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Abstract—In this work we study WLAN traces from five encounter histories are used to discover routes in ad hoc
different sources and focus on investigation of encounter patterns network routing protocols (e.g. MAID[15], EASE[14]), and
between users. We find that typical wireless LAN users encounter oncoynters are used directly in delay tolerant networks (DTNSs)
with a small portion of the whole population (no more than . 4
60% in all traces, and on average betweenl.88% to 6.70%). to propagate packets. We first .deflne e{mpuntefbetween
Total encounters of MNs follow BiPareto distribution. These WO users as the event of their association with the same
few encounters are sufficient to build a connected relationship AP for overlapping time intervals. From all the WLAN-
network, which is a Small World graph. We further investigate  pased traces we studied, we find that the distribution of
the potentlal of node-to-node mformatlpn d|ﬁu3|9n, and find that encounters is highly asymmetric, indicating a heterogeneous
the richness of encounter pattern provides a reliable platform on . - .
which information diffusion without infrastructure is feasible and ~ US€' population. Surprisingly, we find that a user, on average,
robust. only encounters between8% and6.7% of the network user

population within a month. We also establish that total number
. INTRODUCTION of encounters for each MN follows BiPareto distribution, the

Most of recent research work on analyzing wireless LAlNarameters of which are environment specific. We further
(WLAN) traces focused on individual user behavior [1], [2]utilize the Small World model [5] to understand the char-
[3]. Such previous work provides good understanding eicteristics of theencounter-relationship graphformed by
WLAN users, and have made useful WLAN traces availabi&/LAN users, in which two nodes are connected by a link if
to the research community (e.g. from [1], [2], [3], [13]). Thushey ever encounter. We find that although direct encounters
far, most research works utilizing these traces focused ofiindividual nodes just cover small portions of the whole
individual behavior of mobile nodes (MK Understanding population, WLAN users form connected Small World graphs
of individual behavior is important in itself, but it does nowia encounters, and the metrics of the formed Small Worlds
reveal how MNs interact with one another in the real traceg.e. disconnected ratio, clustering coefficient, and path length)
In this paper we go beyond the level of individual users, anghnverge quickly to its long-term values in most cases. Finally,
start to look into a simple yet important interaction evente propose information diffusion experiments to understand
among MNs:Encounters Encounters are important events ithow information could be spread among usernishout the
wireless networks as they provide chances for MNs to directelp of an infrastructure. We show that even with a relatively
communicate, even without an infrastructure. By studyingigh percentage of users being selfish (i.e., not participating
the encounters of MNs in realistic settings, we develop am information propagation), the information still spreads and
understanding of the properties of potential infrastructurgeaches most of the population, indicating the richness of
less networks in such environments. We seek to understasittounter pattern in current WLAN users. Also, if encounters
encounter patterns of MNs by applying WLAN traces fronyith short time duration are not exploited, the performances
university and corporation campuses in this paper, in additiof information diffusion also do not degrade significantly.
to real encounter traces collected at a recent INFOCOMThe contribution of this work is two-folds: First, by inves-
conference [11]. We compare and contrast our observatiaiifating the inter-node encounters and utilizing the concept of
for the various traces to distill and explain the commonalitieSmall World, we provide new methodologies to understand
and differences observed. underlying user behaviors in wireless networks. The under-

Specifically, we try to quantify the distribution of encountestanding gained by studying distributions of encounter events
events a MN has, and look into the encounter patterns of alid theencounter-relationship graph®veals how a network
MNs to understand the relationship between MNs formed lgan be formed between MNs given the usage pattern in the
encounters. This is a research topic that received less attentiaiied environments. It could be utilized to design better pro-
in the past, but can be useful and sometimes essential fe¢ols or applications in the future. Second, by experimenting
classes of future mobile networking protocols. For exampl@formation diffusion with current WLAN traces, we display

P _ the potential for the success of information diffusion by the

In this paper we use the termsser node and mobile node (MN)

interchangeably. We assume that one MAC address in the trace correspd?ﬂgtlolpat!on of only W're|?55 users (|_'e' W'thOUt infrastructure).
to a unique device (MN), and a MN is always tied to the same user. We consider these as important findings and they warrant



further study. applying simple forwarding strategy on the derived encounters.
In section Il we discuss the related works. We brieflpur findings, as we show in section VI, are encouraging. In
introduce the traces used in the work and related issues[20], the authors also use WLAN traces and develop a routing
section Ill. We study the encounters between MNs in sectistrategy based on the frequent association pattern of MNs.
IV and introduce the Small World approach to explain th&hey make similar assumption about encounters as we do in
encounter-relationship graph in section V. The informatioteriving communication opportunities between MNs from the
diffusion experiment is explained in section VI. We provid&®/LAN traces, but the work in [20] is more focused on a
some discussions and conclude the paper in section VII. routing scheme utilizing estimation of MN pairs with higher
encounter probability by comparing involved MN’s individual
association histories. We, on the contrary, focus more on
In this paper we utilize the WLAN traces available tainderstanding of encounter pattern itself.
the research community (e.g. [1], [2], [3]) and look into the There are also research works explicitly focused on col-
encounter patterns of the users in those traces. These tragesng encounter traces using small mobile devices[11], [19]
were collected from university campuses and corporations wifith similar motivation as ours. Utilizing always-on, easy-
different characteristics. Former studies on the traces focusectarry devices such as IMOTES or PDAs, in those works
mostly on either averaged individual user behavior or globsdsearchers are able to capture human encounters with high
statistics about the network usage. In this work we take oaecuracy. However, encounters in human mobility do not
step further to study theelationshipsbetween users in the always translate into encounters in computing devices and
traces. We bring up new perspectives to study the WLAKence communication opportunities, as the usage patterns
traces by looking into encounter distributions and utilizingsuch as devices turning on/off, preferred locations to operate
Small World theory to describe the encounter relationshipe devices, etc.) are not captured. The WLAN traces, on the
graph. Small World graph model is proposed in [5] and widelyther hand, capture the usage pattern (i.e. Time and locations
utilized to describe various networks in many areas, suge devices are used) truthfully, but may miss encounters out of
as social networks, Internet topology, and electrical powgtie coverage region of access points. The two approaches have
networks [6]. In [7] the author applied the concept of Smaditrengths in different aspects and can be complementary. In
World to devise a contact-based resource discovery scheagglition, deriving encounter information from WLAN traces
in wireless networks. At the same time, we also perform ths the advantage of obtaining a much larger data size (e.qg.
same tasks on the encounter traces collected at a confereho@isands of nodes) as compared to the experiment approach
[11], and compare the findings. (e.g. tens of nodes) taken in [11], [19]. Further more, the
In [15] the authors found that, under mobility models wittWILAN traces have been collected for years in university
homogeneous behaviors (i.e. Each node follows exactly tb@mpuses or corporations (in which encounter patterns may be
same model with some randomness), eventually each nafiferent from a conference setting studied in [11]) and they
encounters with all other nodes in the network (i.e. achievingovide opportunities to understand encounter patterns across
100% encounter ratio). However, the empirical observatiofisnger time period. We also hope that, by deriving encounter
from large WLAN traces show very different behaviors, witipatterns using WLAN traces, we would be able to find
most nodes encountering only a very small portion of thtae most important, longer duration encounter events, which
whole population, during a time frame as long as a monthre more useful for information exchange. In that respect
This observation indicates that the user populations in largke derived encounter traces are suitable for investigation of
environments, such as university campuses, are actoally information diffusion performances.
homogeneous. In addition to taking the available traces from the com-
In recent years, packet forwarding in sparse, frequenfjyunity, we also make our own WLAN traces collected at
disconnected ad hoc networks received increasing attentig8C campus available at [21], together with many pointers
from the research community. In such network scenarios,t@existing WLAN trace archives.
complete end-to-end path from source node to destination node
is usually unavailable. Therefore, mobile nodes have to store||| TARGET ENVIRONMENT AND TRACE COLLECTION
packets and forward copies of the packet to others during
encounters, and the packet propagates in the network through
nodal mobility and encounter. Most of the previous work In this study we mainly focus on wireless traces collected
in this area focus on designing packet forwarding heuristié@@m university campuses and corporations. We obtain wireless
[8] , [9], [10]. In general, different degrees of knowledge oEAN traces from four different sources, including totally
mobility pattern is assumed [8], or a homogeneous mobilitver 12,000 distinct users and over 1,300 APs. To our best
model is used [10]. In this work, we complement the abouaowledge this is the most extensive data set analyzed so far.
studies from an empirical point of view, and investigate th&among the traces, the USC trace is collected specifically for
issue of whether the store-and-forward model is potentiallije purpose of our studies, while Dartmouth [3], UCSD [2],
feasible under current usage pattern of wireless devices by dad MIT [1] traces were collected by other research groups.
riving encounter patterns of nodes from the WLAN traces anlfe also analyze the encounter trace collected at INFOCOM

Il. RELATED WORK

METHODS



TABLE |
STATISTICS OF STUDIED TRACES

Trace Unique Unique Unique Trace . Analyzed part Users in Labels used
P~ : User type | Environment | °. "~ :
source users APs buildings duration in this paper | analyzed part| in graphs
Jul. 20 '02 to . 3 Engineer
MIT[1] 1,366 173 3 Aug. 17 '02 Generic buildings Whole trace 1,366 MIT
Apr. '01 to : Whole Jul. 2003 2,518 Dart-03
Dartmouth[3] || 10,296 623 188 Jun. ‘04 Generic campus Apr. 2004 5587 Dart-04
Sep. 22 02 to Whole Sep. 22 '02 to
UCSDI[2] 275 518 N/A Dec. 8 '02 PDA only campus Oct. 21 '02 275 UCSD
79 Dec 03-Now (trap) . Whole Apr. 20, '05 to
usc 4,548 ports & Apr 20 05-Now (detail) Generic campus May. 19 '05 4,528 usc
Cambridge 41 internal N/A N/A Mar. 7 0,5 to iIMOTE conference Whole trace 41 Cambridge
nodes Mar. 10 '05

by Cambridge group [11]. For the Cambridge trace, we focesmcounter information is directly collected, not derived, for the

on the internal nodésonly. Cambridge trace. We summarize the important characteristics
These five traces are chosen to represent different emvi-these traces, including the time periods we analyze in the

ronments, user populations, location granularity, and trageaper, in Table I.

collection methods. The traces were collected with different

methodologies, but we can derive the association history in-

formation for each user from all four WLAN-based traces. B{ - ., . )
association history, we mean the timestamps of events relat&f Provide opportunities for involved nodes to build up some

to changes of user association, including a user starts/ef@@tionship or to communicate directly. Here, for WLAN

association with an AP, or re-associates to another differdfRCeS: We define aancounter evenas the duration of two

AP. We could further derive the time duration a user associatdNS @ssociate with the same AP during overlapping time

with each AP from its association history. Time granularit te_rvals. The wireless LAN traces_pr_ovide_ sequences of _AP
of events is one second for Dartmouth traces as they apWitch port for USC trace) association history for MNs in

collected using syslog server. For USC trace we collect ud8f nétwork. We can derive when MNs encounter with each

online/offline event at the switch ports, which also gives tim@ner by replaying the traces and finding MNs associated with

granularity of one second. For UCSD and MIT, polling metht_he same AP simultaneously. The approximation may be not

ods were used to collect the traces, hence the time granuIaFi't'ﬁynpleteIy accurate, as there can be_ nodes coverec_i by the
is limited by the polling intervals, which are 20 seconds argfMe AP butunable to communicate directly, nodes being able
5 minutes, respectively. Encounter trace can be derived fréfhcOmmunicate while associated with different APs, or nodes
the association history as detailed in the next section. For ffacountering outside the coverage of any AP. However, we

Cambridge trace, each node explicitly collects its encountet€/i€ve that the encounter events derived from WLAN traces
by sending neighbor inquiries everg0 seconds. We use theCapture the major portion of MNs within direct communication

encounter information directly. range under current usage pattern. , ,
In order to make the results we get below comparabIeThe distribution of these encounter events is the first step to

between traces, we only analyze selected one-month chull derstand the structure of inter-MN relationship in the traces.
from the longer Dartmouth and UCSD traces. All these trace e direct qrhestl&r’lls tdo ask about the tsrlljcountgr eventts a.:ﬁ:
except UCSD trace, collect association events of gene oW many other S dOEs a user meets Lo nodes meet wi

: ; ; ; h other repeatedly or not?
wireless network users with various WLAN capable device§ac . .
UCSD trace is from a specific study about PDA users. All Fig. 1 shows the CCDF of fraction of MNs a given MN has

gcountered through the whole trace period. From the figure

the traces, except MIT trace, are collected from the entift b that all th des in WLAN t i |
campus wireless network. MIT trace is collected from thred® Observe that all thé nodes In races encounter only

engineering buildings, hence its user population is not @&rgtgsttabouﬂo% Ofﬂt]he uTer poputlgtlonTvr;/}thmant;lonth,t\l/wtg
diverse as the other traces, and the geographic scope of tr gttah fra(t:eth et":ﬁ 9272 (I)DnDiexcep I(')n.U chm?y € partly ”ue
collection is smaller. USC trace is the only one that hollg € fact tha USers in race were a

coarser, per switch port location granularity. Each switch po§?lected from freshman class, and they tend to stay in several

aggrgates the traffic from multiple APs, with the coverag%Ommon dorms as stated in [2]. In all the other tragms,

approximately corresponds to a building on campus. Av7e0r;geDa :\AON4 enfc?#nters ;N'th onIy1.88|%t_ (Dar_tt-r:)_B)t;t]o
the others WLAN traces have per AP location granularity; do (t art-04) Qd _T_hw oe lLljser popualonW|t n t'e .
Cambridge trace is the only short trace in our analysis. It is Q ay trace period. The small average encounter ralio 1s a

four-day trace at a conference setting (INFOCOM 2005). TH% mbined result of several reasons: (1). MOSt MNs are not
y 9 ) always on, and (2) Most MNs do not visit many APs[16],

2Internal nodes refer to the iIMOTES distributed by the researchers in thgﬁnce they can only meet with those who also visit this small
experiments [11] set of APs.

IV. ENCOUNTERS BETWEENNODES
Nodal encounters in mobile network are important events as
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On the other hand, from the Cambridge trace, most of  gsswo

the 41 users meet with majority of others during the short 3
trace duration (4 days). Specifically, there a2 MNs who

meet with all other40 MNs, and 39 out of 41 MNs meet

at least38 other nodes. The curve in Fig. 1 is mostly a
horizontal line at high probability until unique encounter
fraction reache8.95. This high unique encounter fraction may

be due to the environment setting (a conference, at Whlf:h Fig. 3. Unique encounter count versus total encounter count, USC.
people are supposed to meet) or the fact that the selection

of participants are related (i.e. People who are interested in

study of mobility patter.ns and wireless networks in genera&)unt for various traces are fropi732 to 0.195. Except for the
rather than randomly picked from the conference attendeesycgp trace, all other traces have correlation coefficient below
We also show the CCDF of the total encounter events a MNs - as an illustration, we show the scatter plot of unique
has throughout the trace period in Fig. 2. We observédt®  oncounter count versus total encounter count for USC trace in
encounter counts for MNs in each trace span across severalgig 3 e observe that some nodes have not many unique en-
orders. There are both MNs with extremely few or many.,nter counts, but high total encounter counts. This indicates
encounters. This is an evidence léterogeneous behavior ihat some node pairs may have a lot of repetitive encounters,

among MNs. The actual number of total encounters depends,qesting some node pairs have closer relationship than other
on the size of population in the traces. Large traces (i.e., U%girs. This point warrants further study.

and Dartmouth traces) tend to have more encounters than small
traces (i.e., UCSD, Cambridge traces). However, regardless
of the size of populationthe curves for total encounter
count derived from WLAN traces seem to follow BiPareto In section IV, we see thaINs have low percentage of
distribution . We try to fit BiPareto distribution curves to theunique encounters among the whole population Given
empirical distribution curves, and use Kolmogorov-Smirnothis fact, We raise a question regarding the possibility of
test [12] to examine the quality of fit. The resulting D-statisticgstablishing campus-wide relationships among majority of
for all traces are betwedn068 and0.025, which indicate we MNs via encounters alone. That is, do encounters link MNs
have a reasonably good fit between the BiPareto distribution campus into one single community, or just many small
curves and the empirical distribution curves. The details abatltques?
Kolmogorov-Smirnov test and the parameters of the fitted To investigate this question, we definestatic encounter-
BiPareto distribution curves are listed in Appendix A. Forelationship graph(ER graph) as follows: Each MN is rep-
the Cambridge trace, the total encounter counts for MNs aesented by a node in tHeR graph and an edge is added
not as diverse as those in WLAN traces. This may be dbetween two nodes if the two corresponding MNs have en-
to the fact that most nodes participate the conference activetyuntered at least once during the studied trace period. By
throughout the whole trace period (4 days), but this is unlikebonstruction of thé&&R graph we collect all encounters of MNs
for the longer, one-month WLAN traces. BiPareto distributiowithin a time period and collapse them on a static graph. The
does not show a good fit for the Cambridge trace, as its to&dact timing of encounters are ignored, but we focus on the
encounter distribution drops sharply at a "knee” aro@h@.  structure of interconnections built between nodes by available
A closer investigation of the relationship between uniquencounter events during that period of time. In other words,
encounter count and total encounter count of the same Mihe concept oER graphis introduced to capture the potential
reveals thahigh unique encounter count does not always of establishing a connected network among MNs based on
imply high total encounter count. The correlation coeffi- direct encounters alone, and understand the structure of such
cients between unique encounter count and total encourntetwork.

_ 1 1 1 1 1
0 200 400 600 800 1000 1200 1400 1600 1800

Unique encounter count

V. ENCOUNTER-RELATIONSHIP GRAPH
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We use three important metrics to describe the characteris-

tics of encounter-relationship graphs, defined as follows:
o Clustering coefficient (CC) is used to describe the
tendency of nodes to from cliques in the graph. It is
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DR(%)

formally defined as: 1
M
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n, A, B are nodesN (n) is the set of neighbors of node

n and|N(n)| is its size.I(-) is the indicator functionM

is the total number of nodes in the graph.

Intuitively, clustering coefficient is the average ratio of

neighbors of a node that are also neighbors of one an-  °

other. HigheiCCindicates higher tendency that neighbors Trace period (a9

of a given node are also neighbors to each other. (b)Normalized clustering coefficient an_g/ average path length. The figure is
« Disconnected ratio(DR) is used to describe the connec- cut from above to show the details between 0 and 1 on Y-axis.

tivity of ER graph. It is defined as: Fig. 4. Change in th&€R graphmetrics with respect to trace period

taa,

0.6 q
0.4 4

0.2 q

1 10 100

D= Zazi(M—[C(A)) | | N
- M(M —1) From Fig. 4 (a) we note that given sufficient long trace

i i durations, theER graphshave low DR (not larger than
where C(A) is the set of nodes that are in the sameyo o traces longer than one day in most cases), which
connected sub-graph with nodé. DR indicates that, johlies that nodal encounters are sufficient to provide
on average, what is the percentage of unreachable nQg, v nities to connect almost all nodes in a single
starting from a given node in the graph. community, even though each node encounters with only a

- Average pgth Iength(PL.) is used to desgnbe t.he degre%mall subset of MNs directly. This is an encouraging result
of separation of nodes in tHeR graph It is defined as: 5y noints out the feasibility of building a large, wide-reach
network relying only on direct encounters. We further point
PL=(1—DR)-PLeopn + DR PLy;s. out that althoughDR starts out very high with very short
] trace period (i.e. trace duration under one day), since MNs
Where PLc., is the average path length among th@ayve not moved around to create encounters yet, it decreases

connected part of theR graph defined as: rather quickly as trace period increases. Within one B#/s
reduces to aroundi0%. Although the numbers of MNs in the
Zi‘le Bec(4) PL(A, B) ER graphkeep increasing as we look at longer trace periods,
PLeon = in most case®R does not change significantly after one day.

M
2a= |C(A)] Another interesting finding is revealed by taking a further
PL(A, B) is the hop count of the shortest path betweelgok at the other two metrics, clustering coefficie®Q) and
node pair(A, B) in theER graph Note this path is not the average path lengttP(). To highlight a unique property of
same as shortest spatial path between node(pgif3), theseER graphs we also calculateCC and PL for regular
which may never existP Lq;s. is the penalty on averagegraphs and random graphs with the same corresponding total
path length fordisconnectediode pairs inER graph In - node numbef/ and average node degréeln regular graphs,
the following we use the average path length of regulaides are first arranged on a circle and each node is connected
graphs (defined later) with the same node number ag§l J closest neighbors on the circle. In random graphs,
average node degree fétLis.. randomly chosen nodes are assigned as neighbors for each
We study how the above metrics evolve for #BR graphs node. Typically, regular graphs have higiC and PL while
derived from various studied period of WLAN traces. Takingandom graphs have lov€C and PL. They are the two
USC trace, Dartmouth trace (Dart-04), and UCSD trace astreme cases on the spectrum. In Fig. 4 (b), we show the
examples, we show the evolution of the three metrics witiormalizedCC's andPL'’s of the ER graphsfor various trace
respect to various studied trace periods in Fig. 4 (a)-(b). Tperiods. These normalized metrics represent, on the scale from
graphs for other traces show very similar trends, and we leawvgcorresponding to random graph) fo (corresponding to
them in Appendix B to maintain conciseness here. regular graph), where do the metrics obtained from Hie



grapts fall. They are defined as: in different settings.

VI. I NFORMATION DIFFUSION USING ENCOUNTERS

cC - CCrand
CCrorm = CChros — CCrana In addition to establishing relationship between nodes, en-
PL_ PL m; counters can also be utilized to diffuse information throughout
PLporm = = the network. In this model, information is spread with nodal

PLreg = PLrand mobility and encounters, where nodes exchange information
where CCorm and PLyo-m represent normalized’C and when they encounter each other directly. The speed and
PL, respectively. The subscriptgg andrand imply that the reachability of information diffusion among the nodes are
corresponding metric is obtained from the regular graph addtermined by the actual pattern and sequences of encounters.
random graph, respectively, with the same total node numbarthis section we seek to answer the question of whether the
and average node degree. current encounter pattern between MNSs in wireless networks

We observe thaER graphsdisplayhigh normalized CC’s are rich enough to be utilized for information diffusion. If the
which are close to those of corresponding regular graphs (i@aswer is yes, what is the delay incurred in such information
Normalized CCs being close to 1, and in some cases evatiffusion scheme, and how robust is it?
higher than 1), andow normalized PL's which are close to  In this section, we first understand the optimistic expectation
those of corresponding random graphs. This highlights thab&the potential performance of information diffusion under
special pattern of encounters exists in all WLAN traces: Nodé&teal assumptions in subsection VI-A. We remove some of
visiting similar set of APs are highly likely to encounter withthe assumptions and evaluate the performance in more realistic
all others and introduce highly connected clusters among thesgtings in subsequent subsections.
nodes, leading to higiCC. This phenomenon is especially ) ) o
obvious for very short traces, since most the MNs do nét 'deal performance of information diffusion
change its association to create many encounters,EfRe  As a first step to understand the potential of information dif-
graphsfor short trace periods feature many small disconnectéasion under realistic encounter pattern, we make the following
cliques, each of them being a full-mesh formed by MNmleal assumptions: (1) There are sufficient bandwidth and
associate with the same AP for that trace period. As we loo&liable communication between MNs, and sufficient storage
at longer traces, some of the nodes in one cluster also hapace on all MNs. (2) MNs discover the communication
random encounters with nodes in other clusters, and thaggportunities immediately when they encounter other MNSs,
links serve as "shortcuts” in thER graphsthat reducePL. and (3) every MN in the network is willing to participate
In previous literature, graphs with higBC close to regular in forwarding information for others. In this study, we focus
graphs and lowPL close to random graphs are referred amore on analyzing how the encounter pattern itself influences
Small World graphs [5], [6]. By looking at various traces, weéhe performance of information diffusion. The experiments
indicate that theER graphsformed by encounters among in subsection VI-B and VI-C deal with changing encounter
nodes using wireless network appear to be Small World patterns when some of the above assumptions are removed.
graphs. We also observe thditoth PL and CC converges to However, we do not address the technology limitations on the
its final values rather quickly in about one day for most devices itself (i.e., storage capacity, power constraint, etc.).
traces although the size dER graph%keep increasing as more The diffusion mechanism we use is the following: When
nodes appear in longer traces. a source node has information to send, it simply transmits

For the Cambridge trace, we look into similar metrics. Wit to all nodes it encounters if they have not received the
find that for even a small period of time (e.g., 1 day) thanformation yet. All intermediate nodes cooperate in infor-
41 MNs encounter most of other nodes. Hence, @@ is mation diffusion, keeping a copy of received information and
very high (above).91 even if we take only the first day into forwarding it the same way as the source node does. This
consideration), and theL is low (less than.1). Actually, the simple approach is known as epidemic routing in the literature
41 MNs presented in the trace almost form a fully-connecté®]. Under perfect environment with sufficient resources, it
mesh, and théDR is 0. This may be partly due the natureachieves lowest delay and highest delivery rate.
of the conference setting from which the trace was collected.In all the simulations, we use a traffic pattern in which the
People move around to meet more often than in their reguksurce node has some information it wishes to send to all other
daily life at universities or corporations, hence the encounteodes. The source starts to "diffuse” the information when it is
pattern at a conference seems to be richer than in reguiest online. As time evolves, nodes encounter with each other
environments. The well-connect&tR graphmay also come and increasing portion of the whole population receive the
from the fact that conference is held in a place much smalleformation. We study the percentage of nodes that received
than a university campus or a corporate building. The singlee information with various trace periods (i.e., the MNs that
cligue in the Cambridge trace may in fact correspond to omeceived the message over total MNs that appeared during the
of the cliques observed in the WLAN traces (i.e., The MNBace period under discussion) and show the results in Fig. 5,
visiting similar sets of APs). However, the above argumentsing USC, Dart-04, Dart-03, and MIT traces as examples.
need further validation, by more thorough study of encounteEsch point in the figures of this section is an average value of
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& 6 ays The relationship between percentage of selfish node and the
7 E unreachable ratio for USC trace is shown in Fig. 6. For the
E sake of conciseness, we only show figures for USC trace here.
— 21w The figures for other traces display similar trends and they are
e shown in Appendix C. The result is very surprising: For all
—Sodaye trace period tested, the unreachable ratio does not increase

significantly before at leas20% of nodes are selfish. The
Fig. 6. Unreachable ratio with various selfish node percentage and trg(:f%rformance, IS, even more robust If, W_e, take 'Onger pe“Od
period of trace. This implies thaeven a significant portion of

users are not willing to propagate information for others,

the underlying nodal encounter pattern is rich enough
multiple experiments. In each experiment we start informatidar the information to find an alternative way through.
diffusion from a different source node. We choose to 3% Hence delivery rate is quite robust for up to an intermediate
of the nodes that appear earliest in the corresponding tras¥centage of selfish nodes. Note that we make the MNs with
period as sources. most unique encounters selfish first, hence the performance

From Fig. 5 we observe that even within a short trace peri@fl information diffusion is robust even if the nodes with

(e.g., two days) the information can reach moderate portigostchances to propagate the information are not cooperative.
of the population as the unreachable ratio is less tgh in ~ We further show how average delay of information diffusion
all traces. As the trace period increases, reachability also ifftanges with increasing selfish node percentage in Fig. 7 for
proves. In all except the Dart-03 trat¢ke unreachable ratios USC trace. In the figure, average delay increases for longer
are less than2% if we allow one month for the information trace duration because information that is not deliverable in
diffusion. Given that most nodes encounter a small portion §horter trace periods becomes deliverable. More interestingly,
the whole population (Fig. 1), this result is perhaps beyond of@ all tested trace durations, average delay does not increase
original expectationlt gives a positive confirmation that it ~ Significantly before more tha#0% of nodes are selfish. This
is potentially possible to deliver information relying only implies average delay is also robust against selfish user
on encounters in a campus environment with high succesgehavior up to an intermediate percentage
rate, undercurrent user behavioral pattern.

percentage of selfish node

C. Performance of information diffusion with long encounters
B. Performance of information diffusion with selfish users only

After studying the ideal case, we consider more realistic Another ideal assumption we made is that MNs can commu-
setup. We first relax the ideal assumption (3) above. In somieate with each other successfully regardless of the duration
cases, a portion of nodes may not be cooperative to propd-encounters. This may not be true in realistic scenario
gate the information. To understand how uncooperative useliee to the following reasons: First, short encounters that
potentially influence the feasibility of information diffusion,last only for seconds may not be sufficient to complete full
we carry out the following experiment: We make a portiomessage exchange due to bandwidth limitation and protocol
of usersselfishsuch that they never forward information foroverheads. To address this issue, one can simply remove
other sources, and we study the performance degradation urtier encounters for which the time-bandwidth product is too
this setup. For each of the trace periods used, we increasingfgall to permit useful information exchange. Second, MNs
make a certain percentage of nodes selfish, starting fralm not discover encounter events instantly. Periodic beacon
those withhighest unique encounter counBy making nodes signals are typically used to discover neighbors, and the
with high unique encounter counts selfish first, we eliminateoadcast period cannot be set too short in order to save
more transmission opportunities than if we pick selfish nodeswer. Hence, short encounters may not even be noticed by the
randomly, hence we expect to observe greater impact participating parties. In the following experiment, we address
performance. these limitations by removing encounters with short durations
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such encounter-relationship graphs display Small World graph
characteristics, and its metrics converge to its long-term value
within only short time periods. Using simulation study with
a simple protocol, we also display the potential for informa-
tion diffusion without relying on the infrastructure, utilizing
encounters and mobility of MNs alone.
ig:f_os Low encounter percentage as shown in the traces is not
-5 Dart-04 observed in any of the simulation scenarios used for per-
‘ ‘ ‘ ‘ ‘ formance evaluation in the literature. In typical synthetic
O coune dwaton ower it (minutes) mobility scenarios, as those summarized in [4], all nodes
Fig. 8. Unreachable ratio with short encounters under the duration lowi@llow the same model to make movement decision, albeit with
limit removed randomness, and eventually encounter with all other nodes
180 [15]. The encounter pattern from real wireless network traces
reflects that university campus ishaterogeneousnvironment
rather than a homogeneous one constructed by synthetic
mobility models. To better understand how protocols perform

7120 - . . .

2100 VMM in such heterogeneous environment, using homogeneous syn-

z . thetic models [4] is not sufficient.
W Comparison of the above findings to the encounter trace

~-USC collected at a conference shows that these findings are more
40 4 - Dart-03 i :

| - Dot applicable to large, heterogeneous environments. The confer-
2 ence trace shows higher, almast% unique encounters. The
0 0 » 2 0 % o total encounter counts of MNs do not differ as drastically as

encounter duration lower limit (minutes) in the WLAN traces. Th&R graphof the conference trace is
Fig. 9. Delay with short encounters under the duration lower limit removegonnected, almost complete graph. In other words, for smaller
environment with users showing similiar mobility characteris-
tics, such as a conference, synthetic models may be adequate.
from all the MNs in the trace, and re-evaluate the performangi@varrants further study to understand the differences between
of information diffusion. the environments.

In Fig. 8, we show the relationship between unreachableThe Small World approach to understa&B® graphsand
ratio versus the lower limit of encounter duration (i.e. Wehe result of information diffusion experiments both highlight
remove all encounter events that have shorter duration thassitive potential of building a campus wide network without
the value), using 15-day traces from USC and Dartmouthfrastructures. The robustness of information diffusion brings
as examples. From the graph we observe that, unreachalpetwo interesting points: (1) For message delivery, the deliv-
ratio increases almost linearly as we increase the lower lirgity ratio and delay are not affected significantly, even if we can
of usable encounter duration. There is no obvious point @bt choose the shortest paths due to non-cooperative users or
which the performance suddenly degrades severely. We caunutilized short encounters. (2) On the other hand, it would be
out the experiments up to the shortest usable encounter sefiifiicult to prevent diffusion of harmful or malicious messages,
one hour, a rather demanding scenario. Even in such casggh as computer worms or viruses, from propagating through
the unreachable ratio is belo80%. This impliesremoving encounters. Both observations are due to the richness in
encounters with short duration does not cause abrupt underlying encounter pattern providing abundent chances for
degradation in the performance of information diffusion, message delivery. The performance of information diffusion
in terms of both reachability and delay (the graph is showmder various information delivery schemes and potential
in Fig. 9). In other words, short encounters are not the keyethods to prevent malicious information from spreading are
reason for the success of information diffusion. The encountssith directions for future work. In the future we plan to apply
events with long duration are also rich enough to be utilizede understandings gained from studying WLAN traces to
for message propagation. provide more realistic user models (some initial results are
available in [16]), and design/evaluate information diffusion
protocols that utilize the understanding of user behaviors from

In the paper we investigate the encounters between MM traces.
in WLAN traces from four sources. We find that MNs en-
counter with only a small subset of other nodes (on average ACKNOWLEDGMENTS
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TABLE I
BIPARETO DISTRIBUTION FITTING TO TOTAL ENCOUNTER CURVES AND
D-STATISTICS FORK-S TEST

Trace name IzPareto Bp arametcers D-statistics
MIT 0.027 | 9.8 | 4000 0.036
UCSD 0.062 | 16.3 | 9900 0.068
uscC 0.019 | 0.83 | 550 0.049
Dart-03 0.0723] 0.81 ] 290 0.049
Dart-04 0.0285 | 4.43 | 11850 0.025
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100

—5—1days

1+ | |—o—2days

—A—3days

08 L —— 6 days

—&—9days
—+—12days
—=—15days|
—e— 18 days|
—a—21days
.| |—e—24days
—— 27 days|
30 days

Average unreachable ratio

o

0 10 20 30 40 50 60 70
percentage of selfish node

Fig. 12. Information delivery ratio with various selfish node percentage and
trace period, using Dartmouth trace April 2004
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Fig. 13. Information delivery ratio with various selfish node percentage and
trace period, using MIT trace

APPENDIXC. ADDITIONAL GRAPHS FOR INFORMATION
DIFFUSION EXPERIMENTS

In addition to the USC trace, we further perform similar
information diffusion experiments on adding selfish user be-
havior to the Dartmouth and MIT traces. The experiment setup
is the same as described in subsection VI-B.

The results for the average unreachable ratio are shown
in Fig. 12, 13, and 14 for Dart-04, MIT and Dart-03 traces,
respectively. Due to space constraints, we cannot show figures
for delay, but they are not very different from Fig. 7 in
subsection VI-B. Interested readers can refer to [13] for
the figures. The trends for Dart-04 and MIT-rel traces are
similar to those shown in subsection VI-B. For longer trace
periods (above 9 days), the unreachable ratio does not change

distributions for various traces. The parameters are Ii_sted diynificantly for up to20% of selfish nodes, and the robustness
Table Il. From the table we observe that the D-statistics aggperformances increases if longer trace periods are used. This

no larger tharD.05 except for UCSD trace0(07), indicating confirms that the robustness of information diffusion under
a reasonable fit of the BiPareto distribution.

APPENDIXB. ADDITIONAL GRAPHS FOR

current encounter pattern is not an artifact of coarse location
granularity in the USC trace. In Dart-03 trace, the performance
of information diffusion is less robust than other traces, since
it has the smallest encounter ratio (c.f. Fig. 1) among all the

ENCOUNTERRELATIONSHIP GRAPHS METRICS

traces. The unreachable ratio for Dart-03 trace increases faster

as compared to other traces when we make users selfish.

In addition to the figures shown in section V, we also obtain
the same metrics for MIT and Dart-03 traces. The figures have
similar trends as discussed in section V (Fig. 11). One interest-
ing observation here is that for MIT trace, disconnected ratio
is very high until day 3 in the trace. A further investigation
reveals that MIT trace collection was started on a Saturday, and
for a pure working environment Saturdays and Sundays are the
least active days. The disconnected ratio is alm6é% until
day 3 because the MNs that are on during the weekend are
mostly stationary ones. We observe a jump of number of node
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in the trace, a sudden decreaseDiR, and an abrupt changerig. 14. Information delivery ratio with various selfish node percentage and

in both CC andPL on day 3.

trace period, using Dartmouth trace July 2003



