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Abstract tacts, despite the lack of end-to-end paths.

Finding, moving, and storing data overd&connectednd
Opportunisticor Delay Tolerant Networkss a new net- highly dynamicconnectivity graph poses significant chal-
working paradigm that is envisioned to complement exigénges. This has attracted a lot of researchers to studgsinic
ing wireless technologies (cellular, WiFi) by exploiting @and multicast routing problems [4], resource allocatiosbpr
“niche” performance-costtradeoff. Wireless peers commufems [5], content placement and distributed caching [&], et
cate when in contact, forming a network “on the fly” whosehese can often be formulated as an optimization problem
connectivity graph is highly dynamic and only partially eorover the connectivity graph. However, the volatile natufe o
nected. This gives rise to a number of challenging optimizgis graph, the long delays to learn the state of nodes net cur
tion problems, such as end-to-end routing, resource alloggntly in contact, and the cost of flooding state data over the
tion, content placement etc. While globally optimal s@u8 network, imply that: (i)centralized solutions are impracti-
are normally sought in network optimization, node actio®gl, and (ii) distributed solutions requiring global knowledge
and decisions in this context are inherently local. As altesiare costly and suboptimal, as they may rely on obsolete. data
most solutions proposed rely on local heuristics withoyt an
guarantees about their convergence properties towards a/tfe@ result, the majority of algorithms proposed for these
sired global outcome. In this paper, we look deeper into tREPblems are intuitive heuristics, or greedy algorithmet th
problem of Distributed Optimization in the context of Oppofleterministically choose the “best” available action lo-
tunistic Networks. We propose an analytical framework a@!ly [7. 8, 9]. No guarantee of convergence to the (gloBally
use it to study deterministic (Greedy) and stochastictytilioPtimal configuration is usually given, resorting instead t
ascent (Markov Chain Monte Carlo) algorithms. Using thfgmulations to evaluate performance. In optimization tigeo
framework, we prove necessary and sufficient conditions fbfs Well known that such algorithms, performing a gradi-
their correctness, and derive closed form solutions foir th8Nt ascent over the solution space, converge if the problem
performance (convergence probability and delay), in g'ene‘F convex but can easily fail in the presence of local max-
mobility scenarios. We use real and synthetic mobilityesacima [10]. In the latter case, stochastic techniques likeusim
to validate our findings, and examine the impact of mobilitted annealing and evolutionary algorithms are often used

properties in more depth. In the context of Opportunistic Networking, the correctes

and efficiency of such greedy, local algorithms is not straig

forward to assesdrirst, optimization problems in DTNs are
1 Introduction by nature distributedthe state of different nodes may change

independently and without mutual knowledg&econd in

L . . ) traditional optimization problems, the traversal of théuso
Communication over multiple wireless mobile hops often rgz - space is under the control of the algorithm designer.

sults n connectmty disruptions lasting from ;econdi)en Gradient-based algorithms usually define a local neighbor-
scenar.|o-s) to minutes or days (extreme environmerg): hood of solutions and move to the best one among them. In
portunistic Networkgor Delay Tolerant Networks DTNS) - o ast the solution space traversal in optimization prob-
are envisioned to supplement existing wireless infragtinee lems over DTN is dictated by node mobilifhird, in tra-

based services (e.g., offload cellular data traffic), andlenayisional problems, local maxima are states whose utility is
novel (e.g., social and location-based) applications. €$0¢jgher than any other state in its local neighborhood. In the

. g igh
harqess unpsgd bandwidth by_exchanglng datawhenever%%%ext of DTN optimization, the “local” neighborhood of
are in proximity (n contac), with the goal to forward dataevery state constantly changes over time; as a résce
(probabilistically closer) towards a (set of) destina(®nBy o i m ay be transient

introducing redundancy (e.g., coding [1] or replication3B
and intelligent mobility prediction algorithms, data otéen This paper is an attempt to better understand the nature of
est can be delivered or retrieved over a sequence of such abstributed optimization algorithms in DTNs and to provide



an analytical framework to assess their performance. @unfigurationx andy; = 0 if the node no longer stores that
main contributions can be summarized as follows: object in configuratiory (in this cases = {0,1}).

« We propose a Markov chain model that combines tiefinitions: (i) Difference between two configuratiorsrst,
mobility properties of a scenario and the actions of det the indicator variablé,y,; = 1{x; # y;}. The variable is
algorithm into an appropriate transition matrix over B when the state of nodes not the same in both configura-
problem’s solution space (Section 2). tions ando otherwise. Then, we define the distance between

* We propose and study two generic optimization algoenfigurationsc andy: d(x,y) = Y Iy,
rithms, a deterministic utility ascent (greedy) one, and a ISisN
stochastic utility ascent algorithm based on the Markgi) Contact Probability Matrix Changes in the network con-
Chain Monte Carlo framework (Section 3). figuration usually require a contact (e.g., a node drops a mes

* We prove necessary and sufficient conditions for tlkage to receive another one, or gives an object for storage at
correctnesf each algorithm, and use an extensive sghother node). As a result, transitions occur only between
of real and synthetic mobility traces to examine whetheonfigurations, y differing in at most two node states j
these conditions are met in practice (Section 3). (i.e., the nodes in contact)(x,y) < 2. Let p¢. be the prob-

» We propose an analytical framework, based on transieility that the next contact is between nodesdj. These
analysis over the Markov chain corresponding to an @robabilities define &ontact Probability MatrixP©.
gorithm, to derive closed form results for the conver-

gence probability and convergence delay of each al g)_Acceptance Probability MatrixWhen nodes andj meet,
fithm in a given mobility scenario (Section 4) he optimization algorithm may change the state of none, one

or both nodes (e.qg., in routingone— no message exchange,
We believe that these initial results will shed some moretligone— nodej receives a message, looth— nodej receives a
on the interplay between DTN algorithms and the complexessage and nodeleletes its copy of that message). All the
mobility patterns observed in realistic scenarios, antifedl other nodes keep their state. We denote the possible change
cilitate the design of better DTN algorithms. X — y, wherex; # y; or x; # y; or both, andx; = yx,
Y k # i, j. We define theacceptance probability orA,Ajl
as the probability that the optimization algorithm perferan
2  Preliminaries change. This is usually determined by some utility function
For example, for a greedy algorithiy, = 0 if configuration
_ ) _ is worse tharx andA,, = 1 otherwise. For the algorithm to
In this section, we describe some popular classes of (ﬁ%'fully distributed, the utility function must be decompos

tributed optimization problems in DTNs. We propose gyle, such that it can be evaluated locally by each node (e.g.
Markov chain interpretation of such problems, and show hgygree, power, storage, for whith(x) = ¥ U(x;)).

these classes can be mapped to the framework. Finally, we I<i<N

present the datasets of real and synthetic mobility scesagsjyen these definitions we can now write the transition prob-
that we will use in parallel with our analytical framework tQpijities for our Markov chairX,, as:

examine the properties of different algorithms and to \aitd

our analytical derivations. Pxy = P[Xpi1 =y | Xy =]
0, d(x,y) >2

2.1 Markov Chain Interpretation _ P Axys 1<d(x,y) <2 (1)
1- Y px d(xy)=00rx=y.

Let N be the set of all nodes in our Opportunistic Network, I<z<[]

|N| = N. Each of theN nodes is identified by a unique ID.

Node mobility is assumed to be driven (implicitly or explicwhere,i andj are the two nodes in which statesindy may

itly) by social relations to other nodes as well as locaticefp differ. p; is themobility component of the transition prob-

erence (e.g., home locations and hotspots). ability and A,y is thealgorithm component of the transition
probability.

Each node chooses its statedr{S may be a subset of ob-

jects to store, or the choice to offer a service or not, etc/ye now look at how specific classes of problems could be

A solution to many optimization problems in DTNs consis®apped into this framework.

of configuring every node to an appropriate state. Hence, the

solution space i) = {S} x{S} x--- = {S}". To describe tran-

sitions overQ), we propose the use of a time-homogeneo

discrete-time Markov ChairQXn)nE[No, whereX,, is an N- ) _
element vector, with each element taking values.in The problem could be formally defined as followgiven a
finite budget of replicag for some content, find an optimal

asl.l Content Placement or Distributed Caching

Let us consider two potential configurationy € Q, with : — _
1Since state transitions in the Markov chain occur solelyrupontact

x = (x,x2...,xy) andy = ()/‘1§)/2> T TyN)' . The values between two nodes, any transition related quantitjgs, (Axy etc) can be
Xi> )i € S are the states of nodgn configurationx anq '€~ more simply indexed by the two nodes meetipg;(A;; etc). We favor this
spectivelyy. For examplex; = 1if nodei stores an object in simpler notation.



subset of noded* c N who will store the content, so as (i) TVCM: In the Time-variant Community Model [19],
to minimize some accessibility costhis may be a popular

video, for example, that is expected to be heavily requested

in the future. For this problem:

We note here that the formulation could be applied to relay

The node state spaceds- {0,1}, 1 = store replica.

Q consists of th€ ") possible choices df relays out of
the totalN nodes.

Letx be the current configuration. With probabilpyj,

the transitionx — y mayoccur, ifx; = 1, x; = 0 and
yi=1y;=0:

! J
x=(x, ..., L ..., 0, ..., xn)
Y:()’l’ e 0: cee 1, ey yN)

A,y for this algorithm decides whether the transition
doesindeed occur.

selection problems fooptimal multicasf{11, 12], network
coverage problems, etc.

2.1.2 Resource allocation:

Let us assume that there akepossible objects in the net-
work, yet each node can store omby< K of them. This

description corresponds, for example, to the problem of Pod
Net channels assignment [13, 14]. It is also relevant to the

DTN buffer management problem [15, 5]. While this prob-
lem is slightly more complicated, it can still be mapped ® th
above framework.

The state space for each node is larger, consisting’ggaf

possible states. This makes the problem solution space ex-

N
plode to[ ()] states. Moreover, when nodeand j meet,
there are multiple ways to re-arrange their respectivestat

(as opposed to the binary choice faced before). The union of

the contents in the two nodes’ buffers may contain upRo
unique objects. Out of these, there are uf’f x (%)) ways
to re-assign the objects iamnd; (i and;j can decide to store

the same object(s)). Various algorithms can be defined. For

example, an algorithm may pick a random element frgam

buffer and replace one of its own [14], or pick the configura-

tion most improving the utility (among the locally availabl
ones) [15].

2.2 Datasets

In order to cover a broad range of mobility scenarios, we
use five real contact traces and two synthetic mobility model
with their characteristics summarized in Table 1. The real.

contact traces we use are the following: (i) the MX€ality
Mining trace (MIT) [16], (ii) the iMotes Infocom 2005 trace
(INFO) [17], (iii) the ETH trace (ETH) [18], (iv) a trace from
an outdoor training scenario in the Swiss military (ARMA)
and (v) the San Francisco taxis trace (SFTAXI).

The two mobility models we use are the following:

each node is randomly assigned one or more home lo-
cation areas (“communities”) on the plane. Nodes per-
form random waypoint trips inside and outside home
locations, with a probability — p of roaming outside
the community (in the next trip) and a probabilpyof
staying or getting back in the home location. By choos-
ing different travelling probabilitiep for each node, a
large range of heterogeneous node behaviors can be re-
produced.

We use four versions of a simple TVCM scenario
throughout our analysis. Our scenario has two types
of nodes: “normal” nodes moving either exclusively or
mostly in their home locations, and more “gregarious”
nodes covering the entire simulation area. In the four
versions we vary the number of “normal” nodes and
communities, the size of the simulation area and the
value of p (1 — nodes are confined to their home loca-
tions, communities ardisjoint and can only commu-
nicate through bridge®,.7 — nodes occasionally travel
outside their home locations). In all four versions there
are4 “gregarious” nodes and the transmission range is
30 m. We denote these four versions of our TVCM sce-
nario:

* TVCM24: 24 nodes in200 x 200 m, 2 communi-
ties (2 and8 nodes), withp = 0.7;

» TVCM104:104 nodes in300 x 300 m, 4 commu-
nities G0, 2 x 20 and10 nodes), withp = 0.7;

* TVCM24d: 24 nodes in200 x 200 m, 2 commu-
nities (12 and8 nodes), withp = 1 (“d” for disjoint
communities);

* TVCM104d 104 nodes in300 x 300 m, 4 commu-
nities 60, 2 x 20 and10 nodes), withp = 1 (“d” for
disjoint communities), see Figure 1.

The TVCM104 scenario is illustrated in Figure 1.
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Figure 1: TVCM104 Mobility Scenario

) HCMM: The Home-cell Community-based Mobil-

ity Model (HCMM) [20] is an extension of the
Community-based Mobility Model (CMM) [21]. CMM
was the first mobility model directly driven by a social
network. The Caveman model [22] is used to define a
network with social communities and each community
is assigned to a home location. In contrast to TVCM,



transition probabilities are directly linked to the weightneeded by the Markov chain to get from configuratoto
on the overlay social network. HCMM adds locationeonfigurationy. T,y is calledhitting timefrom statex to state
driven mobility to CMM. The travelling probability to ay. If y is never reached, we s}, = co. The probability to
locationa no longer depends on nodes currently at thgét from state to statey after arbitrarily many steps is called
location but on the total weight of nodes assigned tovisit probability v,y
as their home location (i.e., irrespective of their current

position). We use this model to create two synthetic Vxy = P[Tyy < 00]. @
scenarios: Theorem 1. For all source nodeg and all initial copy allo-
* HCMM20: 20 nodes ir200 x 200 m, 2 communi-  cations<, Direct Placemenis correct if and only ifp; > 0
ties; forall ie N~ Z*andalljeZ*.
+ HCMM104: 100 nodes in300 x 300 m, 10 com-
munities; Proof. (L =1 case)Let us first prove Theorem 1 for the sim-

ple case ofL = 1, when the solution spac@ corresponds
to the set of nodesN, and the Markov ChairP is one-
3 Distributed Optimization Algo- dimensional. In this case, a potential solutior Q of the
rithms optimization problem is still arN-element vector, but this
vector has a single non-zero elemefit), wherei is the node
holding the one existing copy of content. Given this fact, we
In this section, we discuss two distributed algorithms tfzet can use the more intuitive notatian- i.
traverse the solution space defined earlier, in search of
optimal solution: ggreedyand astochastiautility-ascent al-
gorithm. Our goal is to prove necessary and sufficient ¢
ditions for the correctness of the algorithms (i.e., gutrad
discovery of optimal solution). For illustration, we fodusre
on the simpler content placement problem. However, the re-  , = P[T; < o] = Z P[T;; < 00| X, = k]- pix

@gnote byl the single node irL*. [ is an absorbing state in
0tH_e chain, and we are interestedvin for all i = 1. We will
usefirst step analysi§?23], Eq. (1) and the fact that;; = 0,
foranyk # [.

sults presented in this section (Thms. 2 and 3) and in the next 1<k<N
one, apply to ot_her problems as well, e.g., ins_tances of the = P + Vil - pii + z Vil DSk - Ak
resource allocation problem. We defer the detailed treatme I<kSN
of this class of problems to future work. kebi

) ) ) =Ppil + Vil Pii (3)
Before moving to the core of the subject, we consider a toy
algorithm, Direct Placement This is a direct extension of . .
the Spray and Wait routing protocol [3], and will be useful to =pic At v |1- Z Pk - Aix
introduce some first aspects of the optimization problem in Kkij
hand, and to motivate utility ascent schemes. =py +vi- (1= pip)

= Vil Pi = P 4

3.1 Toy Algorithm: Direct Placement o o _
“Sufficient”: Eq. (4) implies that ifp¢, > 0, thenv;; =1 and

SupposeL* is known, i.e., we know the IDs of the high- henceDirect Placementis correct.

est utility nodes. A simple algorithm would be for the sourc®lecessary”: Let us assume tHairect Placemenis correct,
node to distribute one df copies to the first nodes it encounthat is, v;; = 1. From Eq. (3), we gep;; + pii = 1 for all

ters, e.g., using binary spraying [3]. Then the nodes hgldip = ]. Assumingp, = 0, and hencep;; = 0, would mean
a copy of the content only forward it directly to nodesiin. that p;; = 1. From this, we can infer tha[T;; < co] = 0

Translated into the framework in § 2, the acceptance prolg- all j # i, which contradicts our hypothesis thaf = 1.

bility (algorithm component) is of the form: Therefore, we must have, > 0 for all i # 1.

Ag=Ajj=1{ie N\N1",jel"}, (L > 1case)This can be seen as a systenigfarticles on the
same chain. Since these particles are not interacting in the
case ofDirect Placementwe can treat this case asappro-
priate one-dimensional chains (instead of Bslimensional
Theorem 1 states that tiiecopies of the content will eventu-chain). For the sake of presentation, we treat the cabe-of

ally be absorbed by the nodest if and only if there is a (The proof is similar forL > 2). Denote byl; andl, the two
non-zero contact probab|||ty between any nodéi‘mnd any nOdes ini/*. We deﬁne two ChainS that are eXaCtIy as in the
other node in the rest of the network. Hoe 1, this means L = 1 case, with the only difference being that in the first
that every node must have a direct tie to the highest util@inl> and in the second chalpare removet]

node (e.g., highest degree node). 2Note that this is not a coupling, since the two chains are dertical.

. . . . Furthermore, the choice of which chain should converge thvhtate of
Definition 1 (Visit probability). The random variabléyy :=  the two, 1, andl,, does not make any difference, because we need to prove

min{n > 1|X, =y, X, = x} counts the number of stepsonvergence foall possible initial configurationsf the 2 copies

wherex; = 1, x; = 0 (i has a copy; does not) and; = 0,
y; =1(the copy moved tg, if j had high utility).




MIT INFO ETH ARMA SFTAXI TVCM

Scale and context 92 campus students 41 conference atten- 20 lab students & staff 152 people 536 taxis 24/104 nodes
& staff dees

Period 9 months 3 days 5 days 9 hours 1 month 11 days

Scanning Interval 300s (Bluetooth) 120s (Bluetooth) 0.5s (Ad Hoc WiFi) 30s (GPS) 30s (GPS) N/A

# Contacts total 81961 22459 22968 12875 1339274 1000000

Table 1: Mobility traces characteristics.

In order forDirect Placemento work, we need that;;, =1 In a nutshell, in realistic mobility settings, the mobitity
forall i # I, I, for the first chain ana;;, =1forall i # I;,1,, related conditions required by the toy algorithm are ofteth n
in the second one. Applying the proof for the cdse 1to fulfilled. What is more, knowledge of the IDs of the high-
these two chains (the state missing in each, does not dfiectst utility nodes is not available for many problems. We now
proof), we obtain thap;, > 0 andp; >0, foralli = 1,1, move on to analyzing more flexible and practical algorithms.
concluding the proof fof. = 2. [

3.3 Algorithm 1: Greedy Forwarding
3.2 Single-Hop Paths in Mobility Traces

Suppose now we no longer know the IDs of node<Lin
Our toy algorithmDirect Placementis a simple optimiza- Without any other knowledge, a reasonable action is to lo-
tion algorithm that has the advantage of making few transally try to increase the utility of the current configuratjo
missions ¢ 2L) to reach its goal. Theorem 1 states that tha every opportunity presented, until the copies arrivénat t
applicability of it heavily depends on the mixing propest® highest utility nodesZ*, or no further improvement is pos-
the nodes in the mobility scenario considered. We examiible. This is agreedyor deterministicgradient ascenal-
here whether and to what extent the conditions of Theorergdrithm, whose performance depends on the utility function
hold in practice. and the existence of local maxima.

For our evaluation, we consider a number of real mobilifyefinition 2 (Greedy Forwarding) After an initial config-
traces, introduced in Section 2.2. Ifthere is a contactbetw uration is achieved (e.g., with spraying), each node with a
i andj during the trace, thep¢; > 0, and the two nodes arecopy hands it over to a node it encounters if and only if this
reachable in the sense of Theorem 1. While it is not entiréhtreases the utility function. In the framework of Secfon
unrealistic to expect e.g., the highest degree node in a i@teedy Forwarding corresponds to:

work to be directly related (i.e., have at least one contact)

every other node in the network, it is unlikely. This is con- Axy = Lry ey} (5)
firmed by Figure 2, which shows the percentage of node pairs
that are reachable by a single hop over time. The state corresponding to one copy at each node iis an

absorbing state. However, there may be additional absgprbin

Mutually reachable node pairs vs time

200 ‘ ‘ o g > states (i.e., local maxima @f), in which case, the algorithm
= oo | e f ésr’o 1 is not always “correct” (i.e., not guaranteed to converge to
;Z sop | PRt 1 the optimal solution from every initial copy assignment).
8 "7 |-8-ama 4 i
% col |-v-tvomtoad g ,@"36 ,»f 1 An important question here is the followingv¥hen can the
2 s {Q@ # < 1 solution space be efficiently navigated with tBeeedy For-
S wop g  o-wvw-vveww | wardingalgorithm? What are the properties of the mobility
2 oo i ,vaﬁ 1 model or the utility function that make simple utility asten
S 20k B RS 2N 9 4 . . .
g o algorithms applicable? Theorem 2 derives necessary and
R . segz%* 3337,%: | sufficient conditions on theontact matrixP¢ for an increas-
= % o T 0 0 ing utility path to exist between any noded\ 7* and any
node inZ*.
Figure 2: Single hop paths in various traces Theorem 2. For all source nodes and all initial copy allo-

cationsZ, Greedy Forwardings correct if and only if for all

In the ETH and Infocom traces, ove0% of the node pairs i € N » L there exist at IeasL nodesj, ..., ji € N with
are directly reachable relatively early in the trace. Festh Ui < Uj,, such thapy,

traces, theDirect Placemenalgorithm has a chance of per-

forming decently, regardless of the utility function usétie Proof. We will again use the visit probability from Def. 1.
MIT and Armasuisse traces and the TVCM model, on thwe start withL = 1andZ* = {I}. This allows us once more
other hand, barely achiew® — 70% of directly reachable to use the more intuitive simplified notation= i, where
node pairs by the end of the trace. x(i) =1landx(j) =0forall j+i.



“Sufficient™ If Vi # [, 3j ¢ N with U; < Uj;, such that which implies that/; = 0, a contradiction. Therefore, there

pi; > 0, then we must prove that, for alk I: must exist at least onge N with U; < U; such thatp; > 0.
This ends the proof fok = 1.

c c
Vit = iy Ait Vit pi ¥ 1<;N via- Py A =1 (0) (L > 1 case)The proof for the case df > 1 is more involved
kel but similar in substance. For the sake of presentation we wil

argue for the case af = 2. The proof is similar in sub-

Let us further develop Eq. (6), using Eq. (1) and Eq. (5): stance forL. > 2. Denote byl; andl, the two nodes irZ*.
The state space of the Markov chairLiglimensional, there-

fore it explodes with the increase bf For the current case,

vie=pi+va-|1= >0 P A |+ D v Pl L = 2, the state/solution space § = N x N. Transitions
Kk"jN l’;kﬂl’] still happen only at contacts, hence transitions are oyl

one dimension at a time. In the 2-dimensional case, these

= C + ] — P C + . c . H
P v =V Y Pkt D, Ve Pk transitions are governed, as previously, by factors of die f

U’Zfb, rﬁlz} Aijy = Ljurv,<u,) wherei, j represent the transition di-
0=pS—vir- Z Pl + Z Vi P mension and is the value of the other dimension.
k+i k+1,i
Ui>Ui Ui>Ui “Sufficient” If Vi # L, 1, 3ji,j, € N with U; < U;, and
Pu+ X vk-Py X vk Py Ui < Uy, such thap$, > 0 andp;, > 0, thenGreedy For-
l’f:ili},. Uff'u,- wardingis correct. We must prove here that, for all initial
Vit = Z ka = Z ka ’ (7) il, iz * ll, 12:
J S
o e V(iiz)(hl) = Pirh * Pioly ¥ Pirky " Piohy ¥ V(ivi) (k) * Piria " Pinia
i i ; D Vikk) () Pik Pk Ank(iy) T Aika(i)
From Eq. (7), we see that it would suffice that = 1 (k # i), <k TN R)hR) Bk Pk “hfiln 2f2(h
forv; =1(i # 1) to be true. This is perfectly sensible since ki#ly, L,
vk andv;; are almost the same. We already know = 1, foxholota
sinceA;; = 0 for all i € N, hence we have to prove it for =L (10)

k + i, 1. We will usecomplete induction

An expansion of Eqg. (10) gives the result presented in
Fq. (11). Using Eq. (11) and a complete induction argument
as above, it is easy to prove thateedy Forwardings cor-
rect.

Let us takek; such thatU; > U, > U; forall j # [,k; in
other wordsk; is the node with the second highest utility i
the network. Hence, fdt;, using our hypothesis thag ; > 0
Eq. (7) becomes:

— “Necessary”: IfGreedy Forwardingis correct, thenv i
- kl =1. (8) I, 15, 3j1:j2 e N with U, < Uj1 and U, < sz, such
Pl that p;; > 0 andpj;, > 0. The assumption thaBreedy
Forwarding is correct means that; ;,y,;,) = 1. Using
Further, let us také,_, such thaty; > Uy, > -- > Uy, > U; EQ. (10) and our hypothesis;,;,)(;;,) = 1, we obtain that
forall j # I,ki,..., k. ; this meansk,_; is the node with pj; Pi, + P, L5, Pivi Pisis + > PijPhy, =1
the a-th highest utility in the network. Moreover, assume Un<Up U <Us,
Vi = ... = Vi, = 1. Then, we will prove that fok., the  Clearly, assumings, =0, p¢, = 0andps; =0, forall j e N
node with the(a + 1)-th highest utility,v ; = 1. From the with U, < U; would meanp; ; , =1, i.e., i are absorb-
hypothesis, for this node we have eitfygr, > 0 or there ing states which implies thag;,,,)(,1,) = 0, a contradiction.
existsl < B < a such thap; , >0 or both. Then: Therefore, there must exist at least gne N with U; < U,
such thatp;; > 0.

Vigl =

c c c c
Vit Prat 1<%: Vgl " Piokg P ™ 1<%: P
Sp<a sp<a

_ -1 Further, let us assume that for at least two nodesl,, [,
Pt X Pk pi,+ ¥ pi,.. there exists exactly ong e N with U; < Uj, such that
©agp<a © igp<a F p;; > 0. Consider the case when for both noges , the
(©) highest utility node in the network. In Eq. (10), this would
Therefore, we have proven that = 1 for all i = [ and thus ONce again mean that, ; , = 1, a contradiction. In con-
Greedy Forwardings correct. clusion, to ensure thaBGreedy Forwardingis correct, i.e.,
o . V(iia)(Ll,) = 1, we mustalwayshave at least one of the prod-
“Necessary™ IfGreedy Forwardings correct, thev i = I, yctsp¢ . - pS . > 0. This can be ensured only ¥i = I, I,
3j e N with U; < Uj, _such thatp;; > 0. The assumption 3, i, e v with U; < Uj, andU; < Uj,, such thatps, > 0
that Greedy Forwardings correct means that; = 1. Using andp;;, > 0. =
Eq. (6) and our hypothesis;; = 1, we obtain thap¢, + p;; +

¢ =1. Assumingp$, = 0 andpt. = 0, forall j e N . :
U,gujp” 9P Piy J Remark: Finally, itis important to note that this theorem can

with U; < U; would mearp;; =1, i.e., i is an absorbing statebe generalized to other distributed optimization problems
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Mutually reachable node pairs vs time

such as the resource allocation problem defined in Sectionz2s :

If one considers the (multi-dimensional) Markov ChRide- % g0 et @G&m; v ;;;Mf‘v Dk A
fined in Section 2 for the resource allocation problem, thep « . A gﬂ” ’ *,«*’

Theorem 2 simply states that greedy algorithm works, if an:d 7or e a *,I*’ ]
only if there are no absorbing statesBn Nevertheless, the £ ®" e R B R

state space df quickly explodes even for modestly complexm oo o0 W,(*

resource allocation problems, making the task of calawati g - T e |
P challenging. It is also less obvious to infer how mobilityg ZZ V,,‘d A
patterns and utility functions impact the algorithm. z D,,,ff’ ama
Summarizing, given a distributed optimization probler® “i% e >~

(mapped into a utility function), and a mobility scenariaife
tured in a contact probability matrix), Theorem 2 converes t
(often difficult) task of deciding whether a simple greedy al
gorithm would suffice, into the (often simpler) task of check
ing the rows of a matrix (the contact matrix) for enough nofj
zero entries.

Figure 3: Multi hop greedy paths in various traces

Figure 4, we investigate more closely the effectLadind
the relation between the utility rank and the mobility rahk.
provides a comparison among two relevant utilities: (i) the
degree centralitycorrelated to mobility [24, 12], and (ii) a

3.4 Utility Ascent Paths in Mobility Traces random utility, which has little or no correlation to mohbli

The conditions of Theorem 2 appear less strlct than those @fwutuauy reachable node pairs vs TTL (mitig Mutually reachable node pairs vs TTL (info)
[l o i G.1OO ég?,wweaaea )
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and its Contact pattern, it is not difficult to see that theme-c & © I - |re-degi=10 |07 degil-10

hold in practice.

ditions (and the correctness or lack thereof) could be &gtec j -i:::git:?o ” o B
by the following factors: (a) the value df, (b) the choice ¢ L ertrt S ﬁeﬂ%ﬁiﬁ
of utility function. We return to our datasets, introduced i § 111 e g 30 ﬁm
Section 2.2, to examine whether and when these conditi ?12 7T 3 - ﬁf
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Figure 3 shows the percentage of node pairs that are reach- ) uiiity ascent pathsin MIT ~ (b) Utility ascent paths in Infocom

able by a utility ascent path as a function of TTL. While

for the whole trace duration, oveé0% of the node pairs are Figure 4: Comparison of several utilities

greedily reachable, for smaller TTLs, many node pairs do not

have paths for the Greedy algorithm to use. This is due ei-

ther the nodes being unreachable or to existence of abgpriwo observations ensue from Figure 4. First and foremost,
local maxima. there do not always exist utility ascent paths leading to op-



timal solutions. This means local maxima are present evefx) is the desired stationary distribution of the Markov
for simple utility functions. This becomes more pronouncethain formed by the feasible solutiorns Q) of our system
when L increases. Second, the correlation or lack thergédr theContent Placemengroblem, all possiblé-node sub-
between the utility rank and the mobility rank considerabsets in the network). The Markov chain has a unique station-
affects the navigability properties of the contact graphisT ary distribution only if it is ergodic.

stresses the need to choose utility functions carefully. . . .
y Y Moreover, for the chain to converge to the optimal solution,

Summarizing, while thésreedy Forwardingalgorithm has the stationary distribution must be concentrated arourat th
less strict requirements than tBérect Placemenalgorithm, solution. Hence, we must choose(x) in such a way that,
it is still relatively fragile in the face of parameters liggL With high probability, the Markov chain “walks” towards a
and the choice of utility function. To cope with these issueslution with the highest utility. The Gibbs distributioa

stochastic optimization algorithms come in handy. this property [25]:
Uy
n(x) = 7exp( TU , (13)
. . y
3.5 Algorithm 2: Markov Chain Monte Carlo YEZQ eXP(T)

When the utilit function i K beforehand or th whereQ is the space of all possible configurations ands
en the uliiity function I not known betorehand or ergsystem parameter, the “temperature”. Whigs small, the

IS mherenlt uncertainty abqut the lnetwork and applicateon Riistribution is concentrated around the large values,céind
rameters involvedstochasticalgorithms offer a more robustthus, the algorithm will converge to a “good” solution with

solution than deterministic utility ascent algorithms.trin high probability. Luckily, the normalizing constant in ttie-

duc:ng rar(;ggi_mlza:tlon ?_Ilowst_one to;:stcapedlocgl e?tr(renn;la inator of Eqg. (13) cancels out resulting in the following
explore additional configurations. Yet, randomizatio Oacceptance probability (algorithm component):

will not suffice, as this would essentially correspond tara:

dom walkover the configuration space, and would not guar- exp (Tv) U.-U

antee convergence. Ayy =min |1, ——= | = min (1, exp (M)) (14)
exp () T

In the context of Opportunistic Networking, the type of

solution-space-traversal permissible by occurring auBta The MCMC-based optimization algorithm for the content

as described in Section 2, can be naturally mapped to Markycement can then be defined as follows:
Chain Monte Carlo (MCMC) methods [25]. While MCMC

methods are often used to simulate and sample complex (2&dnition 3 (MCMC Forwarding) Letx denote the current
non-invertible) functions, they also provide a powerfulto configuration of node carriers, with nodeholldlng a content
for stochastic optimization. Unlike the greedy algorithn§OPY: X(i) = 1. Leti encounter a nodg without & copy:

they allow moves to lower utility states, but calibrate tHEj) = 0. Then,i forwards a copy toj (or the chain goes
probability of such moves so as to provably converge to §AM Statex to statey) with probability Ay, = A;; =

optimal solution [14, 26]. U, - U. U, - U,
min (1, exp ( y )) Oor min (1, exp ( / )) , (15)
We will show how to modify the Greedy Forwarding using T T

Metropolis-Hastings samplinfp5]. This consists of build- if U is decomposable.

ing anergodicMarkov chain, whereof the states are feasible

solutions of the optimization problem in hand. Once agaihhe following theorem is a direct application of the Markov
we use the formalism introduced in § 2: the transition probhain convergence theorem.

abilities of the Markov chairpy, still have two components
as in Eq. (1): a mobility componen;; and an algorithm
componentA,y, with p,, = pjj Ay,

'Theorem 3. For all source nodes and all initial copy allo-
cationsZ, MCMC Forwardingis correct if: (i) the Markov
chain corresponding to the contact matri, is irreducible
The mobility component is the probability of “proposing” a and. aperi_odic, (i) the stationary distribution or Fhis Meav
new configuration in Metropolis-Hastings terms. This con§@in is highly concentrated around the nodedin

ponent cannot be changed regardless of the algorithm: it is

the contact probability between two nodes. Therefore, we B§0of. (i) According to Eq. (15) the acceptance probability
on thealgorithm component, A,,, which is the acceptancefor any new state is always larger tharHence,

probab|I|ty._ In the Greedy Foryyardlng scheme, t.h|s compo- In: {P(n)}ij 50 < {(PC)(n)}ij 5 0.

nent was eithed (for a lower utility proposed configuration)

or1 (for a higher utility proposed configuration). In contrastn other words, the transition matriR for the algorithm

in the MCMC Forwarding scheme, we keep thier higher is irreducible and aperiodic, if and only if the contact ma-
utility states, but replace thewith a well chosen probability. trix P is irreducible and aperiodic, which in this case, the

Then, the algorithm component is: Markov chain convergence theorem guarantees converge (see
e.g., [25]). (i) ForT — 0, the stationary distribution of the
o n(y) chain has almost all its mass on the configuration(s) maxi-
Axy = min (1’ 2(x) ) : (12)  mizing the utility function. "



The Role of the Temperature T: We make here a finalwe are also interested in the following performance metrics
note about temperaturg. For very smallT, the Markov for the various algorithms:
chain will almost surely converge to the maximiam How-
ever, the convergence time increases. For larger valu&s of ) . X )
the chain will escape local maxima easier but the stationary global optimum. Eyen ifa State reachab!e this qloes
distribution is more flat; over time less optimal configura-, not guarantee that !t ieachedif Iopal maxima exist.
tions will have a higher probability to appear in steadyestat(b) The con\/lerg(??]ce tlr‘rr:]a‘_lthe alg?]nthm. Ir? thehcase gf
To overcome these difficultiesimulated annealings often E/:EM; taalgizmtrgf, \;vthl ;Z pl?et ver:a);g;ﬁt(’dtu:t?)rﬁi ?1'
used, where the temperature starts with a relatively fight utilii/ diﬁeregces aF; hops glon th)e/ ath), resultin gin
gradually cools down. While theoretical results exist,vgho tity P 9 path), 9
ing that appropriate cooling schedules (e.g. logarithraie) high convergence delays.
guaranteedo find a global optimum [27], the effect of cool-Existing analytical models for DTNs, often used succe$sful
ing schedules is beyond the scope of this paper. to treat simple epidemic-based routing protocols, do nut le
themselves easily to (more complex) algorithms where for-

. . . warding decisions are utility-based [28, 11]. What is worse

3.6 Space-Time Paths in Mobility Traces even a small departure from the assumption of independent
identically distributed (lID) contact times complicatdset

Let us now verify whether the properties of Theorem 3 hojtoplem significantly [29]. Yet, studies of real mobilitytse
in practice. As for the previous algorithms, we will use thﬁhgs (based on many of the traces we use, as well), reveal
real m0b|l|ty traceS, introduced in Section 2.2. This tlrllh’e, Signiﬁcant heterogeneity in pair-wise contact pattenmd’_
main requirement is that the contact graph of the networkggess the problem of performance prediction for distrilute
irreducible. With an appropriate choice of acceptance @rolyptimization algorithms in DTNs, we take a different ap-
bilities, this implies that MCMC is always correct given sufproach. Specifically, we will go back to the Markov chain
ficient time. defined in Section 2 and show that convergence probability
and mean convergence time of each algorithm can be mapped

(a) The convergence probabilitgf the algorithm to the

Utiltiy—ascent vs. multihop connected pairs

=07 Y > to statistics ofabsorptionor first passagejuantities on the
g 90f *_,—-‘*"****'**'"', Markov chain. These statistics can often be derived in dose
< e * ~ AT form after some matrix algebra.
2 a7
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2 ol T P 4.1 Node Tie Strength and
2 e P N .
Ba  igee Contact Probabilities
8 14 »--F
g 308 p:,f’ o -p-eth
S 20 u,’fi' ¥ —i—inf? To define the Markov chai® for each algorithm, we need
] 10,:;2"_,.» ot Ay andpi,. We have shown how to obtaia,, for each
2 lEama algorithm in Section 3. Here, we will show how to obtain
1" Uiiity-ascent connected node pairs (% of al pairs) 100 the required contact probabilitigs., for a given mobilit
q p i g y
scenarié.

Figure 5: Multihop vs. utility-ascent paths in various trace . . .
9 P y P $n order to estimatep¢; values, we are interested in the

strengh of the relationship (“tie”) between nodemdj. Dif-
Figure 5 shows the percentage of node pairs that are rederent metrics such as the age of last contact [30, 7], contac
able in multiple hops over time versus the percentage of ndtguency [31, 24] or aggregate contact duration [24] have
pairs reachable by greedy paths at the same point in timeb&en used as tie strength indicators in DTN routing proto-
most traces, many more node pairs are reachable much eagtis.
n t_he trace by simple mult|hc_)p paths than by greedy path ere we use a metric based on the residual intercontact time
This means that real scenarios lend themselves well to thé

. . of each node pair. Our Markov chains function in discrete
usage of MCMC algorithms for object placement or resour e : : L
allocation ime measured in number of contacts, since it is a contact

that engenders each transition. Hence, the time between two
transitions is a residual intercontact time. For a pair afe®

. . iandj, each contact occuring in the network igarnoulli
4 Performance of Distributed Opt" trial: either the contact is betweérand j (with probability

mization Algorithms in DTNs pi;). or not. Therefore, the number of contacts until a node

SNote that the analysis and simulation results of Section Gevealy
In the previous section, we proved necessary and sufficiegiicerned with patexistencethat is whether the probability of a single or
. . i multi-hop path was non-zero.
conditions for each of the algomthtO reach the gIOb 0 4We are assuming that contacts are mutually independent.leWte

t?mal clonfigurationl(Markov chain state) frmyi_nitial CON-  veracity of this assumption may be disputable, our restitsvsthat it is
figuration. In addition tavorst case performange practice sufficiently good for the study.




pair meets again is geometrically distributed with par@aneiVe can now define the fundamental matixor the absorb-
pi;- ing Markov chain as follows:

We measure these parameters for each node pair, by sampling N=(I1-Q'=1+Q+Q*+- (16)
at exponentially distributed time intervals, using a Paiss
process [32]. This guarantees that we obtain the actual @ie last equality is easy to derive; a proof can be found
erage residual intercontact time for each pair. We apply ting34], page 45N is at x t matrix whose entry,y is the ex-
method of Maximum Likelihood estimation [33] for the geopected number of times the chain is in stajetarting from
metric distribution to the above samples, to obtain the grolstatey, before getting absorbed. Consequently, the sum of
bilities pi;- each line of the fundamental matrix of an absorbing Markov
. . . . . . chain is the expected number of steps until absorption, when
Summarizing, for a given mobility scenario, we will der'V%tarting from the respective state
the matrixP¢, as described above, use it to produce the algo- '
rithm’s Markov chainP, and then resort to transient analysisheorem 4 (Success Probability: GreedyThe probability
of this chain to derive useful statistics about the algaonitit that theGreedy Forwardinglgorithm will succeed in finding
hand. the optimal solution, starting from any initial state withuel

probability, is given by
4.2 Performance of Greedy Forwarding pe = % Y by (17)

xeTR

We will first look at the performance of thitility Ascent whereB* = {by-} is a t-element column vector given by
(Greedy) Forwardinglgorithm described in Section 3.3. Th&* = NR;.
Markov Chain(X,),,,,, described by corresponding to the
solution space traversal for tldreedy Forwardingilgorithm Proof. Starting from transient state, the process may be
is anabsorbing Markov chainWe therefore use the theorycaptured in the optimal state?, in one or more steps. The
of absorbing Markov chains to characterize the algorithngsobability of capture on a single stepps;- . If this does not
performance [34]. happen, the process may move either to an absorbing state
in ZM (in which case it is impossible to reagh), or to a

Denote byx" the globally optimal configuration CorreSF)Ondt_ransient statg. In the latter case, there is probability- of

ing to the maximum utility solution. By definition, this is ) cing captured in the ootimal state. Hence we have:
absorbing state in the Markov chain. Without loss of gener- gcap P ' '

ality, let us assume that only one such configuration exists. bxxr = Pxxr + z Pxy - byx> (18)
In the general case, the solution spa&zdor the greedy al- yeTR

gorithm might also contain local maxima. The local maximahich can be written in matrix form & = R, + QB*. Thus
correspond to other absorbing state®irWe denote the setg« _ (I-Q)™'R, = NR,. B* is the vector of success proba-

of such states bilities starting from each of thetransient states. We obtain

the probability of success starting from any state unifgrmi
as follows:

1M contains all solutions (stateg)e Q \ {x*}, such that 1 e bt 1 be o 1 S b
for every other statg ¢ Q with d(x,y) = 2, eitherp;, = 0 or ot PR o

Uy < Uy. This condition is equivalent to that of Theorem 2_|._h idea for th  of this th f 24
Every other state if) is a transient state. Denote by FR2, € idea for the proof of this theorem came from [34], page

the set of transient states. Théh= {x*} U ZM U TR. 52. .

In order to derive absorption related quantities, we wiige tTheorem 5 (Convergence !Delay: _GrGEdYThe expe_cted
matrix P in canonical formwhere states are re-arranged sudfne for theGrgedy ForwarQ|qglgor|thm t(,) find the optlmal
that transient states (TR) come first, followed by absorbifig!ution. starting from any initial state with equal probiab
states corresponding to local maxinta?), followed by the !ty, given that it does not get absorbed in any local maximum
maximum utility statec*: is given by

IMc Q  (local maxima)

(19)
xeTR

1
E[T,]=-- Tx» (20)
TR 1M x* t X;R i
wherer = {74} is a t-element column vector given by=
Q R R TR o ; X
D~ 'NDc. cis at-element column vector with ones, aRds
P= L M a diagonal matrix with entrieg,,« for x € TR. Furthermore,
0-0: 1 X the variance of the convergence time is given by

DenotgZM| = r, and|TR)| = t, i.e., there are, local maxima V[T,] = % Y Taxt (1 S T [E[Tg]z)’ (21)
andt transient states. Thehjs anr, x r; identity matrix,Q xeIk xeTR

is at x t matrix, R, is a non-zera x r; matrix, andR, is a wherer, = {1, } andis given by, = (2D 'ND-I)7—- (7).
non-zerot-element column vector. ()% is obtained fromr by squaring each entry.
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Proof. Assume we start in a non-absorbing statef our Furthermore, the probability that the MCMC algorithm dis-
Markov chain(X, ), and compute all probabilities relativecovers the optimal solution, as time goes to infinity, goes to
to the hypothesis that the process ends up in the optimel stat

x*. Then we obtain a new absorbing chély, ) ., with a

single absorbing state'. The non-absorbing states will be aggof. The first part of the Lemma: P¢ ergodic= P er-
before, except that we have new transition probabilities. \@odic”, is proven as in item i of Th. 3. The second part is
compute these as follows. Lete the Statemem(Xn)newo also closely related to item ii of Th. 3. Indeed, since the sta
is absorbed in state™”. Then if x is a non-absorbing stateonary distribution of the Markov chain described Byis

the transition probabilities fofY,),,,,, are: chosen such that most of its mass is on the optimal configu-

ration, the chain will inevitably end up in that configuratio
P[Yui1=y|Y, =x] =P[Xys1 =y|anX, =x]

as time goes to infinity. [
_PXuu=ynralX, =x]
Pla|X, =x] The above theorem states that, given enough time, the
_ Pla] X, =y]-P[X,.1 =y|X, =x] MCMC algorithm is guaranteed to discover (visit) the op-
B Pla|X, =x] timal state. We next look at how long this actually takes, on
. bys+ Pxy average.
Y bxr SinceP for the MCMC algorithm is an ergodic chain, we

. . i cannot anymore use the theory of absorbing matrices of Sec-
The standard form foP, the transition matrix ofY.),«,. tion 4.2 to calculate performance quantities of intereste T
may kAJe obtained as follows. The matfbis a column vector fundamental matrixN cannot be defined, ad - Q) is not

with R = {{=*}. Let D be a diagonal matrix with diagonakeversible anymore [34]. In this context, we must look in-
entriesbyy-, for x non-absorbing. TheQ = D™'QD and sStead at the statistics of tHiest hitting timeto the Markov
consequentlyN = D™'ND. B* is now at-element column chain state corresponding to the optimal configuratiomt-sta
vector of ones. ing from any other state. This is also often referred to as
o ) . first passage time Since the Markov chain is ergodic, hit-
The derivations of andz, as a function ol can be found ng the optimal state does not guarantee that the algorithm
in [34], page 51. The initial state is chosen uniformly in TRytays there forever. Nevertheless, thean first passage time
therefore, using, 7, and the laws of total expectation an¢an pe seen as a lower bound on the convergence delay of
respectively total variance, we obtain the results in @quat he MCMC. If the simulated annealing algorithm is designed
20 and 21. correctly (see Section 3), this bound can become tight.

This proof is inspired from [34]. ®  Hitting times on finite graphs or Markov chains can be de-

Corollary 6. The expected time for th@reedy Forwarding rived in different ways, including first step analysis, thece

. ) tric network analogy, or through spectral properties. Here
algorithm to converge to any solution, locally or globally-o : S
timal, is given byl - ¥ T., whereT = {T.} is given by we vylll use an gpproqch that is .S|m|Iar to the a}pproach of
' tGr T X Section 4.2, which derives from first step analysis. While

T = Nc. cis at-element column vector with ones. cannot be defined as in the absorbing Markov chain case, a
differentfundamental matrix for ergodic chaircan still be
defined that plays a similar role:

4.3 Performance of MCMC Forwarding

Z=(I-P+0)7, (22)

We now turn our attention to thdarkov Chain Monte Carlo . L . . .

algorithm. In the context of Opportunistic Networks, we al)ghererl is a matrix with each of its rows being tseationary

interested in mobility scenarios whose contact graph is‘cd robability vectorfor transition matrixp.

nected”, that is, “space-time” paths [35] exist betweemgverhegrem 8 (Convergence Delay: MCMC. )The expected
two nodes in the network. If this is not the case, the ngfme for theMCMC Forwardingalgorithm to converge to the

work is considered permanently partitioned (within theeimyptimal configuration/state*, starting from any state with
horizon we consider) and should be treated as two sepaggfgal probability, is lower bounded by

networks, since no DTN algorithm allows nodes in the two
partitions to communicate. 1 Zxrxx — Zyx+

Q-1 . (23)

. . N TTy*
In the case of the Greedy algorithm, as we saw earlier, the yen{x*} *
acceptance matrix may remove links and make the result{ngereﬂ X
Markov chain described bp reducible even if the contact y

matrix P¢ is irreducible.

is the stationary probability of the optimal state
and|Q| is the size of the solution space.

Lemma 7 (Ergodicity). The Markov Chain defined by theProof. To lower bound the expected convergence time, we
transition matrixP for the MCMC algorithm is ergodic, if will use the mean first passage time from a given statethe
the respective contact matriR® defines an ergodic chain.optimal configuratiorx*. In [34], pages 78-79, the authors
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prove using matrix algebra that the mean first passage tirkiés show here how one could go back from the results of
from any state to any state contained in the maMixare Th. 5 and 8 to real time. In a somewhat different context fo-
given by: cusing on distributed estimation, the authors of [36] assum
M= (1-Z+EZg)D, (24) exponential clock ticks and use the law of large numbers to
show that the exact time of theth tick is highly concen-
whereE is a square matrix with all entrigsZq, agrees with trated around its average. We argue here that a slightly more
Z on the main diagonal, but tselsewhere, and is a diago- generic statement can be made based on Renewal Theory and
nal matrix with diagonal elementg, = nly Wald’s equatior23].
From a given statgto the optimal configuratiox™, the mean Lemma 9. Let the expected time between consecutive con-
first passage is element,. of M, which from equation 24 tact events b&[C]. Let furtherT, denote the delay or con-

can be written as: vergence time of a given process over an opportunistic con-
s 2 tact graphWw, in terms of number of contacts. Then, the ex-
Myge = % (25) pected delay of this process is equal to
"
E[C]-E[T]. (26)

Using equation 25 above and averaging over all non-optimal
states |Q2| — 1 in total), we obtain the expected first passage . .
time starting from any state with equal probability to the O%roof. Let the times of consecutive contact events be re-
timal configuration/state* as shown in equation 23. Thig'éwals. If time is counted at renewal times (contact times),
quantity is a lower bound for the convergence time of tidS €asy to see that delay quantities derived in Sectionet, a

MCMC algorithm, since the probability for the chain to leav&'©PPINg times We can then apply Wald's equation [23] to
x* is, albeit very small, larger tham m 0etEq. (26). u

The temperature parameter discussed in Section 3.5 isim@r \/glidation of Analytical Results
tant for this result. It determines th#,, components of the

Markov chainP. The formula is exact for fixed temperature o _
values, when the Markov chain is time-homogeneous. HoWe assess here the validity of the above theorems using the
ever, MCMC algorithms of this type are generally used wiffRMme traces as previously. We use fjeas calculated in
some cooling method to speed up convergence, which ma§§§tlon 4.1 and some decomposaple ut|I|t.|(.es for th_e calcula
the Markov chain inhomogeneous. In this case, the form@n of theA;; components. The various utility functions we

can still be used with e.g., the mean temperature value of {fgt, originate in a weighted grapW = {w;;} for the net-
cooling schedule to obtain a lower bound. work. The weights may express the relationship between the

two nodes or they may be uncorrelated to node relationships.
Remark: The probability and delay estimations for both thEor each node, we calculate utility as its weighted degree:
greedy and the MCMC algorithms require the inversion of
matrices. This is relatively easy for a Markov chain the size di =Y wij. (27)
of the network, as is the case, e.g., for the content placemen jeN
problem withL =1 copy (as shown in Section 2). As the state
space of the Markov chain increases (elgz,3), it becomes In this work, we use the following four utility functions:
difficult to calculate inverses and to handle the chain in-gen, . o
eral. The state space explosion problem has been mitigatél Frequency utility. As the name suggests, this utility is -
in other context through e.g., state lumping, Petrineetias ~ 2@Sed on the contact frequency between each node pair.

models etc. We recognize this as a scalability problem for 1S means thaw;; is equal to the number of times the
our framework and plan to address it in the future. two nodes have met throughout the trace. The utility of

a node is the its degree as in Eq. (27).
if) PCA utility . This is a combined utility based on con-
tact frequency and duration. We first calculate the fre-
quency and duration matrices for each node pair. Then,
we transform them to scalar weights to obt&husing
It is important to note here that, in the above results canrcer  principal component analysis (PCA) [33]. Once again,
ing convergence time, we have measured time in terms of the utility of a node is the its degree as in Eq. (27).
“contact clock ticks”. We look at the sequence of conseciii) Tie strength utility . This utility is based on the strength
tive contacts occurring (between any two nodes) and derive of the tie between each node pair, as calculated in Sec-
the expected number of contacts until the optimal solution tion 4.1. Herew;; = p;., the contact probability of the
is found. This might be desirable in many cases, in order two nodes. The utility of a node is the its degree as in
to fairly compare performance in the different mobility sce  Eq. (27).
narios considered, due to the (sometimes artificially) vayy iv) Random utility . Finally, for this utility, we assign ran-
sparsity of contact measurements (e.g., average intéacion ~ dom weightsw;; to each node pair and use these to cal-
time is much higher in MIT than in ETH). culate the utility of each node as.

4.4 From Contact Clock Ticks to Real Time
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ETH INFO MIT TVCM24 TVCM24d HCMM20 TVCM104 TVCM104d HCMM100

Optimum pred. 1.0000 0.5637 0.9733 1.0000 1.0000 1.0000 1.0000 0Q.00 0.2427
meas. 1.0000 0.5659 0.7066 1.0000 1.0000 1.0000 1.0000 0QL..00 0.2386

Local max. pred. N/A 0.3762  0.0266 N/A N/A N/A N/A N/A 0.2368
meas. N/A 0.3726  0.0266 N/A N/A N/A N/A N/A 0.2118

Table 2: Absorption probabilities with frequency utility

In the following, we present for each of the four utilitiesmost cases, the prediction is very accurate, both with desing

(i) absorption probability results for the Greedy algamith absorbing state, the global maximum (in ETH and TVCM24)

corresponding to Theorem 4, (ii) absorption delay reswoits fand when local maxima are present, resulting in multiple ab-
the Greedy algorithm, corresponding to Theorem %nd sorbing states (in Infocom, HCMM100).

(i) lower bound results on the convergence delay for t .
MCMC algorithm, corresponding to Theorem 8.For the tw'%?g' 6 compares the predicted and measured values of the

algorithms, we show both delays averaged over all nodedify 29€ delay over all nodes for the greedy algorithm us-

o INg the frequency utility above. The prediction is very ac-
the network, as well as individual delay results for eacmno%nurate in most cases. For larger scenarios (MIT, TVCM104,

TVCM104d, HCMM100), a much longer trace or simulation
time is needed for accurate results. This is because delays
are longer, therefore more time is required to get sufficient
amples for statistical significance.

5.1 Results for the Frequency Utility

The frequency utility is the first and simplest utility oneyna

consider in the context of the Content Placement problema " convergence deiay (eth, Frequency utiity Comvergnce ey tvomas ot Frecseny iy
possibly in other contexts as well. Since the goal is to make ™ -
piece of content as available as possible to the entire mefwo *° w0

* e

choosing the node that meets other nodes the most frequelém Pk ,'*‘**H'*‘**' *
seems a reasonable strategy. This utility is relativelyrggly & '
correlated with the tie strength as defined in Section 4.1.

*

<)
@
3

ek gk Ak g

S
3

ek ok Aok * ke

e
iy
@
3
Average Delays
BN
&
g

=
3
3

50 ~%-pred. 50 -%-pred.
Convergence to optimum (Frequency utility) Convergence to local max (Frequency utility) meas. meas.|
2500 2500 o
red. 0 5 10 15 0 5 10 15 20
5ﬁ1eas Elpred. Nodes Nodes

2000} | Imeas,

8
8
s

(a) ETH trace (b) TVCM24d scenario

I
g
s
.
I
g
8

Figure 7: Individual absorption delays (Greedy)
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Average delays (# of steps)
5
3

Average delays (# of steps)
a
8

In Fig. 7, we show delay for individual nodes rather than ag-
gregated values. Nodes are ordered by increasing absolute

o
a
&
8

eth info mit eth info mit

races Traces difference between predicted and measured values for clar-
(&) Absorption by optimum (b) Absorption by local max. ity. Some nodes are not present, as they are disconnected
Convergence to optimum (Frequency utility) Convergence to optimum (Frequency utility) from the network (We prune llnks Wlth |eSS tha@] ContaCtS_
0 7" Wlpred. for statistical significance). Other nodes are local maxima

[Imeas.

hence they are absorbing states themselves. In generdl, mos
nodes are accurately predicted.

However, a few outliers are also present: these are nodes
with irregular activity: bursts of very many contacts in yer

oz womzad hommz O —yemios wemioar ommios little time, followed by much longer periods of inactivity.
M | M | . . . .
s el For these nodes, the assumption of geometrically dis&ibut

(c) Absorption by optimum () Absorption by optimum meeting probabilities does not hold, since their contas a

) ) ) .. no longer independent of each other.
Figure 6: Average absorption delays with frequency utility

(Greedy) A good illustration of this fact is the TVCM24d scenario, in
Figure 7(b). Here, bridges and nodes membership in com-

] o ) “munities and are clearly identifiable by the accuracy of the
Table 2 shows absorption probabilities predicted UsiRgagiction. For the larger community (first 11 nodes), where

Thm. 4 and measured in the traces. The first two rows giyR gptimal relay is almost surely located (the 12th node in
the probability of absorption by the global optimum, thet 1aghe community), the absorption delays are very accurately
two — the probability of absorption by a local maximum. 18 egicted, as no irregular links (e.g., with bridge nodes) a
5Note that both Thm. 4 and Thm. 5 also allow for the calculatiblocal inVOIYed- For the qther community and for the bridges, al‘b'
maxima quantities. sorption by the optimal relay located in the first community
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ETH INFO MIT TVCM24 TVCM24d HCMM20 TVCM104 TVCM104d HCMM100

Optimum pred. 1.0000 0.5267 0.6772 1.0000 0.6086 1.0000 1.0000 6D.78 0.2141
meas. 1.0000 0.5435 0.5561 1.0000 0.5979 1.0000 1.0000 93.68 0.2185

Local max. pred. N/A 0.4132  0.2957 N/A 0.3913 N/A N/A 0.2138 0.2404
meas. N/A 0.3936  0.1465 N/A 0.4020 N/A N/A 0.3106 0.2377

Table 3: Absorption probabilities with PCA utility

must go through the links with irregular activity of bridgenay also be interested in the duration of each meeting. For
nodes. Therefore, the predictions are rougher. exemple, in the content placement problem with large sizes
of the shared content, making the content the most available
Ues not only mean finding the relay with the most frequent
meetings, but the relay with the most frequent and longest
meeting, so that there is enough time for the transmission
to take place. To account for that, we analyze here a PCA-
based utility, combining frequency and duration of encoun-
ters. Similarly to the frequency one, this utility is alsdare
tively strongly correlated with the tie strength as defined i
Section 4.1.

To improve the predictions, we are planning to use a m
sophisticated model for these nodes in the future.

Average \ce delay in steps (Freq y utility) 50onevage convergence delay in steps (Frequency utility)
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Table 3 shows absorption probabilities predicted using

° Traces e woses Thm. 4 and measured in the traces. The first two rows give
(a) Average values (b) Average values the probability of absorption by the global optimum, the las
two — the probability of absorption by a local maximum. In
convergence delay (vem2¢_dison: Frequency uiy)  IM0St cases, the prediction is very accurate, both with desing

o

Convergence delay (eth, Frequency utility)

2

3]

8
5
3

250 o0 absorbing state, the global maximum (in ETH and TVCM24)
800 . . . .
PO S T e, Ny S and when local maxima are present, resulting in multiple ab-
K ¥ g “%-pred. . .
2 i ; sorbing states (in Infocom, MIT, TVCM24d).
g §400 otk ko ek
2100 2 o . "
300} Ak ek Akt ke Convergence to optimum (PCA utility)
50 200 : 100 Convergence to optimum (PCA utility)
100 . _ 1400 350 .
) 5 10 15 0 5 10 15 20 §1200 00
Nodes Nodes =
§1ooo 50
(c) ETH trace (d) TVCM24d scenario £ oo

[ O S
51
1S}

S
3
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eth info mit tvem24 tvem24d hemm20

Traces Models
Finally, Fig. 8 shows aggregated (8(a), 8(b)) and individua  (a) Absorption by optimum (b) Absorption by optimum
results (8(c), 8(d)) for the convergence delay of the MCMC _ ) )
algorithm. These results correspond to Thm. 8. In the Majc_ e, "o © oPtmem (PeA L) 00 _vE19ENCE 10 ocal max (PCA i)

. . @ lpred.
ity of traces, the predicted and measured values for botk alg g e e

rithms are consistent. For some traces, certain combimatic3 **
of utility and temperature may render the Markov chain norézzzz
ergodic, by creating either closed communicating classes s
periodicity or both (e.g., the MIT trace in Figure 8(a)). Theéwoo

delay prediction method is able to detect this. O emios tvemioad  hommioo O emios  wemioad  hemmion

Models Models
In addition, the effect of nodes with irregular activity is@a (c) Absorption by optimum (d) Absorption by local max.
here obvious. Once again, the bridge nodes and various
communities are clearly identifiable in the TVCM24drigure 9: Average absorption delays with PCA utility
scenario in Figure 8(d). (Greedy)

Average delays (# of steps)
9 o
8

Fig. 9 compares the predicted and measured values of the
. average delay over all nodes for the greedy algorithm us-
5.2 Results for the PCA Utility ing the PCA utility above. The prediction is very accu-
rate in most cases. For larger scenarios (MIT, TVCM104,
In the frequency utility, we only account for how often a paifVCM104d, HCMM100), a much longer trace or simulation
of nodes meets. However, in some application contexts, tirae is needed for accurate results. This is because delays
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ETH INFO MIT TVCM24 TVCM24d HCMM20 TVCM104 TVCM104d HCMM100

Optimum pred. 1.0000 0.9419 0.9733 1.0000 1.0000 1.0000 1.0000 0Q.00 0.6086
meas. 1.0000 0.9393 0.7066 1.0000 1.0000 1.0000 1.0000 0QL..00 0.5979

Local max. pred. N/A 0.0580 0.0266 N/A N/A N/A N/A N/A 0.3913
meas. N/A 0.0606  0.0266 N/A N/A N/A N/A N/A 0.4020

Table 4: Absorption probabilities with tie strength utility

Average convergence delay in steps (PCA utility)
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are longer, therefore more time is required to get sufficiel ., Averase conergence delayin steps (PCA uiit
samples for statistical significance. Wllpres. |

50001 |[[Jmeas,

4000| 400 Wllpred.

[Imeas.,
200
100
o

eth info mit tvem24 tvem24d hemmz20
Traces Models

Convergence delay (mit, PCA utiity) 100 Convergence delay (tvem24, PCA utility)

* 3000
10000 350 # 7yt ek Ao e e ek e e e A A Aok
meas.|

»
5]
8
S

8
3
Average delays (# of steps)
©
8
8

8000

&
3
Average delays (# of steps)

5]
8
5]

6000

st

Average Delays
o

BN
S
S

Average Delays
@
3

B

4000|

-
)
S

i

a0t ‘Mﬁ: *xw*&i L ’ (a) Average values (b) Average values
0 10 - 20‘N0des 30 40 0 5 mNodes 15 20 Convergence delay (info, PCA utility) Convergence delay (tvem24_disjoint, PCA utility)
4000 i 900
(a) MIT trace (b) TVCM24d scenario 3500) ¥ 800)
., 30001 M ok, e 700
. L . . . g B i V4N Seoo -*-pred.
Figure 10: Individual absorption delays with PCA utility &** % + i S - P
gzuoo v Py ¥ ". Tk g e dek fede ke
(G reedy) % 1500 * * : *ik* EZZZ va~e+*¢w¢**«**_~%
1000 * X * 200
In Fig. 10, we show delay for individual nodes rather thai s 100
aggregated values. Nodes are ordered by increasing abso % & % = =& = = % O N R
difference between predicted and measured values fotyclari A
(c) Infocom trace (d) TVCM24d scenario

Some nodes are not present, as they are disconnected from
the _ngtworl_< (v_vg prune links with less th&n conta_cts for Figure 11: Convergence delays bounds with PCA utility
statistical significance). Other nodes are local maximagee CMC)

they are absorbing states themselves. In general, moss ncgyle

are accurately predicted.

However, a few outliers are also present. As mentioned'lRdes- In the Content Placement problem, this is very use-
Section 5.1, these are usually nodes with irregular aytiviEUI in order to find the node with the strongest ties to the rest
When these nodes are not present (e.g., Figure 10(b)), thdhe network.  Intuitively, this node would provide maxi-
results are much more accurate and we can no longer disiiit™ availability for any content it stores. Another way to

guish between different node classes (bridges, commshiti@Stimate the strength of the tie between two nodes is the one
we introduce in Section 4.1. In this section, we use this es-

Finally, Fig. 11 shows aggregated (11(a), 11(b)) and inivitimate to calculate the utility of each node and evaluate our
ual results (11(c), 11(d)) for the convergence delay of theediction theory. In this case, the meeting probabilitied
MCMC algorithm. These results correspond to Thm. 8. tRe utilities are perfectly correlated.

the majority of traces, the predicted and measured values fo

both algorithms are consistent. For some traces, certain cdable 4 shows absorption probabilities predicted using
binations of utility and temperature may render the Markd\#m. 4 and measured in the traces. The first two rows give
chain non-ergodic, by creating either closed communigatithe probability of absorption by the global optimum, thet las
classes or periodicity or both (e.g., the MIT trace in Figwo — the probability of absorption by a local maximum. In

ure 11(a)). The delay prediction method is able to detest tHNOSt cases, the prediction is very accurate, both with desing
absorbing state, the global maximum (in ETH and TVCM24)

In addition, the effect of nodes with irregular activity iS@ 5nd when local maxima are present, resulting in multiple ab-
here obvious. Once again, the bridge nodes and various C@Btving states (in Infocom, HCMM100).

munities are clearly identifiable in the TVCM24d scenario in

Figure 11(d). Fig. 12 compares the predicted and measured values of the
average delay over all nodes for the greedy algorithm using
the tie strength utility above. The prediction is very accu-

5.3 Results for the Tie Strength Utility rate in most cases. For larger scenarios (MIT, TVCM104,
TVCM104d, HCMM100), a much longer trace or simulation

With the frequency and PCA utilities, we are essentially trjime is needed for accurate results. This is because delays

ing to estimate the strength of a relationship between tape longer, therefore more time is required to get sufficient
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(Greedy) Figure 14: Convergence delays bounds with tie strength util-
ity (MCMC)

samples for statistical significance.

MCMC algorithm. These results correspond to Thm. 8. In
the majority of traces, the predicted and measured values fo

Convergence delay (eth, Fitted utilty) Convergence delay (hcmm100, Fitted utility)

= - both algorithms are consistent.
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was obvious, in Figure 14(d), this effect is much more toned
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5.4 Results for the Random Utility

Figure 13: Individual absorption delays with tie strength ] ) )
utility (Greedy) To finish our evaluation, we conduct a series of experiments

using a random utility, which should have little or no cor-
In Fig. 13, we show delay for individual nodes rather thdglation with the tie strength defined in Section 4.1. While
aggregated values. Nodes are ordered by increasing absdhisg is of little practical interest, it will help better uadstand
difference between predicted and measured values fonclathe relationship between utility and tie strength. Morepve
Some nodes are not present, as they are disconnected fidwil also verify whether the proposed prediction methed i
the network (we prune links with less than contacts for applicable to a wider range of utility functions.

statistical significance). OthernodesareIocaImaxmm:laeT ble 4 shows absorption probabilities predicted using

they are absorbing _states themselves. In general, mossn fn. 4 and measured in the traces. The first two rows give
are accurately predicted.

the probability of absorption by the global optimum, the las
However, a few outliers are also present. As mentioned &0 — the probability of absorption by a local maximum.
fore, these are usually nodes with irregular activity. ieart In most cases, the prediction is very accurate, both with a
larly, the HCMM100 scenario shows the relative robustnesiggle absorbing state, the global maximum (in TVCM24
of our prediction method. The HCMM model is specificallpnd TVCM104) and when local maxima are present, result-
designed to follow recent findings that, in practice, pasaviing in multiple absorbing states (in Infocom, TVCM104d,
intercontact times follow a power law. Consequently, our ggd CMM100).

ometric assumption from Section 4.1 is clearly violated.
spite of this violation, the prediction is still decent. $lsius-
tains the thesis expressed in [37], that pairwise interaint
times have exponential tails.

Ellg. 15 compares the predicted and measured values of the
average delay over all nodes for the greedy algorithm using
the random utility. The prediction is very accurate in most
cases. For larger scenarios (MIT, TVCM104, TVCM104d,
Finally, Fig. 14 shows aggregated (14(a), 14(b)) and imdiviHCMM100), a much longer trace or simulation time is
ual results (14(c), 14(d)) for the convergence delay of theeded for accurate results. This is because delays arerjong
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ETH INFO MIT TVCM24 TVCM24d HCMM20 TVCM104 TVCM104d HCMM100
Optimum pred. 0.4881 0.8675 0.0145 1.0000 1.0000 1.0000 1.0000 98.51 0.6086
P meas. 0.9000 0.8794 0.0370 1.0000 1.0000 1.0000 1.0000 28.50 0.5979
Local max pred. 0.5118 0.0297 0.2737 N/A N/A N/A N/A 0.2086 0.3913
" meas. 0.0999 0.0476 0.1225 N/A N/A N/A N/A 0.2019 0.4020
Table 5: Absorption probabilities with random utility
1200 Convergence to op&imum (Random utility) Average convergence delay in steps (Random utiity) é(vgdage convergence delay in steps (Rand(ﬂutilily)
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Figure 15: Average absorption delays with random utility

(Greedy)

Figure 17: Convergence delays bounds with random utility
(MCMC)

therefore more time is required to get sufficient samples for

statistical significance.
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Finally, Fig. 17 shows aggregated (17(a), 17(b)) and indi-
vidual results (17(c), 17(d)) for the convergence delay of
the MCMC algorithm. These results correspond to Thm. 8.
While the results are not of the same quality as previously,
predicted and measured values for both algorithms are still
relatively consistent.

Bis00 P ’ 2 200 ke e R . e
S R S Vi SRV B Once again, the effect of nodes with irregular activity is ob
* 1 \ ' . .
o - vious. In Figure 17(d), the convergence delay of a content
A S S S S starting from any source node in the largest community (size
Nodes ° ® ;?Jdes o

(a) Infocom trace

(b) TVCM104d scenario

50) is perfectly predicted. In contrast, predictions folagie
from nodes in the other communities not at all accurate. This
indicates that the degree of correlation of the utility te tie

Figure 16: Individual absorption delays with random Ut”itystrength is important for the accuracy of the predictionsMo

(Greedy)

importantly however, it prompts us to find a better model for
ties which do not follow our current model.

In Fig. 16, we show delay for individual nodes rather than
aggregated values. Nodes are ordered by increasing absolut
difference between predicted and measured values fotyclar
Some nodes are not present, as they are disconnected from
the network (we prune links with less than contacts for
statistical significance). Other nodes are local maximage This work has dealt with Distributed Optimization in the eon
they are absorbing states themselves. In general, moss ndet of Opportunistic Networks. We proposed an analyti-
are accurately predicted. However, a few outliers are alsal framework and used it to study deterministic (Greedy)
present. As mentioned before, these are usually nodes wgitidl stochastic utility ascent (Markov Chain Monte Carle) al
irregular activity. gorithms. Using this framework, we proved necessary and

Conclusion
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sufficient conditions for their correctness, and derivegetl [14] Hu L, Le Boudec JY et alOptimal channel choice for
form solutions for their performance (convergence probabi  collaborative ad-hoc disseminatiommfocom 2010.

ity and delay), in generic mobility scenarios. We used real , .
and synthetic mobility traces to validate our findings, a?ﬁiS] Krn‘la.A, Barakat C et al.Optimal buffer management
n- policies for delay tolerant networks IEEE SECON.

found a close match between predicted and measured qua
tities 2008.
BG] Eagle N and Pentland AReality mining: sensing com-

In the short term future, we plan to refine our framework . .
P plex social systemdPers Ubiq Comput, 10(4), 2006.

account for inaccuracies (e.g., nodes with irregular #gtiv

etc). On the longer term, we will demonstrate and evalugi&] Hui P, Chaintreau A et aPocket switched networks and

the applicability of this framework to the more general dis-  human mobility in conference environmentg/DTN
tributed optimization problems as described in Section 2. 2005.

[18] Lenders V, Wagner J et al.Measurements from an

802.11b mobile ad hoc network/OWMOM 2006.
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