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Abstract— Disruption-Tolerant networks (DTNs) differ from
other types of networks in that capacity is exclusively creted by

- LY . A
the movements of participants. This implies that understading

and influencing the participants’ motions can have a signifiant %; ”’FedEEﬁ
impact on network performance. In this paper, we introduce he L 06 -
routing protocol MV, which learns structure in the movement .

Taxicab FedEx Truck

patterns of network participants and uses it to enable infomed
message passing. We also propose the introduction of autanous
agents as additional participants in DTNs. These agents aga
their movements in response to variations in network capa¢y and
demand. We use multi-objective control methods from robotts
to generate motions capable of optimizing multiple network
performance metrics simultaneously. We present experimeal
evidence that these strategies, individually and in conjuction, Car Public Transport
result in significant performance improvements in DTNs. -

to network demand

Adaptation of participants’ motion

Exploitation of structure in
participants’ motion
Many routing protocols exist to support end-to-end messaigg. 1. Classification of routing methods for DTNs based oaratteristics
ing in ad hoc wireless networks [12], [17]. Such protocoal‘gf participants’ movement patterns.
assume an end-to-end connection through a contemporaneous
set of links through intermediary peers. As a result, if ehpat
between two peers in a network does not exist, communicatidve network (see Figure 1). In this context, structure sefer
is not possible, and the route creation process fails. periodic patterns in peers’ movements that can be exploited
To adapt to situations where simultaneous links in thestimate the probability of delivery for a specific message a
network are not practical or possible, a growing body gfeer.

work is exploring techniques for moving network traffic For purposes of illustration, we relate this classification
over asynchronous paths. Such networks have varied namgsparticipant’s motion and associated routing protocals t
highly-partitioned networks [6], [10], message ferryingA], everyday experience. The lower-left of the classificatibaven
[25], delay-tolerant networks [8], and disruption-toleraet- in Figure 1 corresponds to hitchhikers being picked up by
works (DTNs) [7]. To enable end-to-end routing in a DTNandomly moving cars. In this scenario, cars move without
(the term we choose for this paper), network participants (periodicity and do not adapt to the route of the hitchhiker.
peers) are relied upon to carry and deliver messages ofsoth@he lower-right of the figure corresponds to public transpor
Whenever two participants pass, they negotiate the exeéhangth fixed schedules. Independently operating taxicabisivk
of messages. A message may be passed between a numbgpgbassengers in the street are represented in the toptleft o
network participants before reaching its destination. the diagram. Finally, FedEx trucks are situated in the top-
The performance metrics of disruption-tolerant networkgght corner. Here, packages are transported, rather tbaple.
depend on the number of network participants, their storagedex trucks travel on structured daily routes, but only st
capacity, communication capabilities, and movement pate scheduled pickups and deliveries, i.e., their route isstdflin
In this paper, we focus on the performance factor uniqygsponse to demand.
to DTNs, namely the movement patterns of participants. We prom this description it is clear that performance metrics,

examine how movements can be exploited or controlled {9,y as bandwidth and latency, can be expected to improve to-

improve performance in DTNs. Movements of network partiGyaq the top-right of the diagram. To achieve these perforea
ipants are classified according to two independent pr&®rtiiynrovements, an increased amount of coordination amang th

their inherent structure and their adaptiveness to the ddnm. otvork participants is required. Such coordination caplaik

This research was supported in part by National Science d&tiom awards Str_U(_:ture present_ln part|C|pan_ts r_nonon patters to |m_pr_the
ANI-0133055 and EIA-0080199. efficiency of routing. A coordination of network particigan
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A. Networking

DTN forwarding has been studied by a growing number
of researchers. As we stated in the introduction, we can
taxonomize previous work based on their assumptions about
the inherent structure of the network and their adaptivenes
the demand in the network.

Ours is the only work that explores the adaptation of peer
movements to meet communication needs of the network. We
propose the use of robotic peers to improvement performance

All other work can be distinguished by the degree to which
peer movements are fixed and well-known. At one end of the

(@ Segway RMP (b) Helicopter (GeorgiaTech) §pectrum, Zhao, et_ al. [241, [25] have proposed DTN network-
(UMass Amherst) ing based on ferries, which are peers that have completely
predictable routes through the geographic area (e.g.y@du#
Fig. 2. Examples of autonomous agents that could be emplagetetwork o river ferry). Peers route message end-to-end by scheguli
participants to improve performance in disruption-tateraetworks [4], [21].  their movements to meet with the ferry.
Similar to Zhao, et al. is work from the IRTF Delay-Tolerant

) Network Research Group [8], where the focus again is on
that adapts the motion to the network’s demands enable?n‘%dictable but non-contemporaneous routing.

_better usage of the participants’ capacity and thus can tead At the other end of the spectrum is a series of papers that
mt_:reased l_)an_dW|dth _and reduced latency. The Contr_'b“_'ﬂonattempt to learn patterns in the movements of peers.

th'? paper lies in algorithms that t‘r.ike advantage of thesigls In 2000, Vahdat and Becker proposed a flooding algorithm
to imprave the performance of disruption-tolerant netveork called epidemic routing[22] that assumes infinite buffer. In

We present a routing protocol for forwarding of MessageRn1, we proposed routing algorithm for highly-partitidmeet-

from a mobile source to a stationary destination that explo|,q g by exploring a number of different strategies for dé

movement structure by learning the motion patterns of theich messages to exchange when two network participants
peers. It maintains information abouieetingsetween partici- meet [6]. Our algorithm, calle@rop-Least Encounterechad

pants and theivisitsto locations (hence the nanw/) and uses peers keep track of the other peers they meet regularly over

this informa_tion for routing and buffer allocatioMV buildg time. Peers initialize their estimate of the likelihood oéssage
on our previous work [6], which kept track_ onl_y qf meet'ng%elivery to a moving peer as 0. When a peemeets another
between peers. We compare our work to a first-in-first-0atstr oo p"the former sets the likelihood of delivering messages to
egy for managing the buffer allocated for carrying the mgesa p ¢ 1 Thend takes a portion of3's likelihood of delivering

of others. Our simulations show thiellv’ performs significantly essages to the other peers in the system. These valuegelegra
better, reaching 84% of maximum possible delivery ratesuer . . time, such that they are reinforced onlydifand B meet
64% for a first-in-first-out buffer management. This advgeta eriodically. Versions of this same algorithm were subsedy

is mainta?ned as the offered load in the system and the numg%posed by others [15], [18], [9], with each paper showing a
of peers increases. different analysis of the problem.

To address the incongruence between the movement ofyisq relevant to this paper is work by Jain et al [11], who

network participants and traffic flow that may arise whegy,,eq that networks that have a large number of connection
movement pattern of participants do not match bandwidth rgs,rnities require less intelligent forwarding algomis. As

quirements, we propose the introduction of autonomoustagepsqrces become scarce, more information about the retwor
as participants into the network. These agents can be gfou%drequired for better performance.

based or airborne mobile robots (see Figure 2). We propoSerpere are other challenges within the subject of DTNS.

methods for adapting the motion of such agents to bandwiqty oy ample, an information retrieval service can be a vital
and Iater_lcy req_uwement; of a network. While the pr,Oblegbrvice in a DTN used by disaster management workers. In our
of chooglng optimal motions for autonomous agents in ,thb?evious work, we proposed a method of dividing up a database
context is _shown to be NP complete, we propose tec_hnqugqﬁ:h that any small random subset of peers can answer queries
from robotic control that are able to obtain high-quality- aR it high accuracy even though each peer carries only a small
proximations to the optimal solution. We found experiménta ., (i of the full database [10]. In our method, no routisg
that the addition of agents can improve delivery rate by angdq,ired, yet it is robust despite the movement of peers, who
latency metrics by up to 50%. may change groups at any time.
Finally, rumor routing [1] is a related approach to netwarki
in sensor networks that avoids the costs of doing flood rgutin
Since this work is a synthesis of ideas from networking arld rumor routing each peer passes a message on to each of
robotic control, it has related work in both areas. its neighbors with a probabilitp. In this way a message is
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probabilistically insured to travel from source to dedtima the frequency ofmeetingsbetween peers and of thaiisits to
without an explicit route. Rumor routing is focused on natkgo cells in a geographical grid. The past frequencies are used t
with stationary peers, but the spread of messages throwgh thnk each message in a peer’s buffer according to the likedlh
network is very similar to that achieved by DTN routing.  of delivering a message through a path of meetings and loca-
tions. EffectivelyMV exploits the structure presentin the peers’
B. Multi-Objective Control motion patterns to improve the efficiency of message dsliver

The control method we propose for autonomous agents Rgferrng to the earlier transportation analogy, FigureMi,
participants in a DTN is derived multi-objective control infS Situated in the bottom-right of the diagram — it attemjts t
robotics [3], [13]. In general, the goal of multi-objectizentrol learn the periodic connections between peers in the systeém b
is to coordinate a collection of controllers with individgmals d0€s not adapt to demand.
to achieve a desired global behavior. Oftentimes it is edsie
specify individual controllers that obtain local, atomioais
which are pieces of a larger behavior than it is to specify the We make three major assumptions about the type of network
complex, high-level behavior directly. The job of the multithat MV supports.

objective controller is to find a coordinated compositiothese 1) Peers have an infinite buffer for the messages they origi-
individual controllers such that the globally desired bébia(in nate, and only a buffer of constant size for the messages
our case the improvement of the DTN) is obtained. of others.This is the most realistic assumption regarding

Numerous algorithms for multi-objective control have been buffers, as people add sufficient storage for their own
proposed, here we discuss those which are directly related t  needs, but generally limit how much they donate to
our proposed controller. others.

In the subsumption architecture [2] each individual coitdro  2) When peers have an opportunity for transfer, they do
is a finite state machine with inputs and outputs that may be so with a fully reliable, infinite bandwidth link layer.

A. Assumptions

connected to other controllers or real world sensors/éotsia We are trying to isolate and evaluate routing algorithms
These controllers are ordered into a layered hierarchytiMul independent of the limits of the data link layer. Transfer
objective control and coordination is achieved by havirghker opportunities are limited by meeting duration and band-
controllers modify the inputs or inhibit the operation o#vier- width. However, in the experiments reported in Section V.
level controllers. we found that the meeting time of peers is sufficiently
The notion of nullspace from linear algebra [14] has also long to make this a realistic assumption given our buffer
been used to construct multi-objective controllers [3]3][1 size parameters.
[20], [21]. The nullspace of a linear mapping consists of  3) Messages are delivered to stationary destinations located
all vectors z such thatAxz = 0. Here, the nullspace of on a grid. This last assumption is a design choice.
a controller¢ is considered to be the collection of control Our previous work [6] considered only mobile-to-mobile
commands that, when performéd addition to the controller, deliveries. Here, we prefer mobile-to-stationary trarsfe
do not affect the performance ¢f Using the nullspace, multi- here for the following reasons. First, the provision of
objective control is obtained by arranging the controlliete naming and addressing in DTNs is difficult (i.e., DNS
a hierarchy, projecting the behaviors of a lower-level colfer cannot be deployed) and geographic locations are easier
into the nullspace of a higher-level controller. At eachelev to find with GPS. Second, destinations can be assumed to
of the hierarchy the controller optimizes its actions withie be always on. Third, destinations for all messages might
nullspace of higher controllers. Since this optimizatiakets be a public access point leading to the Internet, and those

place in the nullspace of the higher controller, the choite o may be static locations. Finally, a mobile-IP-like solutio
optimal action at a lower level is guaranteed not to affeet th can be employed based on what we propose. A message

optimality of an action chosen earlier by the higher coerol may be delivered to the geographic location a person is
This is in contrast to the subsumption approach, which aekie expected to visit often, and from there, a meeting-only
coordination through turning individual controllers ondaaoff strategy [6] could be used to locate the user.

in a manner specified by the system designer.
Nullspace composition has been applied successfully inBa TheMV Algorithm

variety of tasks [3], [13], including by Sweeney et al. [20], Themv algorithm for routing is operates as follows. When a
who used it to maintain network connectivity for distribdite peerA meets another ped?, they perform a message exchange
agents. In the wo_rk, agents _maintain_line of site (nec_esfmry through a number of steps. First, gives to B a list of the
infrared communication) while pursuing the explorationaof essagest carries as well as their destinations. Each message
unknown environment. is also annotated byt with A’s likelihood of delivery according
to the formula we derive belowd receives the same list from
B and calculates the likelihood of delivering’s messages.

We propose a new protocol for efficient message delivery ih now sorts the unioned lists by the likelihood of delivery,
disruption-tolerant networks. Our protocol, call&tl/, learns removes its own messages, and also deletes all messages that
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B has a higher likelihood of deliveringd then selects the top Unfortunately, Eq. 2 does not scale with the number of hops or

n messages remaining, and requests fiBnall the messages peers in the system. To calculate the probability, the mgeti

that are not already stored. maps of all other peers must be known. Fortunately, we found
This is the same algorithm for exchange that we created farour evaluations thaPf (i) is a close enough approximation

our previous work [6]. What has changed is the method fto P (i) to serve.

determining what messages are most likely to be delivered.

Specifically,MV determines a probability?* (i), that the cur- IV.. AUTONOMOUSAGENTS INDTNs

rent peerk, can successfully deliver a message to a destinationIn this section, we describe how autonomous agents can be

iW'th'r.] " t_ransfers. _Becaqse Itis more efﬁ_meh’tv _ca_Ic_uIates deployed in disruption-tolerant networks to increase oekw
an estimation of delivery likelihood assuming an infinitdfeu

at each peer and limits the number of hops that are require
practice; experimentally, we show that this assumptiowiges
good performance.

erformance. This is accomplished by adapting the agents’
Btion to the demand in the network (Figure 1). We first
show that determining optimal motions for agents is NP-
hard, providing the justification for the approximation aggch
presented here. Then, we define methods to optimize paticul
network metrics. Subsequently, we define a multi-objective
We first deriveP} (i), the probability that passing a messageontroller that coordinates the individual methods.
to some peek will result in the message being delivered with
no more transfers (except the final delivery). In this cake, tA. Complexity of Scheduling Agent Movement
probability the message will be delivered is precisely ther{s
probability of visiting the destination region. We assurhatt
the probability of visiting a region in the future is stropgl
correlated with the peer’s history of visiting a region.
Accordingly, for each peek, we have a vectoP} with one

C. Probability of Delivery

The problem of determining optimal motions for agents
in a DTN can be stated as a reduced form of thal-a-
ride problem[19], which consists of dispatching a vehicle to
service a request for an item to be transfered from one locati
to another. That problem is a generalization of the tragelin

. , Broy
entrydfo(rj each reg|ct>n+tliach engyo_f P(tJh(Z)I IS badsed r?n the salesman problem [5], and is known to be NP-hard. A problem
recorded movement otthe peer during the NAsWNErea \ojated to ours has been shown to be NP hard by Zhao et

round is a fixed length of time (e.g., 1 hour or 1 day, dependi [25]

on the movement speed of a typical pediy(i) = t¥/t, where ) : . : .

t* is the number of rounds pekwisited region celi during the The reduction of some instance of the dial-a-ride problem
v to servicing a DTN is as follows. First, note that the graph

previoust rounds. (This average is likely too simple for man . : ) .
contexts and movement patters; clearly, it could be suibstit ¥epresentlng the physical/geographical environment off&l D

. T ; . is the same as in an instance of the dial-a-ride problem. We
for a more sophisticated statistic, including an exporaigti . ; .y
. . . assume that at each peer in the graph there is a participant
weighted moving average or Markovian process.) . - )
in the network, that each participant is far enough away from
Second, we assume messages can be forwarded to at mast s : . .
. . o any other participant that no point-to-point communicatie
one other peer before being delivered to the destinatioth Bg ~ . - . . .
. . _ possible, and that each participant in the network is static
the current peek and the intermediate pegrhave a copy of . .
. ; . Every request made to the dial-a-ride system for transport
the message and either (or both) can delivery it. . : . .
k- o L from a locationA to a locationB is exactly a message in the
Let Py (i) be the probability of successfully delivering . X
. ; ; ; TN sent from a peer statically located at locatidrio a peer
message to region starting with peerk with the help of at . . ) e
: . LT . statically located at locatiorB. Since all of the participants
most one intermediate peer. This is given by:

in the network are static and incapable of communicating, th

N _ transport of the message framto B must be accomplished by
PF(i)=1-— H(l —m; P (1)), (1) the agent. By optimizing the routing of messages by the agent
j=1 we also obtain an optimal solution to the dial-a-ride prohle

Since the dial-a-ride problem is NP-hard and reducible & th
problem of routing agents to assist DTN routing, the routing
%f agents must be NP-hard as well.

where N is number of peers in the system amg;, represents
the probability of peek and peerj visiting the same region
simultaneously. As with the movement probability, we defin
meeting probability based on meetings during thedasunds:
mjr = t; 1/t Wheret; ; is the number of times peejsand k&
are in the same region. Notey;; = 1. Thus, Eq. 1 represents Our aim in deploying autonomous agents in a DTN is to
the probability that neither pedr nor any other peek visits improve a variety of network performance metrics.

the destination directly. Finally, we assume that messagas , gandwidth: The total number of messages which are

B. Performance Metrics

be forwarded to no more than other peers: currently active in the network.
N « Unique BandwidthThe total number ofiniquemessages
ij(i) =1— H(1 — mjkPﬁ,l(i)) (2) which are currently active in the network (multiple copies

j=1 of a message may exist in the network).



« Message Latencyfhe average amount of time it takes fothe controllers to achieve the mix of network performance
a message to be delivered. desired by the network administrator can be accomplishéd wi
« Peer LatencyThe average time since each peer was lafte use of multi-objective control algorithms [20], [23R1].
visited by an agent. Since our perception of the network is
maintained in a distributed manner, it is important that aff Nullspace Composition
of the participants in the network be visited intermittgntl  |nformally, the nullspace of a particular controllerg; is
Further it insures that no peer starves, unable to se@éfined as the set of actions that can be taken by the agent
messages. without affecting the performance af,. For example, ifn
Each metric provides a specific optimization for the networkotential motions of an agent optimize the metric encoded
The total bandwidth metric measures use of the netwotky controller$; equally well, thesen motions represent the
maximizing it ensures that every possible space availablthg nullspace of¢;. To optimize a second metric represented by
transport of a message is in use. The unique bandwidth metrantroller ¢, which we call thesubordinatecontroller, one
measures the usefulness of the bandwidth usage, maxiniizinghnooses among those choices a motion that performs best
ensures that messages not already in transit are more tikelywith respect to the second metric. We say thatis optimized
be selected. Minimizing the message latency metric pizest in the nullspace ofp,. This permits an implicit ordering of
peers which are sending or receiving messages. Minimizingetrics and corresponding controllers, in which the actédxen
the peer latency metric attempts to prevent starvation efpeby a subordinate controller never affects the performarice o

whether they are sending or receiving messages. superior one. The notion of nullspace together with an ander
provides a principled framework for the composition of the
C. Movement Controllers for Performance Metrics controllers introduced in Section C.

For each metric, we present a method of determining motionMotivated by the application of this framework to DTN,
to optimize this single metric. We refer to the algorithmtthave define the performance of controllers with respect to a
generates the agent’s motion asantroller. The bandwidth threshold. This means, for example, that any motion of antage
controller directs the agent to act so as to maximize barttiwid@chieving a specified minimum bandwidth requirement is said
The latency controller acts to minimize latency, and sohfortto perform equally well with respect to this metric. Such a
The details of the individual controllers are as follows: definition of performance permits nullspaces of sufficienes

Total Bandwidth Controllerér: Traveling to any peerd (O optimize multiple objectives.
will increase the bandwidth of the network by the numbei Controller Ordering
of messages which the agent can obtain from péerThe
peer chosen by this controller is the peer which has the $arge An ordering of controllers captures the relative impor&anc
number of unseen messages, amortized by travel time. of the associated network metrics. The specification of such

Unique Bandwidth Controllersy;: The unique bandwidth an ordering provides the network administrator with a sempl
controller chooses the peer that has the largest numberwsfy of specifying criteria for performance optimizationhel
messages not present anywhere else in the network. ordering we use here is given by:

Delivery Latency Controlleksp: The delivery latency con-
troller chooses the peer whose average delivery time is the
largest. where ¢; «— ¢, indicates thatp; is more important tham,.

Peer Latency Controller¢p: The peer latency con- Using multi-objective controlg; is optimized in the nullspace
troller chooses the locationn; least recently visited of ¢;.
by an agent, unless there exists a set of locationsThe ordering was chosen based on the observation that
such that LastVisitegh,) + TravelTimgn;) is less than the nullspace of equal bandwidths is significantly largemth
> nen(LastVisitedn) + TravelTimén;)). This insures that the nullspace for unique bandwidth, and so forth down the
traveling time to visit the least recently visited locatidnes ordering. This means that the ordering offers more flexibili
not actually cause an increase in the peer latency statistic for controllers with lower priority.

It is important to note that the above ordering is not the only
D. Multi-Objective Control appropriate one, future work may be warranted to explore the

Ideally, each metric could be optimized independently, béffects of different orderings either specified by admnaigirs
in practice the metrics are dependent. In traditional wiredf learned automatically. Likewise, the choice of thredbsah
networks, a balance between various performance metricshg definition of nullspace is up to the end user. A network
achieved through the specification of fixed network pararseté@dministrator can manipulate the performance of their ogtw
by a network administrator. In the case of agent-augment&dsuit its demands.

DTN routing, the network’s performance must instead be-opti _

mized via the use of controllers. To optimize multiple neri 3 Subsumption

(or objectives) simultaneously, several of the contrslletro- The subsumption approach to multi-objective control [2] of
duced in Section C have to be combined. The task of composthg DTN agents differs from the nullspace approach. We still

¢p « ¢p — ¢u — or,



use the four controllers described in Section B, prioritize Buffer=20, Nodes=14, grid=5x5, topo=2000x2000

as described in Section D.2. The difference is in how the 70 * * * * w w w w
controllers dominate one another. Whereas in the nullspace s - ; ; ; ; ; ; ; ; 1
approach subordinate controllers optimized the motionrof a ¢ | i
agent in the nullspace of superior controllers, in the soigsu

tion approach the controller with the highest priority elsively & T »

determines the motion of the agent until its performancesty ¢ > [ B vy
old is achieved. Only when all superior controllers achitnesr % ®E B T Fifo ueuing -~ =~ 1
performance metric, do subordinate controllers get a ghémc < 40 1
optimize their performance. In the subsumption approduvh, t © a5} s ST
output of dominant controllers completedybsumeshe output 20k R )
of the subordinate controllers. us | T

& @ © © @ @ & =
E. Distributed Network State Maintenance %01 o0z 03 04 05 06 07 08 09 1

i i i Messages/second (avg of expntl interarrivals)
The controllers described in Section C use the state of the

network to guide their behavior. In a real network, this glob Fig. 3. Delivery rate versus offered load.
information is unavailable. Each peer in the network hagsgéer Buffer=20, Nodes=14, grid=5x5, topo=2000x2000
information about its own state, but must estimate the netwo 130 v v
overall state. We accomplish this by constructing an approx 120
imate distributed model of the network through an additiona, 110 - MV ——

- | | No Buffer ---x--—
exchange of information during each encounter betweentageng 100 No Bufer - |

The approximate global model of the network maintained bfé 9 Fifo queuing === |
each agent contains all of the information (bandwidth,Heye
etc.) required by the agent’s controllers. Each agent raiist
information about every participant in the network. Thifoin

mation is tagged with the time at which the information was
obtained. When two peers in the network meet, in additiof
to exchanging data traveling on the network, they exchange
information about the state of the network. First they exgjea 0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
the perfect information about their own state. Next, forrgve 01 02 03 04 05 06 07 08 09 1
other peer in the network, they compare the timestamps of the Messages/second (avg of exponential interarrivals)

data they are maintaining. The data from whichever peer has
a more recent time stamp is propagated to the peer with older
information.
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Fig. 4. Latency versus offered load.

V.. EXPERIMENTAL EVALUATION The success of DTN forwarding algorithms is wholly tied to
) - ) ) the movement pattern of peers. Traditionally, researchave
In Figure 1 we classified routing algorithms for DTN accordygeq the random waypoint model in lieu of empirical models.
ing to the degree to which they exploit structure in the motiog ¢y 5 movement model cannot be used for our evaluation

of netwpr.k participants ar_1d according to the degree to whigh pTNs: if peers move randomly, then no peer is any better
the participants adapt their movements to the network démag; gejivering a message than any other. A successful routing

We now present experimental evidence thB! is capable of 5 gqrithm exploits structured, distinguishable moversent
exploiting the structure in the motion of network partiaipa

to improve performance (Section B). Whétv is employed
in conjunction with autonomous agents, further perforngan
improvements can be observed (Section C.2).

We believe movements of humans and vehicles (e.g., buses
gnd planes) are structured. To generate movements vidiich
could exploit, peers move periodically between three geo-
graphic locations. Each peer has a home location and two
remote locations. Peers move among the three points, wéth th
home location being chosen 50% of the time, and the remote

To evaluate the proposed routing algoritMi and the effect points visited 25% each. Peers move at a uniform speed of
of introducing autonomous agents into a DTN, we ran a seri@8m/sec (similar to automobiles) in a world that is 2000m-
of ns2 [16] simulations. We are interested in several mewic by-2000m. Moving peer’s radios reached 250m. As a result,
the algorithm: message delivery rate, latency, and dujica most meetings are sufficiently long in duration to transriiit a
of delivered messages at the destination. These metrics available data (empirically, we found that 95% of meetingsav
measured over the offered load and the number of peerslanger than 10 seconds) and we assumed all were sufficient.
the network. There are also 25 stationasynksin a 5-by-5 grid. The sinks

A. Methodology



Buffer=20, Nodes=14, grid=5x5, topo=2000x2000 Buffer=20, pkts/sec=0.1, grid=5x5, topo=2000x2000
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by the number of messages sent). )
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according to a specified mean, varied in the expenment@. 4t
Buffers at peers are stated in terms of the number of messages
they could store. We used a buffer size of 20 messages, eaEh3 r
peer also had an unlimited buffer for storing messages it w@
sending. Each point on the graph represents 10 simulatighs wm

Fifo queuing & q

10 different random seeds. Error bars show standard demijati $ il I
which is small in all cases. All simulations ran for 1000£ . .
secondsMV is not given time to warm up. g8 o S o o

Peers

B. MV : Exploiting Movement Structure

.. . Fig. 7. Duplicates received at destinations versus nunmieeers (normalized
In this first set of experiments, we evaluate the performang)gthe number of messages sent).

gains introduced through exploitation of structure in treg-p
ticipants’ movement byMV . We compare the performance of
MV against three other algorithms. First buffer where peers the algorithms. ThaMV has higher latency is to be expected
can only deliver messages by visiting the destination tirec since it is delivering messages which other algorithms tfail
This shows a lower bound on the connectivity of the networldeliver. The average distance traveled by a delivered rgedsa
As an upper bound on connectivity, we uselimited buffers lengthened. None of the other algorithms approach thedgten
with flooding; if a route ever exists during the simulationen the shortest possible path which is obtained by the unlaite
the message is delivered. The final comparison is with a firgiuffer flooding algorithm.
in-first-out (fifo) buffer control strategy: peers take poasly In Figure 5, we see the cost of unlimited buffer: duplicate
unseen messages and when necessary push out the olegsies of messages are delivered at the destination. While
messages in their buffer to make space. Previous work [@idoudelivers more duplicates on average than fifo, this is offset
that delivering messages based on peer meeting probabiliig better delivery rate. This indicates that the buffensdadde
alone (not considering peer location) is not significanytér used more efficiently by a more sophisticated versioividf.
than fifo. Therefore, this algorithm is not tested. We evaluate the effect of the number of peers moving in
Figure 3 shows the effect of offered load on packet delivetite system on performance. As we add peers, each peer adds
rates for various algorithmavlV can deliver at 83% of the load by souring more messages, but provides message @arryin
maximum achievable delivery rate; fifo can deliver 69%. As thcapacity. Since this is a peer-to-peer system, it is impottaat
offered load increased from an average of 0.1 messagesfsedbe network improve in performance as peers are added. tin fac
to 0.8 messages/secoriyY maintains a significant advantagewe see in Figure 6 that in terms of delivery rate this is thecas
MV falls to 56% of the achievable delivery rate, while fifo fallfor MV, but not fifo. More extensive simulations are needed
farther to 40%. before we can say conclusively tHdV is stable, but the results
Figure 4 compares the latency of delivered messages amoragst encouraging. Figure 7 shows tih¥ does not scale well



allocation more important) the nullspace approach bamttoe
needs of the network while providing improvements in the tmos
important metric, the percentage of messages delivered.

For all subsequent experiments we choose nullspace-based
multi-objective control for the autonomous agents. We dbesc
1 how the introduction of agents affects networks perforneanc

% messages delivered

1 2 DTN Performance with Agents

We first explore the performance of agent-based DTN routing
under increasing bandwidth loads. For this experimentofall
the traffic in the DTN is carried by the agents in the network.
The number of agents and the level of traffic is varied. From
Fig. 8. Delivery as a function of number of agents, 0.1msg/se these experiments we validate the agents ability to deliver
network connectivity that could not otherwise exist. A drap
of the delivery rate resulting from these variations is show
: Figure 10. The response to increased traffic seems to match
that of earlier experiments (Section B). In these experisien
the agents has buffers of size 20, just like nodes.

(o] 2 4 6 8
Number of Agents

Nullspace m— Subsumption

% messages delivered

(o] 2 4 6 8

Number of Agents E’\i
Nullspace m— Subsumption %
o
Fig. 9. Delivery as a function of number of agents, 0.2msg/se g 40
= r T
©
o} 1agent ——
in terms of the number of duplicates delivered as the number 20 %gggmg .
of peers in the system increases. This tradeoff appearsiwort 4 agents =
the higher delivery rate. We can see from the figure st 1 1 1 1 10 agents ---=-—
is using its buffer more efficiently than the flooding strateg 01 015 0.2 025 0.3 035 04 045 05

. Messages per second
C. Adapting the Movement of Agents to Network Demand
In this section, we provide experimental evidence that the _ _ _
. . . Fig. 10. Percent of messages delivered for different sgndites and number
introduction of autonomous agents improves network perfqy agents.
mance in DTNSs.

To demonstrate that the nullspace multi-objective comro}
vides improvement over less informed behavior, we perfarme

To determine the appropriate multi-objective controlieuse an experiment in which two of the fourteen participants sent
for autonomous agents in a DTN, we compared the performamaessages but neither moved nor passed messages. In addition
of the two algorithms proposed in Section D by simulatiorwe added two controlled agents, which sent no messages but
For each controller ten experiments were run with a moderat®ved in service of the network and passed messages. In this
amount of random network traffic. The averaged results anay, both traffic and capacity of the network remained cortsta
shown in Figure 8. only the movement of the peers changed. Figure 11 shows

The nullspace approach outperforms subsumption when tiee resulting improvements in performance. We performed
sources (the number of agents) are limited. As the numleperiments with all peers running MV routing and with all
of agents increases, resources for delivering messagesneecpeers running the fifo-queue algorithm. The results of the
abundant, and both control algorithms converge on the samgeriment shown in Figures 11-13 indicate that the aduitio
upper limit on accuracy. This indicates that the nullspageers whose actions are controlled to enhance the perfeanan
approach is using limited resources more effectively. Wheari the network increases the delivery rate of the network
there are more than enough resources to provide effectsignificantly. Additionally, the choice of routing algdrin only
message transport, the choice of control algorithm does ricomes significant to the delivery rate at high loads. Hewev
matter. However, when resources are limited (and thus th&il routing with agents has lower message latency compared

1 Comparing Subsumption and Nullspace
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initially quite high due to pessimistic assumptions when no
o other information is available. The effect of this pesstmis
100 & 7 T 1 assumption is also seen in the surge in error in last visited a
- curacy. The agent location error is relatively stable,altih the
difficulty in predicting agent location means that the réagl
error is generally greater.
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””” VI.. CONCLUSIONS

Latency of delvered messages

o ok

Disruption-tolerant networks require routing algoriththat
20 : : are different from those designed for ad hoc networks. The
01 02 03 04 05 06 07 08 09  capacity of a DTN is provided solely by the motion of its par-
Messages/second (avg of expntl interarrivals) ticipants. For a routing algorithm to ensure performanceenn
such conditions, it has to explicitly account for this maotim
its strategy of forwarding messages. In this paper, we dhice
a classification of routing algorithms for DTNs based on this
to fifo-queue. Thus, MV routing is still the better choicegav observation. _We d|fferent|§1te routmg_protocols based loe t
.degree to which they exploit structure in the movement padte

with agents carrying a fraction of the network’s load. As is

to be expected, the addition of agents significantly incafsasof network participants to improve performance metricomy

the number of duplicate deliveries (especially at low pack?diﬁgrentdimgnsion,We differe.ntiate.them based on thyeeie
rates) but the duplicate percentage decreases rapidiy dsat 0 which participants adapt their motions to network demand

increases, approaching similar levels as unassisted rietwo The exploitation _Of structure in the net_work part|C|pa_\nts
movement patters improves performance in DTNs. We intro-

duce the routing protocdllV, which maintains a movement
model of the network participants and uses this informatoon
The control strategies are dependent upon a high qualitgrform routing of messages on the network. It estimates the
estimate of the state of the network. In a DTN the qualityrobability of a particular message being delivered by &igiv
of the estimate is affected greatly by the disruptive natire peer, and thus is capable of making informed routing demssio
the network since peers find it hard to exchange informatione present experimental evidence that lrouting messages in
To better understand this, we monitor the percentage erffNs usingMV results in large performance improvements
of each of the network statistics over time. Additionally wever other techniques in achieving delivery rates signifiga
measure the accuracy of the estimate of where each agentliser to the true optimal rate. These improvements coatinu
going. The graphs of these results are shown in Figure 14. Tdeen as traffic on the network increases by an order of magni-
results shown are the average error over time during a rum witide.
moderate traffic (0.3 messages per second). The adaptation of network participants’ motion to net-
It can be seen that both bandwidth and latency error stabilwork demand permits additional performance improvements
with low error as the experiment proceeds. Latency error figr DTNs. For this purpose, we propose the introduction of

Fig. 12. Latency versus offered load with agent assistance.

D. Evaluation of Distributed Network Statistics
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Fig. 14. Accuracy of the distributed status information rotime.

autonomous agents into the DTN. By adapting their motiongtwork participants to route messages as well as to chaege t
these agents are able to compensate for a mismatch betwaewement patterns of participants in accordance with netwo
available capacity and demand. We propose multi-objectidemands.

control algorithms from robotics to control the motion of

autonomous agents in order to optimize network performance ACKNOWLEDGMENTS

metrics. These algorithms permit for a simple prioritieati
among network metrics by network administrators. Expenime
tal results demonstrate that multi-objective control méthare
successful at improving network performance by adaptirg th
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