 T — T —
0 T3 4% 6 T 8 9§ 10112l onon
0 5 10 15 17
Number of updated nodes m the system of N=1T, k Number of updated nodes in the system of N=16
Analytical plot Simulation plot

Figure 6.1- Cumulative propagation time foepfect knowledge algorithm for exponential,
hyperexponential, deterministic ariflangian distribution$ analyticalresult plot for system

size 17and smulation resuliplot for system size 16

63

1



