MAsTER'S THESIS

Scalable Route Caching Methods for Networks with Many
Mobile Nodes

by Theodoros Salonidis
Advisor: Leandros Tassiulas

CSHCN M.S. 99-8
(ISR M.S. 99-13)

catellite o
ot e

h%
f——)
z The Center for Satellite and Hybrid Communication Networks is a NASA-sponsored Commercial Space
91 Center also supported by the Department of Defense (DOD), industry, the State of Maryland, the University
:,? of Maryland and the Institute for Systems Research. This document is a technical report in the CSHCN
o series originating at the University of Maryland.

Py
Nication N
Web site http://www.isr.umd.edu/CSHCN/



ABSTRACT
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WITH MANY MOBILE NODES
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Degree and year: Master of Science, 1999
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Department of Electrical Engineering

A mobile, ad hoc network (MANET) is a collection of wireless mobile hosts
forming a network without the aid of any established infrastructure or centralized
administration. Generally aMANET may consist of many portable devices that are
characterized by processing and memory size limitations and in practice it will not be
possible for a host to keep routing information for all the nodes in a large network.
This thesis attempts to address the scalability issue by introducing a framework and
strategies to quantify the concept of destination caching. The observation that a source
host can augment its cache’s routing table by using the caches of other closely situated
hosts forms the basis of our approach. We propose algorithms that determine a host’s
cached information by taking into account the host’s memory capacity, the network size
and the number and identity of the destinations this host needs to cache information
about.

Mainly two classes of algorithms are introduced. The class of "Best State/Best

Cost" algorithms (BSBC) tries to minimize the flooding cost per route discovery by



keeping the most "expensive" destinations in each host's cache. However it does not
Impose any flooding constraints for the non-cached destinations. The second class of
LEADERS algorithms adopts a different view by relaxing on the flooding cost optimality
and taking into account a maximum flooding constraint for each node. In this way, the
worst flooding caseis controlled since any node is guaranteed to find information about

any destination within a pre-specified maximum distance.
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Chapter 1

1.1 Introduction

The recent advances in wireless communications technol ogies combined with the
introduction of small portable computing devices have created the demand of realizing
the ubiquitous networking dream: " Seamless communication and network access anytime
and anywhere".

In order to fulfill these increasingly rising expectations, extensive work nowadays
focuses on the integration of mobile computers within the fixed network infrastructure of
the Internet. The extension of the Internet to mobile domains and hosts is implemented by
the Mobile IP technology. Mobile IP isintended to enable nodes to move from one IP
subnet to another either this subnet isin aform of awireless LAN or an Ethernet
segment. One can think of Mobile IP as solving the "macro” mobility management
problem, since mobility in this case is happening in the granularity of IP subnets. It isless
well suited for more "micro” mobility management applications like the handoff amongst
wireless transceivers, each of which covers only avery small geographic area. Supporting
this form of host mobility requires address management and protocol interoperability
enhancements, but core network functions such as hop-by-hop routing still presently rely
upon pre-existing routing protocols operating within the fixed network.

The concept of mobile ad-hoc networking tries to extend mobility within
autonomous, mobile, wireless domains. In contrast to the existing cellular networks, there
is no centralized administration of each wireless domain (e.g. by the use of base stations),

but rather the set of mobile hosts form by themselves the network routing infrastructure



in an ad hoc fashion. Each node participates in an ad-hoc routing protocol that allows it
to discover "multi-hop" paths through the network to any other node.

Mobile ad-hoc networks are ideally suited for military and other tactical
applications such as emergency rescue or exploration missions, where an established (e.g.
cellular) infrastructure is unavailable or unreliable. But apart from the emergency
situations, there are alot of emerging ubiquitous computing technologies that naturally fit
in the "infrastructureless’ networking model: On-the-fly conferencing applications,
networking intelligent devices, wearable computing and smart sensor networks, are
commercia applications of ubiquitous computing that are to be deployed in the near
future.

There are no assumptions or limitations on the size of the wireless domainsin ad-
hoc networks. This means that ad-hoc networks may consist of hundreds or thousands of
nodes. The sheer number of nodes that one might find in a ubiquitous computing network
or asmart mobile sensor network underscores the need for alevel of scalability not
commonly present in most approaches to network routing and management.

An important question that needs to be addressed in MANETSs concerns how
scalability is achieved : SinceaMANET may consist of many portable devices that are
characterized by processing and memory size limitations, in practice it will not be
possible for a host to keep routing information for al the nodes in a large network. Some
existing routing protocols (DSR [14], AODV [10]) pinpoint the need for caching routing
information about some destinations and flooding the network in case a source node’s
cache does not have the route to a specific destination. However they do not address the

guestion of which destinations to cache information about. In the case of small to



medium sized networks this question is not so important, since the flooding cost for
finding adestination is not very large. However, in alarge MANET abad choice of
destinations to cache may result in flooding a great portion of the network just for route
discovery. If this route traffic adds up to the already existing data traffic then thereisa
huge congestion problem in the network. Thus, asthe MANET becomes larger, the
identity of destinations a host keepsin its cache becomes acritical issue. Thisissue
becomes even more critical if we consider the wireless nature of MANETswhichis
generally characterized by severe bandwidth restrictions for data transmission.

This thesis attempts to address the scalability issue described above. We introduce
aframework and strategies to quantify the concept of caching information about
destinations. The observation that a source host can augment its cache’s routing table by
using the caches of other closely situated hosts forms the basis of our approach. We
propose algorithms that determine a host’s cached information by taking into account the
host’s memory capacity, the network size and the number and identity of the
destinationsthis host needsto cache information about. The main objectiveisto
minimize the flooding cost per route discovery by keeping the most "expensive"
destinations in the host’s cache.

In the subsequent sections, we will define the notion of MANETSs and the issues
involved in their design, and will review and compare routing a gorithms that have been
implemented so far in the context of large MANETS. At the end of the chapter we will
point out the need for route caching when the network gets big, and propose away to do
that in order to achieve scalability. In chapter 2 we will define the framework upon which

we try to quantify the notion of caching destinations. A NxN torroid mesh will be



introduced, where nodes are considered to be hosts with small memory capacity. Each
node will try to address all other nodes in the network with equal probability. Optimal
caching strategies are found for this case and at the end of the chapter there will be a
performance evaluation of each of the strategies employed. In chapter 3 we will consider
the more interesting and realistic case of each node addressing only a subset of the mesh
network. We will see that the resulting caching algorithmsin this case are more general
and they do not depend on the mesh structure of the network, rendering them more
applicable to the case of aMANET. Mainly two classes of algorithms were invented. The
first class, takes into account the available cache capacity per host but does not impose
any flooding constraints for the non-cached destinations after the algorithm isrun. The
second class adopts a different view by relaxing on the flooding cost optimality and
taking into account a maximum flooding constraint in addition to the cache size. At the
end of the chapter there will be a performance evaluation of the algorithms and
discussion on the trade-offs governing them. The final chapter will consist of a summary

with conclusions and discussion.

1.2 Mobile Ad-hoc networks (M.A.NETS)

A mobile, ad hoc network (MANET) is a collection of wireless mobile hosts
forming a network without the aid of any established infrastructure or centralized
administration. A MANET may be considered an autonomous system of mobile nodes.
Such networks have dynamic, sometimes rapidly-changing, random, multihop topologies
which are likely composed of relatively bandwidth-constrained wireless links.

MANETSs have several salient characteristics that have to be taken into account when

considering their design and deployment:



* Dynamic topologies. Nodes are free to move arbitrarily; thus, the network topology
(which istypically multihop) may change randomly and rapidly at unpredictable
times, and may consist of both bidirectional and unidirectional links.

» Bandwidth-constrained, variable capacity links: Wireless links typically have
significantly lower capacity than their hardwired counterparts. In addition, the
realized throughput of wireless communications (after accounting for the effects of
multiple access, fading, noise, and interference conditions) is often much less than a
radio’s maximum transmission rate.

» Energy-constrained operation: Some or al of the nodesinaMANET may rely on
batteries or other exhaustible means for their energy. For these nodes, afinite energy
capacity may be the most significant performance constraint, and thus its utilization
should be viewed as a primary network control parameter.

» Limited physical security: Mobile wireless networks are generally more prone to
physical security threats than are fixed-cable nets. The increased possibility of
eavesdropping, spoofing, and denial-of-service attacks should be carefully
considered. Existing link security techniques are often applied within wireless
networks to reduce security threats.

While the above characteristics are common to any kind of wireless network,
MANETSs are further distinguished by their " Infrastructureless' property : Thereisno
centralized administration or preexisting infrastructure that takes care of the network
management and existence. Mobile nodes are themselves responsible for establishing and

maintaining connection between them. In such an environment, it is necessary for one



mobile host, to enlist the aid of other hosts in forwarding a packet to its destination, due

to the limited range of each mobile host's wireless transmissions. Thus, robust and
efficient operation in mobile wireless networks is supported by incorporating routing
functionality into all the mobile nodes, in contrast to fixed networks such as the Internet
where only some nodes in the network perform the routing function.

It is obvious that the routing function is of utmost importance for the viability of an
ad-hoc network It is also a big challenge since all the characteristics of the mobility and
wireless channel previously mentioned, must be taken into account when designing such
protocols. There has been extensive research and work in the field of routing in
MANETS. The routing protocols can be separated in two main classes, namely proactive

or reactive, according to the way routes are created and maintained.

1.3 Proactive Routing Protocols

Proactive routing protocols for mobile ad-hoc networks are built on the philosophy
of traditional routing protocols used in packet switched networks. So before we describe
some representatives of this class we review the two main ways of routing in wired
networks namely "Link State" and "Distance Vector" routing algorithms.

In link state protocols each node maintains its own view of the network topology,
including link costs of all its outgoing links. To keep views up to date, each node
periodically broadcasts the link costs of all its neighbors to all the nodes in the network
using flooding. This is done whenever there is a change in link costs. As a node receives
this information, it updates its view of the network topology and applies a shortest path
algorithm (e.g. Dijkstra's algorithm [2]) to choose the next hop to a destination.

Asynchronous link cost updates may give rise to short-lived routing loops; however they



disappear by the time update messages have propagated throughout the network [1]. A
very popular link state routing protocol used in wired networks is OSPF (Open Shortest
Path First)[12].

In the Distance Vector approach, for each destination i, every node ] maintains a

set of distances or costs, d, (j), where k ranges over the neighbors of i. Node k' is

trested as the next hop node for a data packet destined for j, if d_. (j)= mi n{d, (j)}. To

keep these distances up-to date, whenever there is any change of this minimum distance
because of link cost changes, the new minimum distance is reported to the neighbor
nodes. If, as aresult, a minimum distance to any neighbor changes, this processis
repeated until the network reaches eventually a steady state. This technique isthe
classical distributed Bellman Ford algorithm (DBF) [2]. Compared to the link state
method, it is comptationally more efficient, easier to implement and requires much less
storage space.

Besides the advantages over link state, DBF suffers from the problem of short
lived or long lived routing loops. The primary cause for thisis that nodes make
uncoordinated modifications to their routing tables based on some information which
could be incorrect. Routing loops result in packets circul ating meaningless in the network
consuming bandwidth and resources. Especialy in the case of the low bandwidth
wireless environment we want to avoid the creation of such loops at any cost. This
problem is alleviated by employing internodal coordination mechanisms [4][5]. However
these are complex methods and they might be effective when topological changes are
rare. In the context of mobile networks, a simpler approach to solve this problem using

sequence numbers was followed in the DSDV algorithm, which we will review later.



Thereis also apossibility of the "counting to infinity" problem, whereit takes a
very large number of update messages to detect that a node is unreachable. This
performance problem arises from the fact that DBF does not have an inherent mechanism
to determine when a network node should stop incrementing its distance to agiven
destination [2].

On the other hand, Link State algorithms are free of the "counting to infinity"
problem. However they need to maintain the up-to-date version of the entire network
topology at every node, which may constitute excessive storage and communication
overhead in a highly dynamic network. Also no link state algorithm implemented so far
has been able to totally eliminate the creation of temporary routing loops.

Distance Vector and Link State algorithms have as a common characteristic that
they are both shortest path approaches: They allow ahost to find the next hop neighbor
to reach the destination via the "shortest path”. By "shortest path" we usually mean the
number of hops; however other suitable cost measures such as link utilization or queuing
delay can also be used.

Although the methods of distance vector and link state are good ideas and have
been successfully used in many dynamic packet switched networks, they cannot be used
in their native form in MANETSs. The flooding techniques used in link state protocols
create excessive traffic in a multihop radio network with dynamic topology. On the other
hand, the routing protocols based on DBF take along time to converge and the frequent
topology changes in awireless network with mobile nodes make the looping problem of

DBF unacceptable.



Proactive Routing protocols try to match the link state and distance vector ideas to
the wireless environment by taking the above limitations into account and trying to
reduce or eliminate them. The two prominent protocols in the proactive class are the
Destination Sequenced Distance Vector Protocol (DSDV) [9] and the Wireless Routing

Protocol (WRP) [11].

1.3.1 Destination Sequenced Distance Vector Protocol (DSDV)

The Destination Sequenced Distance Vector protocol (DSDV) [9] has been
specifically targeted for mobile networks. Its key advantage of DSDV over traditional
distance vector protocolsisthat it guarantees loop freedom. This protocol extends on the

classical DBF by tagging each distance entry d, (j) by a sequence number (SN) that

originated by the destination node j. In this way, nodes can quickly distinguish stale
routes from the new ones and thus avoid formation of routing loops.

To maintain the consistency of routing tables in adynamically varying topology,
each station periodically transmits updates immediatel y when significantly new
information is available. This update must be made often enough to ensure that every
mobile computer can almost always locate any other mobile computer of the collection.
Also thisupdate isin the form of incremental packets that reflect only the changes and
not the whole routing table of the node. So the data broadcast by each mobile computer
will contain its new incremented sequence number and the following information for
each new route : The destination’s addr ess, the number of hopsrequired to reach the
destination and the sequence number of theinfor mation received regarding the

destination, as originally stamped by the destination.



When amobile host receives new routing information, that information is
compared to the information already available from previous routing information packets.
A route R ismore favorable than R’ if R has a greater sequence number or if the two
routes have equal sequence numbers but R has alower metric. The metric used in the
algorithm to determine shortest paths is the hop count. The metrics for routes chosen
from the newly broadcast information are each incremented by one hop. Newly recorded
routes are scheduled for immediate advertisement to the current mobile host’s neighbors.
Routes received in broadcasts are also advertised by the receiver when it subsequently
broadcasts its routing information; the receiver adds an increment to the metric before
advertising the route, since incoming packets will require one more hop to reach the
destination (namely the hop from the transmitter to the receiver).

A broken link is described by an infinite metric (i.e. any value greater than the
maximum allowed metric). When anode A decides that its route to a destination D has
broken, it advertises the route to D with an infinite metric and a sequence number one
greater than its sequence number for the route that has broken (making an odd sequence
number). This causes any node B which is routing packets through A to incorporate the
infinite metric route into its routing table until node B hears aroute to D with a higher
sequence number.

In addition to loop elimination it has been shown that DSDV avoids the counting to

infinity problem as well.

1.3.2 Wireless Routing Protocol (WRP)

The Wireless Routing Protocol (WRP) is based on a broader class of distributed

shortest path algorithms that utilize information regarding the length and the second-to-
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last hop (predecessor) of the shortest path to each destination to eliminate the counting to
infinity problem of DBF. Each node maintains the shortest path spanning tree reported by
its neighbors. A node uses this information along with the cost of adjacent links to
generate its own shortest path spanning tree. An update message exchanged among
neighbors consists of avector of entries that report updates to a sender’s spanning tree;
each update entry contains a destination identifier, the distance to the destination, and the
second-to-last hop of the shortest path to the destination.

The genera class of PFAs eliminate the counting to infinity problem but still incurs
temporary loops in the paths specified by the predecessor before they converge. Without
proper precautions this can lead to slow convergence or incur substantial processing if a
node is required to update its entire routing table for each input event. WRP remedies this
by limiting routing table updates to include only these entries affected by a network

change.

1.4 Reactive Routing Protocols

Aswe saw in the previous paragraph, proactive protocols try to keep the shortest
path routes and routes are maintained to all potential destinations (possibly all nodesin
the network) al the time, whether or not all such routes are actually used. Route
maintenance is obtained by route update traffic, and this can be alot of overhead,
especialy for large networks.

Reactive routing protocols or "on demand” routing protocols create and maintain
routes only in an "as needed" basis. When aroute is needed, a global route discovery

procedure isinitiated to find the path for the specific information that has not been
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cached. The route discovery is usually done by employing classical flooding

mechanisms.

1.4.1 Dynamic Source Routing (DSR)

The Dynamic Source Routing protocol (DSR) [14], uses source routing — a
technique where the source of a data packet determines the complete sequence of nodes
through which to forward the packet. The source explicitly lists this route in the packet’s
header and then transmits the packet over its wireless network interface to the first hop
identified in the source route. When a host receives the packet, if this host is not the final
destination of the packet, it strips from the packet header its own address and simply
transmits the packet to the next hop identified in the packet header. This process goes on
until the packet reaches its destination. The two basic operations supported by DSR are
Route Discovery and Route Maintenance.

DSR builds routes on demand by flooding the network in a controlled manner (for
example by using a Time To Live (TTL) field in the packet header). In Route Discovery,
the source node sends a query in the formrobige request packet that carries the
sequence of hops it passed through. Once a query reaches the destination, the destination
replies with aroute reply packet that simply copies the route from the query packet and
traverses it backwards. To reduce the cost and frequency of the Route Discovery, each
node has a route cache, where complete routes have been stored as learned from the reply
packets. These routes are used by the data packets until they fail as determined by the
failure of attempted message transmissions.

Route Maintenance procedure monitors the operation of the routes and informs

the sender of any routing errors. Error detection is supported in the data link layer. If the
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datalink layers reports a transmission problem for which it cannot recover, this host
sends aroute error packet to the original sender of the packet. The route error packet
contains the addresses of the hosts at both ends of the hop in error : the host that detected
the error and the host to which it was attempting to transmit this packet on this hop.
When aroute error packet is received by the source host, the hop in error is removed
from this host's route cache and all routes which contain that hop are truncated at that
point. Then, anew route discovery for the destination isinitiated by the sender.

DSR has a unique advantage by virtue of source routing. The key advantage of
source routing is that intermediate nodes need not maintain up-to date routing
information in order to route the packets they forward, since the packets themselves
already contain all the routing decisions. This fact coupled with the on demand nature of
the protocol eliminates the need for the periodic route advertisement and neighbor
detection packets present in other protocols. Another nice feature of DSR isthat since the
route is part of the packet itself, routing loops, either short or long lived, cannot be
formed, as they areimmediately detected and eliminated. This property opens up the
protocol to avariety of useful optimizations. For example, aflooded query can be
“quenched early’by having any non-destination host reply to the query if that host has a
route to the intended destination. A node can learn aroute to a destination while passing
on route reply packets. Also routes can be improved by having nodes promiscuously

listen to conversations between other nodes in proximity.

1.4.2 Ad-Hoc On Demand Distance Vector Protocol (AODV)

AODV isan on-demand variation of distance vector protocols. It is essentialy a

combination of DSR and DSDV : It borrows the basic on demand mechanism of Route
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Discovery and Route Maintenance from DSR plus the use of hop-by-hop routing,
sequence number and periodic beacons from DSDV.

AODV uses sequence numbers maintained at destinations to determine freshness
of routing information. In AODV, aquery flood is used to create aroute, with the
destination responding to the first such query, much asin DSR. However, AODV
maintains routes in a distributed fashion, as routing table entries on all intermediate nodes
of the route. Routing table entries are tuples in the form of <destination, next hop,
distance>. Nodes propagating query packets “remember” the earlier hop taken by such a
query packet. This hop is used to forward the reply packet back to the source. The reply
packet, in turn, sets the routing table entries on the nodes in its path.

Distributing routing tables in such a fashion makes them smaller than the case of
DSR where each node must keep the whole path in its cache. However, in order to
maintain routes, AODV normally requires that each node periodically transmit a HELLO
message, with a default rate of one per second. Failure to receive three consecutive
HELLO messages from a neighbor is taken as an indication that the link to the
destination in question is down. When a link goes down, any upstream node that has
recently forwarded packets to a destination using that link is notified via an
UNSOLICITED ROUTE REPLY containing an infinite metric for that destination. Upon
receipt of such a ROUTE REPLY, a node must acquire a new route to the destination
using Route Discovery as described above.

AODV maintains the addresses of the neighbors through which packets destined
for a given destination were received. A neighbor is consideteg (for a destination)

if it originates or relays at least one packet for that destination, within thactiast
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timeout period. A routing table entry is active if it is used by an active neighbor. The path
from a source to destination viathe active routing table entriesis called an active path.
On alink failure, al routing table entries for which the failed link is on the active path,
are erased. Thisis accomplished by an error packet going backwards to the active
neighbors, which forward them to their active neighbors and so on. This technique
effectively erases the route backwards from the failed link.

Much like DSR, AODV advocates use of “early quenching”of request packets,
I.e, any node having aroute to the destination can reply to arequest. AODV also uses a
technique called route expiry where arouting tale entry expires after a predetermined
period, after which fresh route discovery must be initiated.
Neither DSR nor AODV guarantee shortest path. Thisis particularly trueif early
guenchings used. However, earlier performance evaluation shows that the lengths of the
routes discovered are usually very competitive with the ones found in shortest path

protocols [16].

143 Temporary Ordered routing Algorithm (TORA)

The unique feature of TORA [6] isthat it is a protocol designed to minimize
reaction to topological changes. Thisis accomplished by maintaining multiple routesto a
specific destination, so that many topological changes need no reaction at all, unless all
routes to a specific destination are lost. In that case routes are re-established viaa
temporary ordered sequence of diffusing computations, which are essentially link
reversals that eventually establish a path to the destination.

TORA does not maintain routes between a given source/destination pair at al

times but creates new routes on demand. Route optimality (shortest paths) is considered
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secondary importance, and longer routes are often used to avoid the overhead of
discovering newer routes. This ability to initiate and react infrequently servesto
minimize the communication overhead at the expense of multiple non-optimal (shortest
path) routes to the destination. In order to select one of the multiple routes two
alternatives are suggested : choosing a neighbor randomly so that the loads are more or
less evenly distributed or choosing the "lowest" neighbor.

TORA isbased in part on algorithms that try to maintain the destination oriented
property of adirected acyclic graph [3]. A DAG is defined to be destination oriented if
there is always at least one path to a specific destination. The DAG becomes destination
disoriented when one or more link fails. In this case by employing link reversals these
algorithms ensure that the DAG will become again destination oriented in afinite time.
TORA uses the notion of node "height" to maintain the destination oriented DAG. Each
node maintains a height and exchanges this value with each neighbor. The significance of
the height isthat alink is always directed from a "higher" node to a"lower" node. The
notion of "height” and link reversals are destination specific. This means that each node
of the network runs alogically separate copy of TORA for each destination.

Theroute discovery process for a specific destination creates a destination
oriented graph for this destination in a source initiated fashion: The source node
broadcasts a QUERY packet containing the address of the destination for which it
requires aroute. This packet propagates through the network until it reaches the
destination or an intermediate node having a route to the destination. The recipient of the
QUERY then broadcasts an UPDATE packet listing its height with respect to the

destination. Asthis packet propagates through the network, each node that receives the
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UPDATE setsits height to avaue greater than the height of the neighbor from which the
update was received. This has the effect of creating a series of directed links from the
original sender of the QUERY to the node that initially generated the update.

Route maintenanceis achieved asfollows : when anode i discoversthat a route
to adestination is no longer valid, it adjustsits height so that it is alocal maximum with
respect to its neighbors and transmits an UPDATE packet. Thisis effectively alink
reversal and it means that now al links emanating from nodei are directed from i
towards its neighbors (since the neighbors have now lower heights). This has as an effect
all traffic entering i to flow back out of i towards the neighbor nodes that had previously
been routing packets to the destination viai. If the node has no neighbors of finite height
with respect to this destination, then the node attempts to discover a new route viathe
route discovery process.

Finally, in the event of network partitions, the protocol is able to detect the partition
and erase all invalid routes : when a node detects a network partition, it generates a

CLEAR packet that resets routing state and removes invalid routes from the network.

15 Thescalability issue

Most envisioned MANET networks (e.g. mobile military networks or highway
networks) may be relatively large (e.g. tens or hundreds of nodes per routing area). An
interesting question would be how would proactive and reactive protocols compete in
terms of scalability. Even if there has not been a performance comparison between the
two classes, we argue in favor of the reactive protocols when scalability is considered.
Aswe saw in the previous sections, traditional routing protocols using link state or

distance vector have been successfully used in the deployment of dynamically fixed
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packet switched networks. However their success does not include efficiency with respect
to scalability : When the number of network nodes becomes very large, routing loops, the
counting to infinity problem and very slow convergence times make the network
performance unacceptable. Even if proactive protocols like DSDV and WRP have
eliminated or reduced the formation of routing loops and the counting to infinity problem,
each one has still its own problems.

DSDV requires selection of the following parameters : periodic update interval,
maximum value of the settling time for a destination and the number of the update
intervals which may transpire before aroute is considered "stale". This sensitivity of
parameter selection is even more pronounced when we have a huge network. Another
drawback of DSDV isthat a node has to wait until it receives the next update message
originated by the destination in order to update its distance-table entry for that
destination. This implicit destination-centered synchronization suffers from the same
latency problems as similar algorithms based on explicit synchronization. Also DSDV
uses both periodic and triggered updates for updating routing information, which could
cause excessive communication overhead. Of course such latency and excessive
communication overhead become more severe when the network becomes bigger.

In WRP, thereis asignificant amount of overhead associated with maintaining the
shortest path spanning tree reported by each neighbor and reactions to failures may be
far-reaching (i.e every node which includes the link in its shortest path spanning tree
must participate in the failure reaction). This high overhead does not seem to make this

protocol viable in the case of alarge number of nodes.
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Finally and most importantly, for alarge number of mobile nodes, both proactive
protocols will converge very slowly, since shortest path convergence time always
depends on the network size.

Fortunately, fixed networks addressed the scalability problem by utilizing
hierarchical structures, and using aggregation : Only some specialized nodes called
routers or gateways perform the routing function over clusters (LANS) of hosts that
support their own more efficient (and more expensive) routing protocols. This approach
does not seem to fit in the case of MANETSs and proactive a gorithms used in them, since
each node must support a routing functionality and we are required to have a flat
structure (every node has the same functionality with the rest).

On the other hand, reactive protocols seem to be a more attractive solution in
terms of scalability in MANETS. The property of creating and maintaining routes on
demand eliminates the need to keep constantly routing information on every destination,
and caching the most expensive routes reduces communication overhead and latency a
lot.

However the problem of scalability strikes back in adifferent way. Each host isa
portable device which usually has a limited processing power and memory capacity and
in general it will not be able to keep routing information for all the destinationsit has
traffic for : If the destination isin the source node’s cache and is up to date, then it is used
to address the destination. If it is not, the node must flood the network to find information

about the destination.
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1.6 Intelligent Caching Algorithms for “On Demand” Routing Protocols

In al the reactive protocols discussed, the authors pinpoint the need for caching of
some desirable destinations. However, there is no formulation or criteria asto which
destinations each node must cache. The protocols have been simulated either under the
assumption that each node can cache ALL the destinations it has traffic for, or by running
the algorithms with afew number of nodes where the issue of which destinations to keep
in the cacheis not so critical. Of course these simplifying assumptions may be accepted
in order to see the protocol actually working, and see how mobility affects the protocol
performance, but the answer to the scalability problem is not actually addressed.

Our objective isto find algorithms for intelligent caching of destinations in each mobile

host. These algorithms run on top of on demand routing protocols rendering them

intelligent and viable for large network sizes. The aim of the intelligent caching
algorithmsisfairly smple: “For each source node at a specific time instant, keep in the
node’s cache the destinations that are considered to be more expensive in terms of
discovering them by flooding.”

Furthermore, if the destination paths that are NOT cached by a node are
(optimally) placed in other nodes near by, we can create theillusion of alarge " virtual”
routing table that includes information about all the destinations, rather than the small
onethat is physically attached to this source node. This effect can be accomplished by
the use of the "early quenching" mechanism : upon aroute discovery, when anon-
destination node contains the destination in its own routing table, it stops the flooding
message propagation and sends its own information to the source node without

interfering the destination.
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There are two benefits of early quenching that make its use critical in large mobile
ad-hoc networks. The first is significant flooding cost reduction : If early quenching were
not used and the destination is very far from the source node, the source would have to
flood a great portion of the network in order to find the destination’s path and in alarge
network of nodes this flooding cost is unacceptable due to excessive congestion. The
second benefit of early quenching is higher speed for retrieval of a specific destination
path that is not cached by the host.

Unlike AODV and TORA, DSR has some desirable characteristics that may make
it more suitable in alarge network context. Routing loops are avoided, periodic
advertisements for routes are no longer needed and the packets themselves already
contain the route to the destination, thus taking off the load from the intermediate nodes
to make the routing decision. Furthermore routing tables are not distributed asin the
previous cases, so it's easier to perform caching of destinations. However the source
routing nature of DSR isits potential doom as well, since there is a scalability problem :
Asthe network becomes larger, control packets (which collect node addresses from each
node visited) become larger and constitute a large proportion of the total traffic
generated. Clearly this has a negative impact due to the limited available bandwidth.
Early quenching is the only way to make DSR a scalable protocol and enjoy all its
benefits that were previously mentioned. In this way, routing messages are suppressed by
intermediate non-destination nodes before they become too large.

Of course one could argue that early quenching does not produce shortest routing
paths. Actually thisisthe price al reactive protocols have to pay in order to favor from

their "on demand" behavior. Shortest path constraints are many times relaxed in favor of
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multiple path information, or more robust paths according to the wireless channel’s
current state and stringent bandwidth requirements. As a matter of fact, in many
comparative studies performed [15][16], on demand protocols have exhibited competitive
routes when compared to the shortest paths provided by proactive a gorithms.

We proceed in the next chapter by introducing a framework and methodology for
intelligent caching a gorithms running on top of a DSR-like routing algorithm. This does
not mean that AODV and TORA could not use similar techniques. We prefer using DSR
because the routing tables are not distributed and the caching agorithms are simpler and

more straightforward to understand and implement in this case.
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Chapter 2

2.1 General Framework

We now introduce a framework upon which we try to quantify the notion of
destination address caching in a network of nodes that form a NxN mesh network. Each
node in this mesh is considered to be a host equipped with a processor, a network
interface, and amemory (cache) that can hold information for up to K destinations.

The nodes can only communicate directly only in ahorizontal or vertical fashion, and
there can be no message broadcasting along diagonals in asingle step. This type of
communication is often called "Manhattan Style", and the distance associated withit, is

called Manhattan Distance.

Figure2.1. : A 9x9 mesh

The Manhattan Distance between two nodes is defined as a hop count and is the
minimum number of nodes that form a path between them, including the destination

node. In order to eliminate discrimination for nodes placed at the sides of the mesh and
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treat the mesh network in a uniform manner, we also assume that the mesh is organized
asatorroid, that is the two farmost opposite sides communicate directly with each other
producing a"wrap-around" effect : the nodes situated on the same line and are at the
farmost opposite sides they have a distance of one. For examplein Fig. 2.1, nodes 3 and 4
have a distance of 2, nodes 2 and 3 adistance of 1, 0 and 8 adistance of 1 (due to the
wraparound effects), and nodes 2 and 0 a distance of 5.

In this configuration, each node may wish to address any other node in the

network with an equal probability. The cache memory of each node can hold information

for only K out of the N? nodes in the network. Destinations that are not cached by the
node are discovered by flooding the network.
The flooding cost between two nodes x and y with respect to their Manhattan

Distance d(x,y) is:
Cost(x,y) = f(d(x,y)) = 1+ i 4i =2d*+2d +1 (2.2

Thisis mainly adiamond of adiagonal equal to 2d+1 nodes centered at the source node.
A nodeiscaled "Aware" of aspecific destination if it hasinfo in its routing table
about this destination and "Unaware" if it doesn't. A destination is of course considered
“Aware” of itself.
Each entry of the routing table of each node is kept in the form
<destination,PathToDestination>, where PathToDestination is a minimum path
(sequence of nodes) to the destination. Furthermore, we assume that a mobile ad-hoc
routing protocol like DSR is used in order to keep the routes consistent and taking care of

the new route creations upon a node's request.
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2.2 TheFlooding Mechanism

If anode wants to communicate with a specific destination and does not have
routing info about it, then it must initiate a route discovery and flood the network to find
a path to the desired destination. Route discovery is accomplished in the following way :
The source node broadcasts a flooding message ("needle packet™") containing the
destination address to all its neighbor nodes. Each neighbor, if it has NOT routing info on
the destination, it propagates the flooding message to all its neighbors (4 of them) by
appending it’s address to the needle message, else it stops the flooding message
propagation, appends the path that is found in its cache to the needle message constructed
so far and sends this path back to the source node. This technique of a node responding
with the routing path of its own cache without interfering the destination in the route
discovery process, is called "early quenching" in the mobile ad-hoc networks literature,
and we believe that it is an indispensable element for an ad-hoc network with many hosts.
There are two variations of flooding that we will take into account in our study.

Infinite horizon flooding (IHF)

In Infinite horizon flooding, flooding is continuing endlessly, unlessit is
suppressed by nodes who have routing info on the destination.
Finite horizon flooding (FHF)

In Finite Horizon Flooding there is a mechanism that constrains the flooding
generated by a node. This mechanism is usually implemented by aTTL (Time
To Live) field on each flooding message, which isinitialized by the desired Horizon
value and is decremented when it is forwarded by the next neighbour who does not have
routing info on the destination. When the counter reaches zero, the flooding message is

no longer forwarded and is discarded. If a node starting with a specific horizon does not
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find any info on the destination (that is, a destination aware node or the destination itself)
it increments the horizon by a step (typically by 1), and retries to flood with the hope to

find info on the destination. This process goes on until info about the destination is found.

2.3 Theproblem at hand

Early quenching seems to be a good technique to cope with small routing tables
with respect to a large network. However this technique has by no means been quantified
in the literature and is usually proposed as an optimization. Using early quenching, the
identity of the destinations that are cached in each node is critical since thisdirectly
affects the flooding cost in the network. Confining the flooding cost as much as possible,
isour primary interest. This can be accomplished by finding the best strategy of
arranging the routing information at each node.

In this chapter, we assume the simplest case where each node may wish to

address any other node in the network with an equal probability. The cache memory

of each node can hold information for only K out of the N nodes in the network. So we
want to find the best K destination entries to be kept in each node’s cache, so that the
flooding cost is minimum.
Of course there will be different things to take into consideration for the two types
of flooding mentioned in the previous paragraph :
InIHF it is obvious that the nodes containing routing info for a specific
destination, should surround in some way the ones who don't, so that the flooding will
eventually be stopped. Also the arrangement of the nodes with routing info for a specific

destination should be symmetric in some way. In this Wenumber of the entries of
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the routing table K of each node will be equal to the number of nodes with routing info in

the mesh network. In our elaboration we consider two Symmetric strategies :

Diamonds strategy : Starting from the main diagonals of the mesh, routing info for a
specific destination is placed diagonally in the mesh and the diagonals have a fixed
distancer units of each other. In this way we have diamond-like regions, with “Aware”

nodes on the diamond perimeter and “Unaware” nodes in the interior.

Squares strategy : Starting from the middle row and column of the mesh, routing info is
placed on rows and columns which have a fixed distanodes of each other. In this

way, we have rectangle and square regions, with “Aware” nodes on the perimeters and
“Unaware” nodes in the interiors.

Note that the torroid structure of the mesh allows us to use the above strategies for
any destination, no matter where this destination's place is in the mesh. Thus the
strategies assume that the destination is the center node of the mesh and build their
diamond or square structures around it.

In FHF, The problem of how to arrange the “Aware” nodes in the mesh
for a specific destination is still at hand. Questions arise like : “Should the structure be
symmetric or not? What is the optimal arrangement?” have to be confronted. Of
course the “Aware” nodes for a specific destination need not be so many as in the IHF
case, since there is an inherent mechanism for suppressing the flooding eventually.
However, thestarting flooding horizon hl, (which is common for all “Unaware” nodes in

the meshfor a specific arrangement (N,r) should be chosen in such a way so that the
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average flooding cost in the mesh be minimized. Another consideration that should be
taken into account is the following : If for an initial horizon no node with routing info is
found, what is the flooding step increment that would finally yield the minimum average

flooding cost?

24  Thelnfinite Flooding Horizon (IHF) problem

In this case we assume that the use of a symmetric strategy like diamonds or
squaresis best. We want to find which of these two routing policies yields the minimum
flooding cost, for approximately the same number of K “Aware” nodes in the mesh. To

do this, we first findk and the average flooding cdst,, for a givenN (number of nodes

at each side of the square mesh) and a givers the distance between diagonals in the

diamonds strategy and the distance between columns or rows in the squares strategy).

24.1 Diamond Strategy

For a fixedN, the parameter that changes is actualthe distance between
diagonals. Here we have to distinguish between distance that is measurgd amd in
number of nodes. By sayingunits, we mean that two consecutive nodes on a diagonal
have arr= 2 units, and the midway between the two nodes is one unit. The units are
introduced because a diamond routing policy may haveafor example where r
includes two nodes on the diagonal plus the halfway distance between the second and

third node.

In general, a diamond-shaped grid in our NXN mesh may include three types of regions :

28



Region A : Diamonds having sideequal tor.

, b#£0 -
Region B : Triangles of side (in units) S:E?_ b=0 , where b = REM [BNr—l[H (2.2

Region C : Truncated diamonds of side r where one corner has been

truncated by the sides of the NxN mesh.
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Figure2.2. : Diamondsstrategy for N=25andr =7

Figure 2.2 showstheregions A, B and C for the case N=25 and r=7, and what happensin
case a node without routing information in each of the regions floods the network.
To distinguish between al the possible cases of (N,r), we have to take into account the

following parameters :
b= REM [BNF—_ltEl D= QUOT[BNr—_l[H 23)

If b# 0, then our diamond strategy is going to have all the above types of regions,

whereasif b =0, the mesh isgoing to have regions of type A and type B only. We will
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consider these two cases separately. For each case, we calcul ate the average flooding cost

C andthe capacity of each node, K.

Finally, we denote by :

N, : The number of regionsof type i, i ={A B,C}
C, : Theflooding cost of region of type i, i ={A, B,C}
|, : The perimenter of region of type i, i ={A B,C}
P= G -l : The probability that an “Unaware” node is in region of type
i, i={AB,C}
Cag = . I\}IiCiFf : Average Flooding Cost
i{£B.c

K : the number of “aware” nodes about the destination which is equal to the number

of cache routing table entries for each node.
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Cavg = I\IiCi R
i{AB.c}

Node capacity :
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Cavg = NiCi R
i{AB.c}

Node capacity :
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Figure2.4.: b=0, r =4 (even) : We have only regions

of type A and B.
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C,—|
P, = ?\IZ A
TypeB : Ny =4D

Cy =2(L+1)(L+2)

lg =2(L+1)
Cy/2-1
PB — B N2 B
Cavg = NICIR
i{AB.c}
Node capacity :

K =4DN -2rD?-D?-2D +3

24.2 Square Strategy

For afixed N, the parameter that changes hereisr, the distance between rows or
columns. Here we do not use units but number of nodes to denote distance.
In general, a diamond-shaped grid in our NXN mesh may include three types of regions :
Region A : Squares having side equal torr.

Region B : Rectangles at the mesh boundaries that communicate with each other viathe

mesh wrap-around.

Region C : The 4 corner squares that are formed for every choiceof r .

To distinguish between al the possible cases of (N,r), we have to take into account the

following parameters :
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Figure 2.5.: Thediamond strategy. I n this case,

r=2,D=2,b=4
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Cavg = NiCi R
i{AB.c}

Node capacity :

K =2N(2D +1) — (2D +1)?

CASEB: b=0

Flooding Cost Computation:
TypeA : N, =4(D -1f

C,=(r+1y

TypeB: N; =8(D -1
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TypeC: N. =4

Cavg = NiCi R
i{AB.c}

Node capacity :

K =2N(2D -1) - (2D -1)°

2.4.3 Comparison of the diamonds and squar es strategies

We performed a comparison between the two strategies analyzed above. We used a mesh
of N=257 (i.e 66049 nodes). The graphs below show for both strategies how the cache
capacity K and average flooding cost per route discovery change for different values of r.
In the diamonds strategy, as the diamond size r decreases, the flooding cost decreases at
the expense of an increase in the cache size K. Asr decreases, the cache capacity seems
to increase exponentially with athreshold value of r=20 approximately. The flooding
cost is decreasing in amore mild manner. This shows that one can pick up avalue r=50
approximately, and get aflooding cost of under 2% of the total network per route
discovery, with a cache which has a capacity of less than 5000 destinations (this accounts

for the 5000 x 1002
257

% = 7.5% of the whole network). We will see later that by using

Finite Horizon Flooding (FHF) we can achieve even smaller caches.
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The sguares strategies curves seem stranger than the diamonds ones. In the capacity

graph for example, we see that for many values of r, the capacity remains the same.

Diamonds Strategy : N=257 Squares Strategy : N=257
Cache capacity K vs Diamond size r Cache capacity K vs Diamond size r
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Figure 2.6. : Diamondsv.s Squares

This happens because of the way squares strategy isimplemented. If we go back to the

formulas of the squares, we see that the capacity K is defined by:

K =2N(2D +1) - (2D +1)? and K =2N(2D -1) - (2D -1)°
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which dependon D = QUOT[BNZ—ﬂ[H only. So for various successive values of r which
r

can be seen as "batches’, D can be the same and hence the capacity K can be the same as
well. Now in abatch of r’'s which have the same K, the cost function is concave up asis
shown in the figure. As soon as a new batch of r's begins, the cost takes a sudden dip and
it follows again a concave route. So the general tendency of this curveis still decreasing
of the cost asr decreases. The concave behavior of the curve for each "batch” is
happening because of the wrap-around effect : Asthe square size r decreases, the cost
decreases up to an "equilibrium" point r, where al the regions are balanced. If r decreases
further, then regions B and C have an equal flooding cost than a previous flooding cost of
region A before the equilibrium point. Effectively, after the equilibrium point, the
flooding costs of regions (B,C) and A are interchanged!

In order to compare the two strategies, we first found the equilibrium points of the
batches and their corresponding cache capacities K and (locally minimum) flooding costs.
Then we found in the squares strategies r’s with cache capacities approximately equal to
the ones obtained by the squares strategies and compared the two strategies flooding

costs. Theresultsarein Figure 2.7 :
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M =1, we see that theratio Cangguares
Kdiamonds CavgDiamonds

For ratios of ranges from 1.37 to

2.22. Thusin every case, for the same memory capacity, the squares strategy has roughly

1.8 times higher flooding cost than the diamonds strategy on the average.

2.5 TheFiniteHorizon Flooding (FHF) problem

We now consider the Finite Horizon Flooding case. Suppose that for a specific
destination we have a number of "aware" nodes that keep routing info on the destination
and some "unaware" that do not. We argue that by placing the aware nodes as centersin
diamond regions of sider yields the strategy with the minimum flooding cost. Figure 2.8
shows such a placement where the diamonds have side r=5 nodes (or equivalently r=8

units). The nodes shown as larger points on the mesh are the "aware" nodes and the rest
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of the nodes are the "unaware" ones. Each "aware" node serves as a centroid for aregion

of "unaware" nodes.
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Figure 2.8. Diamond strategy in the finite horizon

flooding context.

Each one of the nodes in aregion will find routing info about the destination from
its corresponding centroid node. By using the such a diamond strategy the regions
associated with each aware node are diamonds. However if we placed the nodes with
routing information in an arbitrary way, we could have regions of irregular shape. The
following theorem shows that for a number of nodes that can belong to aregion, the

region shape that yields the minimum flooding cost is the diamond one.
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Theorem : If we have L = 2d? + 2d nodes that do NOT contain info for a specific
destination, then by arranging themin diamonds of side r =d +1 nodes, centered at a
node with routing info, will minimize the sum of the (manhattan) distances of all the L
nodes from the center node.

Proof : Assume arandom arrangement of the L nodes with respect to the reference node
with the routing info. Suppose that x; is the number of nodes that have manhattan distance

I from the reference node. Then the sum of the distances zisgiven by :

Z:iiD(i

Also we have that,

M
2%t

Where M is the maximum distance where we find an "unaware" node from the reference
node. Note that M cannot be less than d because then we would be able to fit the L nodes

inasmaller diamond of side r=M+1 something that isimpossible given that
L =2d? + 2d . The maximum number of nodes that may have manhattan distance i from
the reference node, are 4i.
Thus, we have the following constraints :

X <4, i=1---,M where M >d (3)
Suppose how that the arrangement that yields the minimum sum of distances from the
center node happens for M > d . We now start enumerating thex s. It is obvious that for

this optimum placementx, 21, d +1<i <M . Suppose without loss of generality that

X4 =1, that isthereis one node that has a distance d+ 1 from the center node. The fact



that L = 2d* + 2d meansthat if the nodes were arranged in a diamond surrounding the
center, they would cover the whole diamond. Now since x,,, =1 thismeans this point
lies outside the diamond region and that it should be placed insideit in order for the total
sum of the distances to be minimum. Therefore we arrive in a contradiction because we
assumed that M > d for aminimum cost strategy. Therefore M must be equal to d, and

since L =2d* +2d the optimum placement of the unaware nodes is in the diamond

around the center node.

25.1 Solution to Limited Horizon Problem using the Diamond Strategy

In our study, we assume for simplicity that REM [BNr—_l[H: 0. This condition

ensures that we have only diamonds of side r units (regions type A) and triangles of side
r at the mesh boundaries, that form diamonds due to the mesh wrap around effect (regions
type B). We also assume that r iseven. The number of nodes with routing info in the

mesh (i.e. the cache capacity of each node) is then given by :
K =2D2+2D +1, where D = QUOT[BN—_lta
r

Figure 2.8. shows the case where N=25 nodes, r=_8 units, D=3. Therefore the number of
nodes with routing information is K=25 (including the destination).

Since we have the limited horizon problem, it suffices to place the routing information
only at the center of each diamond. According to the previous theorem, this strategy is

the optimal arrangement of routing information in the mesh.
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25.2 The"best" starting flooding horizon h;
However, even if we found that a diamonds policy is optimal, we must now find
what happens for different diamond strategies r, and how we can obtain minimal flooding
costs. So we consider the following problem :
Given a diamond strategy (N,r) find the best starting flooding horizon h, so that the
flooding cost is minimized on the average.
We assume that if a source node does not find the destination starting with a
specific horizon hy, it increments the horizon by aretry step s and retries to flood with the
hope to find the destination. This process goes on until a node with arouting info on the
destination is found.
To solve the above problem we address the following two subproblems :
* Given (N,r), find the number of “unaware” nodes (nodes without routing iNfdhat
can find routing info in AT LEAST steps, wherd<i<r/2.
We start in the mesh by forming diamonds of side r, centered at the “aware” nodes
(nodes with routing info) of the mesh. Thus we have non-overlapping diamond regions
centered at the “aware” nodes. In each one of these regiomsinmum distance that a

node can reside with respect to the center/2sN; is then given by the relation :

E(2D2—2D+1)4i+4(D—1)(2i+1)+4(i+1), 1<isr/2-1
Ni:|:| _L - _L 2 _ 2 _ ':L
E4@\1 C+ND-2)-5( 1)@—2D 0, =5
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» Determine the flooding cost for each “unaware” node in the mesh, when starting
flooding horizonh; is used {< h, <r/2). For the time being we assume that the
retry step sequals to one.

The cost is a function of two variables :

I : All possible distances from a node with routing info. The maximum

Is r/2 since this is the distance (in nodes) from the center of each diamond of side r (in

units), to one of its corners.

h,: All possible starting horizond € h <r/2).

%2[112+2k|1+L h i
Cost(hyi)= %g(th +2h+1) h <i

The above equation says that if a node that has distérmee a node
with routing info starts with horizoh,, then ifh, =i then this starting horizon suffices to
find routing info. If h, <i, the node has to restart flooding by incrementing the horizon

by retry step s=1, until the starting horizon becomes i and the routing info is eventually
found.
Having foundN; and Cost(hi) for a specific (N,r), the average cost (in nodes) for a

starting horizorhs, is given by :
r/2

Cavg(h )= N; [Cost(h,i)
1=1

The preferred starting horizdm will be the one that minimizes the average cost :

h; = argmin{Cavg(h }
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2.5.3 Theoptimum starting flooding horizon using retry horizon step s=1

When the retry step is 1, smulation results based on the elaboration above,

showed that for every pair (N,r), the best starting flooding horizoniis: h = % -1

Thisis depicted in the following graph, where we monitored the average flooding cost
per route discovery as afunction of the starting horizon h, for various diamond sizes

(represented by r).
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Figure2.9.: s=1,r and hlvary

Figure 2.9 shows that for every diamond sizer, aswe increase h,, the average flooding

cost isrelatively stableupto h, = % , and then starts decreasing rapidly achieving the
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minimum value always at h, :Lz—l. The above graph also tellsusthat r =8, achieves

the less average flooding cost than other diamond sizes. So one could suggest using a
very small value of r when deciding on the diamond strategy. The next graph shows why

this suggestion would not be avery good idea :
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Figure 2.10. : % of network cached (K) and flooded

per routediscovery (CavgMin)

Figure 2.10 showsfor each strategy r what percentage of the network needs to be

cached by each node and what is the minimum average flooding cost achieved by setting
theinitial flooding horizonto h, = 12 —1and the horizon step to s=1. We see that

choosing r =2, the minimum average flooding cost per route discovery (achieved by

satting (h;,s)= (1.1)), covers 0.0037% of the whole mesh, but each node must keep inits

cache 50% of the total network (this percentageis iz x100%). Clearly thisisan
N
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unacceptable cache size if we have small cache memories available relatively to the
whole network. By setting r =8, the flooding cost is 0.05% and the cache size must track
3.19% of the network. A reasonable choice of strategy seemsto be r =16 or

r = 32 where both the cache size and the flooding cost are kept below 0.1% of the
network. Of course by choosing r =128, we get avery small cache, but the flooding cost

is unacceptably high (12.4%).

254 Theoptimal retry horizon step s

When routing information is not found by flooding with a specific horizon h, the
retry horizon step sis defined as the step by which the current horizon isincremented in
order to find the routing information with the next flooding. In this experiment, we varied
the retry horizon step in order to see how much it affects the flooding cost and if possible,
find if thereis a specific s that achieves the minimum average flooding cost for different

strategies r and different initial horizons h,.

Figure 2.11 shows how s affects the flooding cost for different h, when r=16. First of all

we see that for h; :Lz =8, the changein the retry step does not affect the flooding cost at

all. Thisisbecausean h, :LZ or more, guarantees for each "unaware" node that the

routing information will be found. Suppose we fix h, =4, for example. The graph shows
that the flooding cost is not an increasing or decreasing function of the step s. Thisis
because a small s may not result in a successful flooding (by success we mean finding a
node that contains the destination in its cache) and a very large s guarantees to find the

destination but does excessive flooding. This excessive flooding situation is seen for
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h, = 4 after the minimum flooding cost is achieved for s=5. After this value, the flooding

cost always increases with the flooding step. Also observe that for every h, inthe graph,
the minimum cost is achieved for s= % —h, +1. However there is another parameter that

comes into play, and thisis the speed of finding the routing information.

©
=

0.4
2> 0.35
15
>
3
o 03
°
2 Os=1
=}
°© 0.25 Ws=2
g_ Os=3
S 0.2 Os=4
'g BMs=5
g 0.15 H Os=6
4
5 Ws=7
=
©
c
S
N

0.05

1 2 3 4 5 6 7 8
starting horizon hl

Figure2.11.: r=16, sand hlvary

Small s are therefore desirable, because if the routing information is found after the
increment and new flooding, the cache update of the source node will be faster. Thus we
may want to look at smaller values of sthat produce flooding costs close to the minimum

one. For h, =4, thisvalue of "desirable small" siss=2 asis clearly shown in the graph.
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starting horizon isalwaysr/2-1!

Figure 2.12 shows which are the h, that yield the minimum flooding cost (i.e the h; ) for

different values of the step s. What we see is that for stepss=1 and s=2 h; =L2—1
dways. Then h; decreases and attains aminimum value of h; :%—s+1at s:%+1.

After thisvalue h; makesasuddenjump at h, :% and remains fixed ever after. Note

that this result is compliant with the one of the previous figure where we varied sfor a

fixed h, . In both graphs we may observe that the minimum cost is attained under the
condition: h, +s= 12 +1.

Figure 2.13. illustrates the effect of the change in s when the optimum h, has

been selected. The first thing that we observeis that there isa small variability of the

minimum average cost obtained in each case. The second observation isthat for s=2 we

52



obtain THE minimum of all minimum average costs for every value of diamond strategy

r.
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Figure2.13.: For several (N,r) thebest horizon step
iIss=2
Furthermore, by combining the information in both of the above graphs, we conclude that

for s=2 thebest h, isalwaysthevalue h, = % —1, for any r. This means that, assuming a
large network (N is 257 in our experiment), for any diamond strategy r the pair h,, sthat
achieves the minimum flooding cost per route discovery is h, = % -1 and s=2.

Overal in the FHF case, if we exclude some extreme values of diamond sizesr,
the diamond strategy achievesin genera very small flooding costs per route discovery
and very small cache sizes compared to the network size. Thisis of course due to the
optimality of the diamond strategy, the symmetric nature of the torroid structure and the

fact that each source node wants to communicate with all the other nodes with equal
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probability. In the next chapter, we will see that this "rosy" picture fades away, aswe

introduce the more realistic case of non-uniformity in each node’s access pattern.



Chapter 3

3.1 Introduction

In the previous chapter, we assumed that each node has traffic for all the other
nodes in the network, and wants to address each one of its destinations with equal
probability. Under this assumption, and based on the symmetric structure of the torroid
mesh, we came up with very small memory capacities for very small flooding costs. This
was accomplished by using Finite Horizon Flooding and a diamond strategy of placing
the nodes with routing information.

However in a practical situation the above assumption will not be the valid, since
the network is supposed to be large and each source node may in general generate traffic

for a subset of the whole network in a non-uniform way. We generalized the above case

even further by assuming that each node generates traffic for only M out of the N* nodes
in the network. The possible M destinations may be distributed in the network in an
arbitrary way, and they need not be close to the source node. It is obvious that the
symmetric solutions of chapter 2 do not apply in this case, simply because we cannot
treat each destination in a uniform way: Now not al (source) nodes in the network
generate traffic for this specific destination. So the cache size of each node is not equal to
the number of nodes holding routing information about a specific destination. Therefore
it is obvious that the approaches used will not be able to take into account the symmetry
of the torroid structure. Thisis not so bad as it may sound, because the algorithms are
topology independent and can be applied to any network other than a mesh.

We now proceed to formulate the problem by introducing some notions that we

are going to use in the algorithm descriptions:
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Given asource node i, we define:

I5i : The set of destinations node i wants to address. Obviously ‘Ii‘ =M.

+ D":Theset of destinations that are in node i's cache at time instant t. Obviously
‘Di“)‘ = K . We also define the network state by the N x1vector D . The elements

of thisvector are D, i =1...N?.

« DU : Theset of destinations that are not in nodei’s cache at time instant t. Obviously

DP)=M -K.

Given the above definitionswe have: D® 0D =D, .

Given adestination j, we define:

. §j : The set of source nodes that wish to address destination j.

S The set of source nodes that have destination j in their cache at time instant t.
Generaly S [0 §j .

. @ : The set of source nodes that do not have destination j in their cache at time
instant t.

Given the above definitions: S® [ @ = §j :

. di?) : The minimum distance that node i will have to flood in order to find info about

destination j, given the network state at timet. If d(x,y) denotes the Manhattan

distance between two arbitrary nodes x and y, d{” is defined as:
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d® = min{d(, ), minfd(i,k)], O kOSO}
- Wedefine a® =argminid(i, j), min[d(i,k)], Ok O S" | to be the corresponding

node that achieves d"

ij

i.e. the node that is used by the source nodei to find

information about destination j.

3.2 A Lower Bound on the expected flooding cost of any caching algorithm

Suppose anode i wants to find routing information about a destination j that is not

initscache. In order to find d{" the source nodei must search the set S and find the

node that is closest to it. However, generally S [0 S; . This means that a node k

belonging to @ may be closer to i than the ones that are currently in Sj‘t) , but according
toitsown criteriait has pushed j out of its cache. So if for each destination j [ If)yi we
independently assume that Sj“) = S;, then we are going to find the minimum possible
di" that can be achieved. By placing in the cache the destinations that have the K

maximum d",

we will have the best cache possible for each node i.
Of course the above assumption is not realistic since we cannot have S}” =S, for

every destination j. If this were the case, then the cache size K would be equal to M, and
the problem of caching would not exist at all. Note that the smaller the cache sizeKis,
the smaller Sj‘t) becomes and the more redlity is away from the above assumption. No
matter how unrealistic, this rationale will provide alower bound on the expected cost

achieved by any of the algorithms we introduce. Thus we will be able to see how good

the algorithms perform compared to an "ideal" case.
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3.3 Theclassof BSBC algorithms

We now introduce the class of "Best-State/Best Cost" (BSBC) algorithmsthat are
used to solve the problem of cache entry assignment.
Aswe saw in the previous section, "the state" of the network at a specific time instant,
consists of the contents of the caches of all the nodes at this time instant. The network
state is represented by the vector D™ . The BSBC algorithms are iterative, and in each
step they try for each node to keep the K maximum cost (out of M) destinationsin the
cache, based on the current state of the network. The a gorithms terminate when the "best
state" has been reached, i.e for each node, the maximum flooding cost entries are in the
cache and the minimum are not. The difference in the algorithms liesin the "maximum

cost" criterion way a node employs to decide which destinations to keep in the cache.

3.3.1 TheLocal Best State/Best Cost (L-BSBC) algorithm

We call the algorithm of this section Local BSBC (L-BSBC). It islocal in the
sense that node i decides about which destinations to cache by taking into account only
it's cost of finding the destinations. In the next section we will see Global BSBC (G-
BSBC) algorithm which takes into account the global network state and generally
achieves dightly better results.

The L-BSBC algorithm iterates over all nodes in the mesh. For each nodei, and
for every entry y NOT in Cache of node i, we check the following : Suppose i flooded the
network in order to find y, then information about y would be found with aflooding cost
costy. We compare costy with the minimum flooding cost entry zin the cache. If costy is
greater than the flooding cost of this cache entry, then we insert y in the cache, and drop z

out of the cache. Next we update the network state as follows : In case there was another
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host j whose flooding cost to find z depended on node i (that is, nodei was closer to |

than any “aware” node aboz) then we have to update the flooding cost akdot any
such hosj. In addition, since nodehas now info about destinatignthere must be an
update in the network state that reflects this insertion. So if some node has cynrently
its cache, it must check whether the additiog ofi’s cache has an impact on the

flooding cost of findingy, and do the appropriate cost update.
We denote bym" the minimum cost irD", and byarg(m“) the corresponding
destination that has this minimum cost.

I nitialization:

for each node

{

D = any K elements fronD, .

DO =D -pD®©
}
t=1;
Iterations:

Repeat

{

for each source node

for each destinatiq'n'n@

{
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if (d0> m®)

{

h= arg(m")

D" =put hinD® in place of j
D= putjin D inplaceof h

for each node k #i in S,

{
if (al ==1) /*node i was used by k to reach destination h*/
{
Find a{™ and d{" accordingto D
}
}

for eachnode k i in §j

{
if (d(k,i)<d)
{
ai=i
dd =d(k,i)
}
}
t=t+1;
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}

} until (D™ ==DW) /*"Best State" has been reached*/

Remarks:

An important parameter in the algorithm’s operation is the number of iterations
needed in order to reach the "Best State”. The number of iterations is proportional to N
and M and inversely proportional to K. Asthe size of the network increases, the best state
takes more steps to be reached. As M increases and K is fixed, then more checks (M-K)
are done per node in each iteration and it takes longer for the network to settle at its "best
state”. Asthe size of each node’s cache increases, the best state can be reached faster,
since there are not as much cache updates per node in each iteration. Finally, the relative
topology of the sources and their sets of destinations, is another factor that plays a
significant role in the a gorithm’s convergence. (However in our experiment we have
generated M random possible destinations for each node, and thus, this factor will not be

taken into account.)

3.3.2 TheGlobal Best State/Best Cost (G-BSBC) algorithm

The previous a gorithm does not take into account the global state of the network,
in the sense that each source node decides what to place in its cache based on its own cost
to find a destination given the current network state. We therefore invented an algorithm
where a node decides the cache placement based on what would be the effect to the

whole network from its action. Thisis accomplished by having at each iteration each
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source node speculating for each destination what would be the global effect of putting it
inits cache or not. It then placesin the cache the K "best" destinations according to the

previous speculations. The "best" destinations are defined in the following way :

"Given the network state at timet D™, for each source node i and for each
destination j [ 5i , find the differencein global cost of finding destination j incurred, by

speculating a placement of destination j in and out of i’s cache. Then placeini’s cache

the K destinations with the maximum speculative differences.”

Speculation is performed in the following way : for a given source node i and a
destination j (I D, , we create a speculative network state D® by taking j off i's cacheif |
is currently in the cache, or by putting j ini’s cacheif j isnot currently in the cache. Then
ai?) Is the minimum distance that node i would have to flood in order to find info about

destination j, according to the previous specul ation.

The agorithm is summarized in the following pseudocode fragment:

Initialization :

for each nodei

{

D = any K elements from D, .

DO = 5 -DO©

62



t=1;
Iterations:
Repeat

{

for each source node i
{
for each destination j in D,
{
if (jODY) /*jisincache of nodei */
Create speculative network state D by taking j off cache of nodei.
else

Create specul ative network state D® by putting j in cache of nodei.

sdiff,* =|d” ~d
ij ij ij

for each source node sin S,
{
if (] DD_S“)) [*j isnot in cache of node s*/
{
if (al’==1i) /*if susedi to access destination */
{

scliff () = scliff ) +]d( ~d{’
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}

Put in the Cache of nodeii the K destinations with the maximum sdiff .

The new network state D™ is formed by taking into account the new entries
of node i’s cache.
t=t+1;

}

} until (D™ ==DW) /*"Best State" has been reached*/

Remarks: Thisagorithm is expected to provide better results than the previous one
since it accounts for the whole network state when it decides on the cache entries for the
new state. However the global state introduces an increase in computation for decision of
each nodei. In the previous agorithm, for each source node i we consider only the M-K
destinations that are not in its cache. In this algorithm we consider all M destinations for
nodei. The computations per destination are also increased. In the previous algorithm we

have to consider only the cost for nodei to the destination j. In this algorithm we have to

consider the sum of @ sources to the destination j, so we have an increase of

computations per destination decision of afactor of @ . S0, a coarse approximation for

the total increase in computation complexity for adecision per node i for a specific

network state D®is:



Thisisaratio that can reach very high values especialy for avery large number of

destinations per node (which implies avery large set S; of sources that want to send to

the same destination j). Thisincrease in computational complexity makes this algorithm
slower than the previous one. Actually thisisthe penalty paid for its generaly slightly
better performance on the average case. However, for very large M, the slightly better
performance is offset by the much longer delay, so the first algorithm may be preferred in

this case.

3.4 Experimentsand ssimulation of the BSBC algorithms

The mesh network consistsof N? = 625 nodes and at most M= 100 destinations
for each source node, picked out randomly from the whole network. There are mainly
two quantities that we track down and show in the graphs, Expected Maximum Flooding

Distance per node, ED max and Expected Average Flooding Distance per node,

EDavg . The Expected Maximum Flooding Distance per node is a measure of the worst
case of aroute discovery for anode, while the Expected Average Flooding Distance per
node reflects the average case. Flooding Distance is measured in # of hops.

After a caching algorithm has run and the network has reached a "best cost” state,

each node has the "best" K out of the M destinations in its cache. The rest M-K
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destinations are not cached by the node, and the node will flood the network in order to

find routing information about them.
Let's denote the time where the "best state”" has been reached by . Then D is

the set of destinations that are not in node i's cache when the best state has been reached.

The quantities of interest are defined as follows :

()
N2 Zdij N?
joD” Z Zd_(°°>
i
1=

. . = M -K jcDP
Expected Average flooding distance: EDavg = - = ' .
P J J J N2 N2(M - K)
NZ
(o)
| o 2. maxdj
Expected Maximum flooding distance: ED max = T

In the above equations, we first calculate the aver age and the maximum distance per
nodei respectively over all the destinationsin D . Then we take the expectation of

these two quantities over al nodesin the network, obtaining EDavg and ED max .

The quantity that actually interests us is how much part of the network is flooded when a
route discovery isinitiated. Given a (manhattan) distance d (like EDavg and ED max ),
such a quantity can be found by calculating the associated flooding cost and

consecutively finding the percentage of the network covered :

2
% of the network flooded = 2d+N—2d+1 x100%.

2

So, in the graphs we will show the expected per centage of the network flooded
per route discovery in the wor st and aver age case. These two quantities are generated

by ED max EDavg respectively by application of equation 3.3. The qualitative and

guantitative aspects of the BSBC algorithms are described in the four following

66



experiments. Each experiment is entitled by a natural question that one may ask when

considering the parameters of the problem.

34.1 Experiment #1 : “How does a BSBC algorithm behave for a fixed cach¢ as
the number of desired destinationdVl increases?”

In this experiment we kept the cache size fixed to K=10 positions and varied the
number of destinations each source would like to address (that is M) from 20 to 100. The
reason for this experiment is to see how well a particular memory size behaves, asthe
number of destinations per node increases. So for K=10, M=20 we can keep information
about half the destinations in each node’s routing table, for K = 10 to M=30 for the one
third, up to the most limiting case where our memory can only keep 1/10 of the desired

destinations (K=10,M=100). The results EDavg and ED max are summarized in the

following tables :

M Davg Dmax
L-BSBC G-BSBC | "Optimal" L-BSBC G-BSBC | "Optimal"

20 3.215038 3.02544 1.463841 4.8064 4.728 2.6672
30 3.58568 3.228398 1.52214 5.7504 5.8448 2.8352
40 3.692375 | 3.257334 | 1.584868 6.1312 6.432 2.9136
50 3.755197 | 3.297318 1.65736 6.4752 6.8192 2.9648
60 3.790334 | 3.387359 | 1.739969 6.72 7.2 2.9888
70 3.805304 | 3.325121 1.84172 6.8592 6.984 3.0464
80 3.809831 | 3.379065 | 1.955467 6.9248 7.2176 3.1696
90 3.818098 | 3.367638 | 2.055599 6.9664 7.1712 3.2464
100 3.824996 | 3.453939 2.08048 7.0192 7.4608 3.1136

Table3.1. Experiment #1: M varieswhile K=10.
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Figures 3.1. and 3.2., are derived from Table 3.1. and they show the comparative

performance of L-BSBC, G-BSBC and the "optimal" strategy described in paragraph

L 2
L 4
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on the average
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L

Expected % of network
flooded per route discovery
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Figure3.1. : Experiment #1: N=25, K=10, M varies,

expected flooding cost in the average case.

3.2. Figure 3.1 shows the expected percentage of the network flooded per route
discovery on the aver age (average case).

Both L-BSBC and G-BSBC have a constant difference from the "optimal" (and
non-realistic) flooding cost per route discovery of about 4% and 3% respectively. Aswe
can seein the graph, as M increases, the flooding cost in L-BSBC increases as well. For
smaller values of M, thereis a greater increase in the flooding cost, but after M=70 the
increase in M does not seem to affect cost so much. Thisindicates that for the specific
distribution of destinations for each source node, at a cache size of K=10 we are able to
cache M>70 destinations at a stable cost of about 6% of the whole network on the
average. G-BSBC yields generally a smaller average flooding cost of about 1% less

network coverage per route discovery than L-BSBC for values of M greater than 30. For
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M=20, we are able to hold in the cache half of the destination per node, so the difference
in the two algorithms is not so pronounced. G-BSBC has another interesting
characteristic in that the average cost is not a strictly increasing function of M. Thisis
because of the G-BSBC algorithm criterion for choosing the destinations to placein the
cachein each iteration. The effect of this difference of destination placement policy

between the two algorithms can be more easily seen in Figure 3.2. below :

N
(63}

N
o
|

=
al
<
<
<

A\

discovery

Expected maximum % of
network flooded per route

o

20 30 40 50 60 70 80 90 100
M

|——L-BSBC G-BSBC —#— Optimal

Figure3.2. : Experiment #1: N=25, K=10, M varies,

expected flooding cost in the wor st case.

Figure 3.2 shows the expected maximum per centage of the network flooded per route
discovery (worst case). By comparing G-BSBC and L-BSBC, we see that in this case the
flooding cost for the G-BSBC al gorithm exceeds the one in the L-BSBC algorithm by a
small amount, especialy for M=40, 50 and 60. This can be explained by considering the
way G-BSBC chooses the destinations it placesin anode’s cache: It considers the

speculative difference in the global network cost if we placed this destination in the cache

69



or not. Then the destinations with the largest differences are chosen as the ones to be
placed in the cache. In this way, when the algorithm ends, the "best state” is not defined
as the state where every node has the most far reached destinations in the cache, but
rather as the state where every node has the destinations with the maximum specul ative

differencesinits cache. So in G-BSBC it is possible to have at a specific nodei, a

destination j in D" that has a greater d*’ than the ones of the destinations residing in

the cache. Thus, compared to the L-BSBC that always places the most distant
destinations for a specific node in the cache, G-BSBC may generally have alarger

ED max for the same (M,K) combination. However aswe will seein the next Figures,
this difference in ED max tends to decrease. Also G-BSBC retains the non-monotonic
nature for the maximum flooding cost with respect to M in the same way it did in Fig.
3.1. Compared to the optimum algorithm we see amajor difference of G-BSBC and L-
BSBC from the lower bound curve. In this case, the expected maximum percentage of
network flooded per route discovery may even reach 17% to 20% of the whole network,

something that would not be tolerable in general.

3.4.2 Experiment #2 : “How big a cache should be used in order to have a tolerable
expected flooding cost?”

In this experiment, we varied the Cache size K, while M=100. As the cache size
increases, we may keep information about more destinations in each node. Furthermore,
the flooding cost per route discovery (worst case or average) is expected to be reduced by
increasing K. What we were trying to track is the cache size after which thereis not a

major improvement in the average or worst case.
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K Davg Dmax
L-BSBC G-BSBC " Optimal" L-BSBC G-BSBC " Optimal"

10 3.824996 3.453939 1.463841 7.0192 7.4608 2.6672
20 2.76366 2.372781 1.3668 4.9792 5.0992 2.008
30 2.231612 1.954767 1.276159 3.9584 3.9136 2
40 1.886294 1.689974 1.156108 3 2.9968 1.976
50 1.557535 1.480448 1.03008 2.2896 2.0672 1.4016
60 1.4126 1.33552 1.00036 2 2 1.008
70 1.203574 1.100641 1 1.9776 1.6976 1
80 1 1.00168 1 1 1.0336 1
90 1 1 1 1 1 1

Table3.2. Experiment #2: K varieswhile M=100.

In Table 3.2, for both BSBC algorithms we see that a change of K/M from 0.1 to

0.2 (K=10 to K=20), induces a dramatic change in the expected maximum flooding

distance (from 7 hopsto 5 hopsi.e. from 18% to 9.76% as shown in Fig. 3.4), and then

we see a 1-hop decrease every 10 entries of increase in the cache up to K/M=0.5 (K=50).

After this, we see the expected maximum flooding distance settling down to 2 hops, and

at K=0.8 and K=0.9 the expected max flooding distance goes down to 1 hop, meaning

that for every node and every destination that is not in its cache, the routing information

isonly one hop away. Table 3.2 also shows that aver age flooding distances do not

fluctuate as dramatically as the maximum ones. Nevertheless they tend to approach the

"optimal™ algorithm’s expected cost. These results will be seen more clearly in the graphs

that follow.

Figure 3.3. shows how expected average flooding cost varies as K increases.

Generaly G-BSBC performs dlightly better than L-BSBC. The maximum difference in

cost is 1% of the network flooded per route discovery for K=10 (K/M=1/10). This

difference decreases and for K>40 the two methods become almost equal in cost.

Compared to the lower bounds algorithm, they start approaching it really closely for

K>50. This means that for the specific destination distribution for each source node,
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caching half of the destinations is adequate for providing an optimal flooding cost on the

average.
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Figure 3.3. : Experiment #2: N=25, M=100, K

varies, expected flooding cost on the average
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Figure 3.4. Experiment #2: N=25, M=100, K varies, expected maximum flooding cost.
In Figure 3.4, the worst case is depicted. Here G-BSBC and L-BSBC perform almost

identically for every value of K. As opposed to the average casein Fig. 3.3, in the worst
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case the percentage of the network flooded per route discovery may reach 20% of the
network for K/M=10/100. However by increasing K alittle bit, the flooding cost reduces
alot : At K/M=30/100 both algorithms obtain approximately the same expected flooding
cost of 6% as the average case did for K/IM=10/100 (see Fig. 3.3). Thisisavery
interesting result showing that a small increase in memory capacity K may result in the
maximum flooding cost being reduced to the one of the average case. Again for

K /M =40/100 our algorithms are converging to the lower bound a gorithm.

3.4.3 Experiment #3 : “The K/M ratio and its robustness to scalability”

The K/M ratio mentioned in the previous experiments is the maximum cacheable
proportion of the number of destinations M a node wants to communicate. What is
generaly desirable is to achieve low expected flooding costs per route discovery and
having a K/M ratio as low as possible. However in order to be able to use thisratio, it
must be robust. By “robust” we mean that the ratio is in a large degree independent of the
specific values oK andM in terms of the flooding cost associated with thEon.
different valuesof M (M=50, M=100) we plotted the expected average and maximum
flooding costdor the same K/M ratio. Figures 3.5 and 3.6 correspond to thBSBC
algorithm and 3.7 and 3.8 to teBSBC.

The first thing to observe is that for bdttBSBC andG-BSBC algorithms the
ratio behaves almost identically. In both the average and worst case graphs, the cost
curves for different values & have a similar decreasing nature for increakii\g. The
only difference in the curves is an offset in favor of 100 curve. This happens

because, a8l increases, there are more source nodes sharing a specific destination. So a
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node has more chances of finding another node with info about this destination, and

therefore the flooding cost will generally go down.

Expected maximum % of
network flooded per route

Expected % of network
flooded per route discovery on
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Figure 3.5. Experiment #3: L-BSBC algorithm, K/M

ratio stability in average flooding cost when M changes.
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Figure 3.6. Experiment #3: L-BSBC algorithm, K/M

ratio stability in maximum flooding cost when M changes.
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Figure 3.7. Experiment #3: G-BSBC algorithm,

K/M stability in average flooding cost when M changes.
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Figure 3.8. Experiment #3: G-BSBC algorithm,
K/M ratio stability in maximum flooding cost when M

changes.
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The robustness of the K/M ratio depends on two factors namely the shape of the
curves and the offset between them. The similar shape of the curves shows that as K/IM
increases the flooding cost decreases in a uniform fashion independently of the specific
values of K and M.

For the same value of K/M, the offset between the curvesis an indication of the
cost increase for different values of M. The smaller the offset, the more representative
iIstheK/M ratio for describing the cache efficiency. We observe that the offset
between the two curves generally decreases as K/M increases. In all figures 3.5 through
3.8, weidentified three regions regarding the offset value:

. % < 0.3: Inthisrange the offset is larger compared with the others. Thus for small

memory capacities with respect to the whole network, the K/M ratio seems to be
lacking robustness with respect to M. However as Fig. 3.9 shows, the offset between

curves of larger values of M like 100 and 200 becomes a lot smaller.
e 03< % <0.7 : Inthisrange, there is some offset between the curves but it is small

relative to the one in the previous region. Hence K/M can be considered robust in this
region.

. % > 0.7: Inthisrange, K/M is amost the same for M=100 and M=50, and K/M isa

perfect means of describing cache efficiency.

Figure 3.9 is derived from the data in Figure 3.5. The bar graph named “100 vs 50" is the

offset values between the M=10 and M=50 graphs in Fig. 3.5. We also set M=200 and
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performed the same experiment for the same K/M ratios. The “200 vs 100" bar graph is

the corresponding offsets between M=100 and M=200 curves.
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Figure 3.9 : Offsets between different “M-curves”.

The offsetsif we compare the M=100 with M=200 cost curves are alot smaller than the
M=100,M=50 case. Especially for the region % < 0.3, which had a slight problem when

we compared M=100 to M=50, we see that the offsets are reduced. Hence the ratio
becomes even more robust as M grows larger. Since M must be generally largein alarge
network context, we finally conclude that the K/M ratio is generally a meaningful and

robust measure of cache efficiency.

3.4.4 Experiment #4: "How do BSBC algorithms perform in the case of uniform
traffic?"

In chapter 2 we considered the case of uniform traffic, that is when each node has

‘[1‘ =M = N?-1. Wefound that by placing routing information for a specific
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destination in the vertices of diamonds, the flooding cost is minimized. An interesting
twist in the evaluation of the BSBC algorithms would be how they perform under
uniform traffic, and whether they finally place routing information according to a

diamond-like strategy.

In this experiment we set ‘54 =M = N? -1=624. In chapter 2, it was shown that
the cache capacity for a diamonds strategy (N,r) (r is the side of each diamond in units) is
given by therelation :

K =2D?+2D +1, where D =QUOT[BN—_1[H
:

By picking r = 6, the above formulayields D = 4 and a number of nodes with routing
information (including the destination) equal to 41. Since the structure is symmetric and
the traffic is uniform, the cache size of each node is equal to the number of nodes with

routing information, so K=40.
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Figure 3.10 : Diamond strategy (N,r)=(25,6) for

Finite Flooding Horizon (FHF)

78



Figure 3.10 illustrates the diamond strategy (N,r)=(25,6).

In this experiment we used the L-BSBC agorithm by setting M=624 (for each source

nodei the set I5i consists of the rest of the nodes in the network) and K=40 (the value

¢ FUNEAANNEPEE
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|

Figure3.11. : Nodesthat haverouting information
about the center node after the L-BSBC algorithm

conver ges.

computed by the formula above). After the algorithm converged, we placed on the grid
the nodes that had information in their cache about the center node.

If we compare figures 3.10 and 3.11 we see alot of similarity. The L-BSBC
algorithm tries to place the nodes with routing information in a diamond-like fashion. By
comparing the costs on the aver age case, the diamonds strategy achieves 1.93% of
network flooding coverage while the BSBC achieves 1.99%! This fact along with the
similarity of the figures above, results in two conclusionsfor the uniform traffic case:

* Theoptimal diamond strategy performs better than BSBC as expected.
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» TheBSBC agorithm yields avery close to optimal expected average flooding cost

per route discovery.

3.5 TheLEADERSalgorithms

The class of BSBC algorithmstries to obtain a "best state”" of the network, after a
finite number of iterations. However, there are many such "best states" of the network,
and maybe someone would like to find "the best of the best". Thisis of course
impossible, due to the big number of initial network states and the different cache updates
during an iteration. Regardless of the non-optimal "best” final state, the BSBC algorithms
were shown to be close to optimal on the average case for K/M>0.3 (see figure).

The most important "flaw™ in the philosophy of BSBC is that upon termination, the
algorithms do not guarantee anything about the flooding cost of a specific node. For a
specific source node i and a specific destination j that is not in i's cache after the
algorithm ends, even if the cost to find j isless than the costs kept in i’s cache, thereisno

guar antee that this cost is small.

This fact affects mostly the worst case of a node flooding the network. As Figure
3.4 shows, for medium to small cache capacities K, the % of network flooded per route
discovery, can cover even 10% or 20% of the network. In alarge mobile ad-hoc network,
the number of route discovery initiations at a specific time instant is expected to be large,
so a 10% or 20% of the network covered per route discovery is clearly unacceptable!

Moreover if we see the whole situation from a user’s perspective, the user would

like to have a guarantee on the delay of finding routing information. Considering a user i

the delay for a specific destination j is proportional to the distance di?) of the source node

to the closest node that holds the destination j in its cache.
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Given the above considerations, we may want to relax on the concept of "best
state" that was fostered by the BSBC algorithms. So now the caching problem can be
restated in the following way:

"Find a state of the network such that, in case some node does not have routing
info on some destination, it will always be able to find the information at a maximum
distance MaxDist (or equivalently with a maximum cost of Cmax = f(MaxDist))."

In thisway there is arestriction on the maximum flooding cost ANY node may
generate. Such a policy would be able to restrict the worst case flooding cost of BSBC
algorithms. So now, we are not looking for afinal "best state”, but for a state that will
satisfy the flooding cost restriction that we impose. Needless to say that such an
algorithm will converge faster than the BSBC ones.

The class of LEADERS agorithms is accomplishing this by adopting a destination-
based approach. Theideais, for each destination node x to separate the sources that wish
to reach it into clusters. Each cluster’s centroid, must have a (Manhattan) distance from
the other nodes in the same cluster, less than or equal to a constraint distance MaxDist.
So the regions centered at the centroids have a maximum coverage of Cmax =
f(MaxDist). For each centroid node of aregion, add destination x in its cache. In thisway,
all the nodes associated with that centroid-leader will be able to access the routing info
with aflooding cost less than or equal to Cmax.

The LEADERS algorithms differ in the underlying clustering algorithms. The

clustering algorithms run for every destination j in the network, and form clusters
containing the sources that have traffic for it (thisis the set §j ). After finding the

centroid nodes for j, this destination is placed in the caches of these centroid nodes. Thus
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every nodein §j has these nodes as leaders, and is guaranteed to find destination j in at

most MaxDist distance, with at most Cmax = f(MaxDist) flooding cost. We now
introduce the two algorithms that characterize the class of the LEADERS agorithms,
namely the Single Pass Leaders Algorithm (SPLA) and the Two Phase Leaders

Algorithm (TPLA).

351 The"SinglePass' LeadersAlgorithm (SPLA)

This algorithm is constructive: For each destination j we start with the set of
source nodes §j . We consider one node at atime, and place it in the appropriate region

from the ones that have been constructed so far. If the node cannot be assigned to an
existing region, we create a new one with this node being the centroid. If this node can be
assigned to an existing region, we choose the region whose centroid is closer to the node.
After we add it to this region we recal culate the centroid of this region, by finding which

node has the minimum total distance from the rest in this region. The algorithm is called
a"single pass"’, because for each destination j, after asingle pass of the list §j al the

regions and centroids have been defined.

For destination j,

e LetU }t) be the set of nodes that have not been assigned to any region up to timetime
t. The set U_}"will be the set of nodes that have been assigned to aregion up to time t

and also: U]“’DU_}‘):§j Ot .
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* Let LY bethe set of Leaders (centroids) at timet and ‘L(jt" be the cardinality of L{".
We also denote by LY (m), 1< m<|L{| asingle element (centroid) in LY.
* Alsolet R"(k),1<k< ‘L‘j" ‘ be the k-th region from the ones that have been

constructed so far. It is obvious that the number of regions at timet is equal to ‘L(jt)‘ .

I nitialization:

for each node

{
choose any nodei in §j
u® =s -{i}

R ={i}

}

Iterations:

for each destination |

{

t=0;

while(U® 20)

{

select anodei in Uj“’
U J(t+l) = U J(t) _{I}

d= mnln{d G LY (m))} /*minimum distance from any of the existing centroids*/
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argd = argmi n{d G LY (m))} /*the corresponding centroid*/

if (d < Dmax) /*Weassign this node to the region R" (k) that currently has argd

as acentroid*/

R ()= RO (0)+4)
Recompute the centroid of R*? (k) by choosing the node that has the

minimum total distance from therestin R (k) .

ese

L =10 +}

)

create R}”l) QL(].‘“)

t=t+1;

3.5.2 The"Two Phase" LeadersAlgorithm (TPLA)

For adestination j, the Two Phase Leaders Algorithm consists of two phases:

 Firstitfindsthecentroidslist L;. L; isfound incrementally by scanning §j many
timesand adding to L; the node that has the following properties :

» Hasadistance from each existing centroid greater than MaxDist.



» Hasamaximum total distance from the rest of the existing centroids.

* Itscacheisnot full yet.

» The second phase assigns the rest of the nodes to the regions according to the
centroids found in the first phase.

For destination j,

* Let LY bethe set of Leaders (centroids) at timet and ‘L(jt" be the cardinality of L{".
We also denote by LY (m), 1< m< ‘L(j”‘ asingle element (centroid) in LY.

. LTJ” isthe set of nodesthat are not centroids. LT” isused in phase |1, after the

centroids have been identified.

* Alsolet R} be the region that corresponds to centroid i after the centroids have been

found in phase.
Algorith Pseudocode:
for each node |
{

Phasel:

Initialization:

L'” ={j} /*Choose the destination j to be the first centroid*/

0) —
Iterations:
t=0;

while (T 20)
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for every nodei in T

{

Totsum(i)=0
for every centroid k currently in L%

{

if(d(i,k)< MaxDist) /*nodei cannot qualify as a centroid*/

{

Tj(t) — Tj(t) _ {I}
-+

stop here and consider the next element i of T, by going back to thei-loop

else

Totsum(j ) = Totsum(i )+ d i, k)

}

m = argmax{TotSum(i )} /*node mis the one that qualifies as a centroid and has

the maximum total distance from the centroidsin L(jt’ */

if(TY 20)
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L0 = L9 +{m}
Tj(t+1) :Tj(t) —{m}
t=t+1

Phasell: (by t = we mean that phase | has finished)

for every nodei in L'

{
d= mnln{d (I L (m))} /*minimum distance from any of the existing centroids*/
argd = arg rTr1ni n{d G L) (m))} /*the corresponding centroid*/
R* (argd) =R (argd)+{i}

}

This algorithm minimizes the number of centroids (and thus the number of regions)
created for each destination. Since the number of centroids determines the size of the

caches, we expect this algorithm to create as minimum cache sizes as possible.

353 Experiment #1:"SPLA vSTPLA"

We performed an experiment by running both SPLA and TPLA for M=100, K=40

and MaxDist=5 and tracked down the centroids and the corresponding regions that were
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formed corresponding to the destination node j=265 (i.e the point on the mesh with
cartesian coordinates (x,y)=(15,10)).

The two algorithms provided similar expected flooding costs per route discovery
on the average and maximum case. In terms of speed, SPLA converged faster than TPLA
and thisis because of the "single pass' nature of SPLA. However TPLA yielded much
smaller caches (30% smaller total network cache size) after the algorithm termination.
Thisis because TPLA seeks to minimize the number of centroids per destination. The
memory performance difference can be more easily visualized by considering Figures

3.12 and 3.13 which correspond to SPLA and TPLA respectively.
The figures below show the destination and all the sources in the set 5265 (that is

the set of sources that have traffic for this destination). The regions formed for each
algorithm are clearly shown as points with different format. Each node in aregion finds
the information about destination 265 by referencing to the centroid node by an arrow. So
the node whichisasink for al the arrows within aregion is the centroid of thisregion.
However, there are some points on the mesh that do not initiate or accept arrows. These
are "degenerate” regions of a single node-centroid. Generally "degenerate” regions are
undesirable, since this single node could have been assigned to an aready existing region
and not filling its cache with information about a specific destination. Degenerate regions
areonly justified if their centroid isreally far from any other nodes that have traffic for
the specific destination.

By observing Figures 3.12 and 3.13 it is obviousthat TPLA is superior to SPLA

for this specific destination, since a smaller number of regionsisformed (12 vs 16), for

aninitial set 5265 of 35 nodes. Furthermorein the case of SPLA we see more
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"unjustifiable" degenerate regions. These regions could be assigned to other regions
formed nearby. For example Regions 11 and 12 in Fig. 3.12 could be merged in asingle
one. If welook at figure 3.13 we see that this is accomplished. The most notable
difference in the two figures correspondsto largesregion 5 in figure 3.13 that is formed
by the TPLA algorithm. Inthisregion, 7 nodes refer to node (7,6) in order to reach
destination 265. If we look back to figure 3.12, we see that the same points are assigned
to three regions namely 3, 4 and the degenerate region 5.

This experiment shows that TPLA is better than SPLA in terms of total network
memory capacity achieved while both achieve similar flooding costs. However SPLA

converged faster than TPLA and may be more desirable in alot larger network contexts.

354 Experiment #2: LEADERSvsBSBC

The two classes of algorithms are based on a different philosophy: The
LEADERS algorithms impose a constraint on the maximum flooding cost for each node
and after the algorithm runs, the nodes do not have equal cache capacities. On the
contrary, BSBC algorithms have the same capacity K for each node upon a gorithm
termination but they do not guarantee anything about the flooding cost per node. The
metrics we use to compare to compare the BSBC and the LEADERS algorithmsisin
terms of the total memory capacity in the network, and the flooding costs per route
discovery. In the case of BSBC, the total memory capacity is always K x N*whilein the
LEADERS classit is variable. Because of the non-uniform traffic, some nodes will have
alarge memory capacity and some others will not. The more destinations a node becomes

acentroid for during the clustering algorithm execution, the larger its cache size will be.
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In order to do the comparison between the two classes we found "equivalent”
experiments for them by consulting Table 3.2. For example for K=20 we saw that L-
BSBC and G-BSBC achieved Dmax = 4.97 and Dmax 5.09. So an "equivalent"
experiment for LEADERS isto set MaxDist=5, M=100 and K=20.

Table 3.3 shows the results of the "equivalent” experiments for various sizes of K. Note
that columns 1,2,4,5 of the table were just copied from table 3.2. TPLA was chosen asa
representative of the LEADERS algorithms because it is by far better than SPLA. The

resultsin Columns 3 and 5 were obtained by considering MaxDist to be the immediately

larger integer from the number min{D max, o, DMmax_sec} for aspecific K. Thusfor

K=40, MaxDist was chosen as the immediately larger integer number of

min{3.9584,3.9136} which is 4. Also the maximum cache size for the LEADERS

algorithm was kept equal to K.

K | MaxDist Davg Dmax

L-BSBC | G-BSBC | TPLA | L-BSBC | G-BSBC | TPLA
20 5 2.76366 | 2.372781 | 2.453118 | 4.9792 | 5.0992 | 4.976
30 4 2.231612 | 1.954767 | 2.221376 | 3.9584 | 3.9136 | 3.984
40 3 1.886294 | 1.689974 | 1.999272 3 2.9968 | 2.9904
50 3 1.557535 | 1.480448 | 1.752799 | 2.2896 | 2.0672 | 1.9952
60 2 1.4126 | 1.33552 | 1.752497 2 2 1.9952
70 2 1.203574 | 1.100641 | 1.750456 | 1.9776 | 1.6976 | 1.9952
80 1 1 1.00168 | 1.471342 1 1.0336 | 0.9984
90 1 1 1 1.473079 1 1 0.9984

Table 3.3.: MaxCost " Equivalent” experimentsfor the
LEADERS and BSBC algorithms.
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The following graphs illustrate the trade-offs between the two algorithm types.
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Figure3.14: M=100, K varies. LEADERSvsBSBC:

Expected flooding cost in the wor st case.

Figure 3.14. shows how the worst case behaves in the two classes. We see that the curves
match in this case. The reason is that we have "tuned up" our "equivalent" experiments to
produce the same worst case by setting MaxDist as was described earlier.

Figure 3.15 is of moreinterest, since it shows the average case. We see that for
small values of K TPLA is somewhere between L-BSBC and G-BSBC. For values of K/M
larger than 0.4, TPLA performs dlightly worse. In Figure 3.16.we see the benefit of
LEADERS in terms of total network memory utilization. This figure plots the ratio of

total network capacity for TPLA over the total network capacity of BSBC, whichis

always constant and equal to K x N2,
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Figure 3.15. M=100, K varies. LEADERSvsBSBC:

Expected flooding cost in the average case

So the value shown in the graph is given by the realation :

a= KI-LZIZT”LA x100%, where KTotal ., , isthetotal network cache capacity after

TPLA hasrun.

Figure 3.16. shows clearly that in almost every case TPLA obtains smaller cache
capacity than the BSBC algorithms. Thisis true because, the capacity of each node
depends on how "popular” this node iswhen it is considered as a centroid by a
destination and is not filled by some "best state" destination. Thus TPLA can adapt the
memory capacity to the traffic patterns by identifying some nodes that need more

memory capacity than others. Thus the LEADERS family of algorithms could be used in

93



more heterogeneous networks where nodes have different memory capacities and

capabilities.
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Chapter 4

4.1 Summary, Conclusionsand discussion

Many mobile ad-hoc networks applications are envisioned to support avery large
number of nodes under aflat routing structure in a highly mobile and dynamic
environment. In this case, we argue that scalability can only be achieved in the context of
reactive "on demand" routing protocols as opposed to the proactive routing protocols
based on the traditional philosophy of routing algorithms used in fixed packet switched
networks. The "on demand” nature of reactive protocols requires the intelligent caching
of destinations on each host so that flooding cost on a route discovery be minimized. This
motivated us to introduce a framework for quantifying the caching of destinationsin a
network that isin aform of atorroid mesh. In chapter 2 we initially investigated the case
where each source node wants to address all the other nodes in the network with equal
probability. This served as a precursor to chapter 3 where the problem of caching was
stated in amore general fashion.

In the case of Infinite Horizon Flooding (IHF), we found that a diamonds strategy
for placing routing information on the mesh outperforms the square one since for
approximately equal cache sizes, the squares strategy has approximately 1.5 times more
flooding cost on the average.

If Finite Horizon Flooding (FHF) is used instead of IHF, we need to cache less
destinations per node to achieve the same flooding cost. For the limited horizon problem,
we proved that a diamonds policy, where routing information is placed at the vertices of

each diamond yields the minimum possible average flooding cost for the case of uniform
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traffic. However even if optimal, adiamond strategy depends on the starting flooding
horizon h, and the retry flooding step s by which the current horizon is incremented if

routing information is not found. By performing experiments we concluded that given a

diamond strategy (N,r), in order to have minimum flooding cost per route discovery, the
condition h, +s= % +1 should be satisfied. We furthermore observed that the optimal s

that yielded the minimum of the minimum average flooding costs was awayss = 2 for

different diamond strategiesr. Also for this value of sthe optimum h, was aways found
tobe h = % -1, something that verified the condition mentioned above.

Overadll in the FHF case, if we exclude some extreme values of diamond sizesr,
the diamond strategy achieved very small flooding costs per route discovery and very
small cache sizes compared to the network size. This was due to the optimality of the
diamond strategy, the symmetric nature of the torroid structure and the fact that each
source node wants to communicate with all the other nodes with equal probability.

In chapter 3 we considered the non-uniform traffic case where each node wishes

to address an arbitrarily large and arbitrarily situated subset M of the whole network N?2.
Two classes of algorithms were proposed in order to solve the above problem. These
algorithms are generic in the sense that they do not depend on the mesh structure of the
network we use. The torroid mesh structure is convenient only because it provides an
easy way to find the distance d between two specific nodes in the network, and an even

easier way to quantify the flooding cost associated with it ( f (d) =2d? + 2d +1 in the

caseof h =1 and s=1).
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The BSBC agorithms are iterative, and in each step they try for each node to keep
the K maximum cost (out of M) destinations in the cache, based on the current state of
the network. The algorithms terminate when the "best state” has been reached. The
difference in the algorithmsliesin the "maximum cost" criterion a node employs to
decide which destinations to keep in the cache. In the L-BSBC algorithm, each node
defines as a cost metric, the distance to reach a specific destination. The source node then
tries to cache the destinations with the maximum distance from itself. The G-BSBC
algorithm refersto the global network state. Each source node speculates for each
destination what is the difference on the whole network state of placing the destination in
its cache or not. Then it placesin its cache the destinations with the maximum speculative
differences.

The two algorithms were compared in terms of the expected per centage of the
network flooded per route discovery in the wor st and aver age case. We found that G-
BSBC performs better than L-BSBC on the average case and alittle bit worse on the
worst case. However the G-BSBC achieves better average performance at the cost of
higher computational complexity. Therefore in large networks it may be desirable to use
the L-BSBC.

Both of these algorithms were compared with an "ideal" case. This case consists of
anode deciding about which destinations to place in its cache assuming independently
about each destination that all the sources that have traffic for it have this destination in
their cache at that instant. Even if thisis an unrealistic assumption, it is alower bound on
any agorithm’s performance. In the average case, the results of the comparison with the

ideal case werefairly good for K/M ratios that are over 0.3, and there was an absolute
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convergence for K/M>0.5 (that isif each node is able to cache information about the 50%
of the network).

Another experiment that established the validity of the BSBC algorithmsiis the test
under uniform traffic. It was shown that they are generally trying to place routing
information according to the optimal diamonds strategy elaborated in chapter 2. In the
experiment L-BSBC was very close to the optimal in terms of the average flooding cost
per route discovery. More specificaly it achieved a 1.99% of network coverage on the
average as opposed to the optimal of 1.93%! Thisis probably due the small diamond size
used (r=6 units) but still it isan indication of the BSBC algorithm’s power for the
aver age case.

Despite their advantages and good performance on medium sized memories with
respect to the whole network, the BSBC algorithms after they terminate, do not provide
any guarantee about the worst case flooding cost a node may experience. In Figure 3.4,
for medium to small cache capacities K, the expected maximum % of network flooded per
route discovery (worst case), may cover even 10% or 20% of the network. Of course a
10% network coverage per route discovery is not acceptable.

In order to alleviate the worst case effect, the LEADERS a gorithms class was
introduced. The LEADERS algorithms guarantee for each node that it will be able to find
adestination that is not cached at a distance no more than MaxDist, where MaxDist isa
parameter of the algorithms. Such a guarantee is a delay guarantee from the user’s
perspective since the user knows that the routing information will be found in at most
MaxDist steps. From the network perspective thisis a bandwidth guarantee because the

network "knows" that each user will never flood more than Cmax=f(MaxDist) nodes to
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find the destination. The LEADERS a gorithms deliver the guarantee mentioned by
relaxing on the notion of "best state”. They are not seeking an "optimal” network state but
a state where the guarantee set by the parameter MaxDist is satisfied.

The class of LEADERS algorithms is adopting a destination-based approach. The
ideaiis, for each destination node to separate the sources that wish to reach it into clusters.
Each cluster’s centroid, must have a (Manhattan) distance from the other nodes in the
same cluster, less than or equal to a constraint distance MaxDist. For each centroid node
of aregion, add the specific destination in its cache. In thisway, all the nodes that belong
to the same region with the centroid-leader will be able to access the routing info with a
flooding cost less than or equal to Cmax.

The LEADERS algorithms differ in the underlying clustering algorithms. The
"Sngle Pass' Leaders Algorithm (SPLA) builds and updates the regions incrementally as
it sees new nodes, while the "Two-Phase" Leaders Algorithm (TPLA) constructs the
centroids first and then forms the regions based on the centroids found in the first phase.
TPLA isdesigned to minimize the number of centroids needed given the constraint
MaxDist. Minimizing the number of centroidsis a key feature of TPLA that rendersit
generally superior to SPLA: since the number of times a source node becomes a centroid
Is actually the size of its cache, and TPLA optimizes on the number of centroids per
destination, it will provide the best solution. However, the single pass nature of SPLA
makes it attractive in avery large network context where the amount of calculations
grows large and TPLA must make alot of passes through the initial list in order to

construct the centroids list.
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Finally we attempted to investigate the relative performance of BSBC and
LEADERS algorithmsin terms of total network memory capacity and the aver age
flooding cost per route discovery, when we match their maximum flooding cost per
route discovery. In most of the cases TPLA yielded higher average flooding cost. Thisis
because it does not try to find any "optimal” state but just to provide a viable guaranteein
the worst case each node will have to flood the network frequently.

Thereis aside effect of the LEADERS a gorithms that may render them desirable
In some situations: Each node has generally a different number of cache entries after the
algorithm terminates. The experiments showed that this fact usually saves on total
network cache capacity, at the penalty of a dlight increase in flooding discovery traffic in
the average case. What the algorithm doesis that it actually adapts the total network
cache memory to the given traffic in the network.

We envision extensions to the algorithms developed to be working in a
dynamically changing environment within large heterogeneous networks having nodes
with different memory and capacity requirements. In such an environment, a pure
"optimal state”" seeking algorithm like BSBC would not have alot of meaning. Instead, a
LEADERS like algorithm would adapt to the traffic by overloading some specific caches
to serve alarger set of destinations, and leaving the caches of other source nodes free to

be deciding which entries to keep in the cache on a BSBC-like fashion.
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