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Abstract—We consider the throughput/delay tradeoffs for .’;
scheduling data transmissions in a mobile ad-hoc network. To .
reduce delays in the network, each user sends redundant packets . R
along multiple paths to the destination. Assuming the network AR . O(N)-
has a cell partitioned structure and users move according to a . >
simplified iid mobility model, we compute the exact network . . T o
capacity and the exact end-to-end queueing delay when no ®
redundancy is used. The capacity achieving algorithm is a o e .
modified version of the Grossglauser-Tse 2-hop relay algorithm / . \. K
and provides O(N) delay (where N is the number of users). | | |

We then show that redundancy cannot increase capacity, but ° . i Rate o)
can significantly improve delay. The following necessary tradeoff
is established: delay/rate > O(N). Two protocols which use
redundancy and operate near the boundary of this curve are Fig. 1. A cell-partitioned ad-hoc wireless network withcells andN mobile
developed, with delays ofO(v/N) and O(log(N)), respectively. USers.

Networks with non-iid mobility are also considered and shown
through simulation to closely match the performance of iid
systems in theO(v/N) delay regime.

actual mobility is better described by Markovian dynamics,
where users choose new locations every timeslot from the
I. INTRODUCTION set of cells adjacent to their current cell. However, analysis

We consider the effects of transmitting redundant packetgder the simplifiedid mobility model provides a meaningful
along independent paths of an ad-hoc wireless network wRieund on performance in the limit afifinite mobility. With
mobility. Such redundancy improves delay at the cost of ithis assumption, the network topology dramatically changes
creasing overall network congestion. We show that redundarf®¥ery timeslot, so that network behavior cannot be predicted
cannot increase network capacity, but can significantly indnd fixed routing algorithms cannot be used. Rather, because
prove delay performance, yielding delay reductions by sevef@formation about the current and future locations of users
orders of magnitude when data rates are sufficiently less th&riinknown, one must rely on robust scheduling algorithms.
capacity. Furthermore, it is shown in [1], [4] that the network capacity

The first part of this paper closely follows our previous workinder an iid mobility model is identical to the capacity region
in [2], and several statements from [2] are repeated here f&ra network with non-iild mobility with the same steady
completeness. We use the followiegll partitionednetwork state distribution. Delay analysis for non-iid mobility is also
model: The network is partitioned int6@ non-overlapping discussed.
cells of equal size (see Fig. 1). There ake mobile users We compute an exact expression for the per-user trans-
independently roaming from cell to cell over the networknission capacity of the network (for any number of users
and time is slotted so that users remain in their current cell§ > 3), and show that this capacity cannot be increased
for a timeslot, and potentially move to a new cell at the enlay using redundant packet transfers. When no redundancy
of the slot. If two users are within the same cell during 8 used, a modified version of the Grossglauser-Tse 2-hop
timeslot, one can transfer a single packet to the other. Eagtay algorithm in [5] is presented and shown to achieve
cell can support exactly one packet transfer per timeslot, acapacity. The queueing delay in the network is explicitly
users within different cells cannot communicate during theomputed and shown to b@(N)/(u — A;) (wherep is the
slot. Multi-hop packet transfer proceeds as users change cplis-user network capacity, and is the rate at which user
and exchange data. The cell partitioning reduces schedulinfansfers packets intended for its destination). Furthermore,
complexity and facilitates analysis. Similar cell partitioningt is shown that no scheduling algorithm can improve upon
has recently been considered by Cruz et. al in [3]. O(N) delay performance unless redundancy is used. We

We consider the following simplified mobility model: Everythen consider modifying the 2-hop relay algorithm to allow
timeslot, users choose a new cell location independently amdiundant packet transmissions. It is shown that no scheme
identically distributed over all cells in the network. Such ahich restricts packets to two hops can achieve a better delay
mobility model is of course an over-simplification. Indeedthan O(v/N). A scheduling protocol that employs redundant



packet transmissions is developed and shown to achieve ttiéday/rate regimes are developed and shown to operate on or
delay bound when all users communicate at a reduced da&ar the boundary of this curve.

rate of O(1/v/N). A multi-hop protocol is then developed Throughout this paper, we assume that the number of cells

to achieveO(log(NV)) delay by further sacrificing throughput.is of the same order as the number of users, so that the

The necessary conditiotlelay/rate > O(N) is established user/cell densityl is constrained to b&(1) (independent of

for any routing and scheduling algorithm, and the 2-hop relay). This is a necessary constraint in cases when the network
algorithms are shown to meet this bound with equality whilerea is increased while maintaining the same average number
the multi-hop algorithm deviates from optimality by no moref users per unit area and the same transmission power (and
than a logarithmic factor. hence, transmission radius) for each user. In the opposite case

Previous work on the capacity of ad-hoc wireless networkgnen the network area is fixed but the number of usErs
is found in [1-11], [13]. Gupta and Kumar present asymptotigrows large (increasing the number of users per unit area),
results for static networks in [6], [7], where it is shown thait is possible to consider cell densities that increase with
per-user network capacity i©(1/v/N), and hence vanishesalthough thed = O(1) constraint can still be imposed by
as the number of user§ increases. The effect of mobility onappropriately scaling the cell size. Note that in this case, it
the capacity of ad-hoc wireless networks was first explicitiwould be possible to maintain a cell size for which the user/cell
developed in [5], where a 2-hop relay algorithm was developeénsity increases to infinity withvV. However, this would
and shown to support constant per-user throughput which deequire the coordination of an increasingly large number of
not vanish as the size of the network grows. These workisers in each cell, and it would necessarily shrink network
do not consider the associated netwdetay, and analysis of capacity to zero with growingV (as shown in the next
the fundamental queueing delay bounds for general netwosdestion). It could, however, provide an alternate means of
remains an important open question. improving network delay, as described in [15] [16] [17].

In [8] it is shown that for a network with a mixture of Indeed, in the extreme case where there is only one cell
stationary users and mobile relay nodes, delay can be improweshtaining all nodes, it is clear that any user could reach any
by exploiting velocity information and relaying packets t@ther user in just a single hop. A detailed comparison of our
nodes moving in the direction of their destination. Routingesults with those of [15] [16] [17] is given in Section V.
for fully mobile networks using table updates is considered In the next section, we establish the capacity of the cell
in [9]. Schemes for improving delay via diversity coding an@artitioned network and analyze the delay of the capacity
multi-path routing are considered in [10], [11], although thiachieving relay algorithm. In Section Il we develop delay
work does not consider delays due to path sharing, queueibgunds for transmission schemes with redundancy, and in Sec-
or stochastic arrivals. Delay improvement via redundant packgin IV we provide scheduling protocols which achieve these
transfers is considered in [2]. This idea is related to thsounds. In Section V we prove necessity d@flay/rate >
notion ofcontent replicatiorconsidered for static peer-to-peeiO(N), and show that the given protocols operate on the
systems in [12] and for mobile networks in [13]. Our i.i.dboundary of this rate-delay tradeoff curve. Simulations and
mobility model is similar to that used in [13], wheraobile Markovian mobility models are considered in Sections VI and
infostationsare used to store content for users requesting f\gl.
access. Throughput and delay tradeoffs were perhaps first con-
sidered in [14], where delay of multi-hop routing is reduced [1. CAPACITY, DELAY, AND THE 2-HOP RELAY
by increasing the coverage radius of each transmission, at the ALGORITHM

expense of reducing the number of simultaneous transmission&onsider a cell partiioned network such as that of Fig. 1

the network can support. Similar radial scaling technique|§1 ; : .
. . e shape and layout of cell regions is arbitrary, although
have recently appeared in [15] [16] [17]. While our work wag e assurF:]e that ce>llls have identicgal area, do not )éverlap, and

dgveloped pf“” to the worlf in [15] [16] [17] and dogs no(?ompletely cover the network area. We define:
directly consider radial scaling, for completeness we include i
a detailed comparison with these approaches at the end of IV = Number of Mobile Users
Section VI. e C = Number of Cells

In this paper, we consider the delay performance offered® @ = N/C = User/Cell density
by cell partitioned wireless networks, extending our previous Users move independently according to thii-mobility
work in [2] by proving the delay/throughput statements givemode] where the steady state location of each user is uniform
there. The contributions are threefold: First, we demonstraeer all cells.
network capacity and delay analysis which considers the fullLet \; represent the exogenous arrival rate of packets to user
effects of queueing, and show that delay grow®#87) when i (in units of packets/slot). Packets are assumed to arrive as a
no redundancy is used. Second, we establish a fundameBtatnoulli process, so that with probability, a single packet
delay/rate tradeoff curve that bounds performance of aayrives during the current slot, and otherwise no packet arrives.
routing and scheduling algorithm. Third, we develop thre®ther stochastic inputs with the same time average arrival rate
different protocols which achieve optimal or near optimal pecan be treated similarly, and the arrival model does not affect
formance in different rate regimes. Protocols for three differetite region of rates the network can support [1].



We assume packets from sourcenust be delivered to a 0.1492 packets/slot, but can achieve arbitrarily close to this
unique destinatiory. In particular we assume the number oflata rate by scaling the number of cellswith NV to maintain
usersN is even and consider the one-to-one pairihg:> 2, a constant user/cell density.

3 < 4,..,(N—-1) « N; so that userl communicates This u* capacity value is close to the maximum throughput
with user2 and user2 communicates with uset, user3 estimate of).14 packets/slot for the€(1) throughput strategy
communicates with userand userl communicates with user given by Grossglauser and Tse in [5], where@hiet number is

3, and so on. Other source-destination scenarios can be treateghined by a numerical optimization over a transmit probabil-
similarly [1]. ity 6. In the Grossglauser-Tse strategy, transmitting users send

Packets are transmitted and routed through the network &stheir nearest neighbors to obtain a high signal to interference
cording to some scheduling algorithm. The algorithm choosestio on each transmission. The proximity of their optimal
which packets to transmit on each timeslot without violatinthroughput to the value gi* suggests that when the transmit
the physical constraints of the cell partitioned network gsrobability is optimized, the nearest-neighbor transmission
the following additionalcausality constraint A user cannot policy behaves similarly to a cell-partitioned network. The
transmit a packet that it has never received. Note that oncgame valueu* arises when users send independent data to
packet has been received by a user, it can be stored in memariinite collection of other users according torate matrix
and transmitted again and again if so desired. We assume gt). In this caseyu* represents the maximum sum rate into
packets are equipped with header information so that they aarout of any user provided that no user sends or receives more
be individually distinguished for scheduling purposes. than any other [1].

A scheduling algorithm istableif the \; rates are satisfied We note that the optimal throughputof Theorem 1 cannot
for all users so that queues do not grow to infinity and average improved even if all users have perfect knowledge of
delays are bounded. Assuming that all users receive packetsire events (see [1]). Thus, control strategies which utilize
at the same data rate (so thgt= X for all i), the capacity redundant packet transfers, enable multiple users to overhear
of the network is the maximum rate that the network can the same transmission, or allow for perfect feedback to all
stably support. Note that this is a purely network layer notiamsers when a given packet has been successfully received,
of capacity, where optimization is over all possible routing anghnnot increase capacity.
scheduling protocols. Below we compute the network capacity,
assuming users change cells in an iid fashion every timeslat. Delay Analysis and the 2-Hop Relay Algorithm
[ L it e capacy g epens o o1 s secton, we considr a cifed vesion of
model of user mobility which in steady state distributes user fossglauser-Tse relay algorithm of [5], and show the

independently and uniformly over the network yields the Sarﬁigorlthm IS capamty achlevmg with a bounded average
: . elay. The algorithm restricts packets to 2-hop paths, where
expression for capacity.

i : . on the first hop a packet is transmitted to any available user.
Theorem 1:The capacity of the network is: This user will act as a ‘relay’ for the packet. The packet is

o= ptyq 1) stored in the buffer of the relay until an opportunity arises
2d for it to be transmitted by the relay to its destination. Note
where that the notion of relaying is vitally important, as it allows
i (1 _ i)N N (1 _ i)Nq @ throughput to be limited only by the rate at which a source
p= c c c encounters other users, rather than by the rate at which a
1 N/2 . . .
g=1-(1-2) (3) source encounters its destination.

and hence the network can stably support users simultaneo
communicating at any rate < u.

Note thatp represents the probability of finding at least tw
users in a particular cell, ang represents the probability of 1) If there exists a source-destination pair within the cell,

ltsgfl Partitioned Relay AlgorithmEvery timeslot and for each
gell containing at least two users:

finding a source-destination pair within a cell. randomly choose such a pair (uniformly over all such
Proof: The proof of the above theorem involves proving ~ Pairs in the cell). If the source contains a new packet
that A < u is necessary for network stability, and that intended for that destination, transmit. Else remain idle.

is sufficient. The necessary condition is proven in [2] [1]. 2) If thereis no sourc_:e-.destination pair in the cell, designate
Sufficiency is established in the next subsection, where an @ random user within the cell as sender. Independently

algorithm with bounded average delay is provided. 0 choose another user as receiver among the remaining
Taking limits asN — oo, we find the network capacity users within the cell. With_ equal probability, randomly

tends to the fixed valuél — e~ — de~9)/(2d). Hence, for choose one of the two options:

nonzero capacity, the ratio= N/C should be fixed as both o Send a Relay packet to its Destinatidfi:the des-

N and C scale up. The optimal user/cell density and the ignated transmitter has a packet destined for the

corresponding capacity* are: d* = 1.7933, p* = 0.1492. designated receiver, send that packet to the receiver.

Thus, large cell partitioned networks cannot support more than Else remain idle.



« Send a New Relay Packdf: the designated trans- idleness arise because a queue is empty, an event that becomes

mitter has a new packet (one that has never befarereasingly unlikely as load approaches capacity.

been transmitted), relay that packet to the designatedThe form of the delay expression is worth noting. First note

receiver. Else remain idle. the classicl/(x — A;) behavior, representing the asymptotic

Because packets that have already been relayed are @@wth in delay as data rates are pushed towards the capacity

stricted from being transmitted to any user other than thélipundary. Second, note that for a fixed loading valye=
destination, the above algorithm restricts all routes to 2-hep/#, delay is O(N), growing linearly in the size of the
paths. The algorithm schedules packet transfer opportunitR&work.
without considering queue backlog. Performance can be im-The exact delay analysis is enabled by the Bernoulli input
proved by allowing alternative scheduling opportunities in thessumption. If inputs are assumed to be Poisson, the delay
case when no packet is available for the chosen transmissiégory in [4] can be used to develop a delay bound, and the
However, the randomized nature of the algorithm admits a nieeund for Poisson inputs is not considerably different from
decouplingbetween sessions (see Fig. 2), where individutlle exact expression for Bernoulli inputs given in (4). These
users see the network only as a source, destination, and integults can also be extended to the case when the mobility
mediate relays, and transmissions of packets for other sourfedel conforms to a Markovian random walk (see analytical
are reflected simply as random ON/OFF service opportunitigdscussion and simulation results in Sections VI and VII).

) Ill. SENDING A SINGLE PACKET
20(N-2) In the previous subsection we showed that the cell parti-
e tioned relay algorithm yields an average delayfN/(u —
\ ) . A:)). Inspection of (4) shows that thi®(N) characteristic
source H \’\ (00) 4 cannot be removed by decreasing the data pat&he fol-
2d(N-2) lowing questions emerge: Can another scheduling algorithm
VOAN-2r-+ K be constructed which improves delay? What is the minimum

| delay the network can guarantee, and for what data rates is
this delay obtainable? More generally, for a given data rate
A (assumed to be less than the system capagitywe ask:
Fig. 2. A decoupled diagram of the network as seen by the packdfghat is the optimal delay bound, and what algorithm achieves
transmitted from a single user to the corresponding destination. Serv'ﬁﬁsf; In this section we present several fundamental bounds
opportunities at the first stage are Bernoulli with rateService at the second ) p_ . .
stage (relay) queues is Bernoulli with rae — q)/(2d(N — 2)). on delay performance, which establishes initial steps towards
addressing these general questions.

Theorem 2:Consider a cell partitioned ngtwork (withy A. Scheduling Without Redundancy
users and” cells) under the 2-hop relay algorithm, and assume _ _
that users change celisl and uniformly over each cell every Suppose that no redundancy is used: that is, packets are
timeslot. If the exogenous input stream to usés a Bernoulli  Not duplicated and are held by at most one user of the
stream of rate\; (where); < 1), then the total network delay network at any given time. Thus, a packet that is transmitted
W; for useri traffic satisfies: to another user is deleted from the memory storage of the
transmitting user. Note that this is the traditional approach to

E{W,;} = N-1-X (4) data networking, and that the 2-hop relay algorithm is in this
B A class.
where the capacity is defined in (1). Theorem 3:Algorithms which do not use redundancy can-
Proof: The proof uses reversibility of the first stage queu@ot achieve an average delay of less tiianV).
and is provided in Appendix A. O Proof: The minimum delay of any packet is computed

Note that the decoupling property of the cell partitionetly considering the situation where the network is empty and
relay algorithm admits a decoupled delay bound, so that theer 1 sends a single packet to user 2. It is easy to verify
waiting time for useri packets depends only on the ratehat relaying the packet cannot help, and hence the delay
of the input stream for usei, and does not depend on thedistribution is geometric with mea@’ = N/d. O
rate of other streams—even if the rate of these streams idHence, the relay algorithm not only achieves capacity, but
greater than capacity. It follows that the network is stabkchieves the optimaD(N) delay performance among all
with bounded delays whenever all input streams are less ttstrategies which do not use redundancy. Other policies which
capacity, i.e., whem\; < p for all usersi. Thus, the relay do not use redundancy can perhaps improve upon the delay
algorithm achieves the capacity bound given in (1) of Theoregoefficient, but cannot change tli§ N) characteristic.

1. It is perhaps counter-intuitive that the algorithm achieves ] i

capacity, as it often forces cells to remain idle even whéh Scheduling With Redundancy

choosing an alternate sender would allow for a packet to beAlthough redundancy cannot increase capacity, it can con-
delivered to its destination. The intuition is that all cases aiderably improve delay. Clearly, the time required for a packet



to reach the destination can be reduced by repeatedly trans-

mitting this packet to many users of the network—improving -1 1/C)N’1 | e
—_—

the chances that some user holding an original or duplicate  P(success) > (5)
version of the packet reaches the destination. Consider any VN VN
network algorithm (which may or may not use redundant VN

Hence,S; < SummingS; and.S; proves the result.

O

packet transfers) that restricts packets to 2-hop paths. T—e—d°
Theorem 4:No algorithm (with or without redundancy)
which restricts packets to 2-hop paths can provide an average ) .
delay better thard(v/NV). . Multi-User Reception
Again consider the sending of a single packet from its To increase the packet replication speed throughout the
source to its destination. Clearly the optimal scheme is to hayetwork, it is useful to allow a transmitted packet to be
the source send duplicate versions of the packet to new relagseived byall other usersin the same cell as the transmitter,
whenever possible, and for the packet to be relayed to thét just the single intended recipient. This feature cannot
destination as soon as either the source or a duplicate-carnyiigfease capacity, but can considerably improve delay by
relay enters the same cell as the destination. enabling multiple duplicates to be injected into the network
Let Ty represent the average time required to reach the d@gth just a single transmission. However, provided that the
tination under this optimal policy for sending a single packetiser/cell densityl is O(1) (independent ofV), the O(v/N)
In the following lemma we bound the limiting behavioof  result of Theorem 4 cannot be overcome by introducing multi-
E{Tn}, proving Theorem 4. user reception (see [1]). For the remainder of this paper, we
Lemma lie™? <limy_.o E{Tj\,\’} e — assume multi-user reception is available.
Proof: Lemma 1 (a)Lower Bound:To prove the lower
bound, note that during timeslotsl, 2,...,v/N}, there are IV. SCHEDULING FORDELAY IMPROVEMENT
fewer thany/N users holding the packet. HencBr[Ty > ) i
VN > (1 - 1/0)\/N\/ﬁ (where (1 — 1/0)” is the In the previous section a®(v/N) delay bound was de-

probability that nobody within a group of N particular users veloped for redundant scheduling by considering a single

enters the cell of the destination during a given timeslo _acket for a single destination. Two complications arise when

Recall that the user/cell densityis definedd2N/C. Thus: esigning a general scheduling protocol using redundancy: (1)
o All sessions must use the network simultaneously, and (2)

E{Txy} > E {TN|TN > \/N} Pr[Tx > VN] Remnant versions of a packet that has already been delivered
e to its destination create excess congestion and must somehow
> VN <1 _ d) e N be removed. .
N Here we show that the properties of the 2-hop relay

(b) Upper Bound: To prove the upper bound, note thaglgorithm make it naturally suited to treat the multi-user
E{Tn} < S+ 52, whereS; represents the expected numbeproblem. The second complication of excess packets is
of slots required to send out duplicates of the packey/fs overcome by the followingin-cell feedback protocelin
different users, and, represents the expected time until onwhich a receiving node tells its transmitter which packet it
user within a group of/N users containing the packet reacheis looking for before transmission begins. We assume all
the cell of the destination. The probability of the sourcpackets are labeled witeend numbersSN, and the in-cell
meeting a new user is at lealst- (1 — 1/C)N*\/N for every feedback is in the form of @aequest numbeRN delivered
timeslot where fewer thay’N users have packets, and henchy the destination to the transmitter just before transmission.
the average time to reach a new user is less than or equal tolfhéhe following protocol, each packet is retransmittedV
inverse of this quantity (i.e, the average time of a geomettignes to distinct relay users.

variable). Hence:
In-Cell Feedback Scheme withN Redundancy In every

VN N VN cell with at least two users, a random sender and a random

T1-(1-1/C)N-VN et receiver are selected, with uniform probability over all
To computeS,, note thatP(success), the probability that users in the cell. With probabilityl/2, the sender is

one of theyv/N users reaches the destination during a sldicheduled to operate in either ‘source-to-relay’ mode, or
is given by the probability there is at least one other user fi¢lay-to-destination’ mode, described as follows:
the same cell as the destination multiplied by the conditionall) Source-to-Relay ModéEhe sender transmits packgiV,
probability that a packet-carrying user is present given there and does so upon every transmission opportunity until
is at least one other user in the cell. The former probability is /N replicas have been delivered to distinct users, or until

1

1—(1—-1/C)N~1, and the latter is at least N /N: the sender transmitSV directly to the destination. After
. N such a time, the send number is incremented 20+ 1.
tUsing the inequalitye ¥~ ¢~ < (1 - 4)" < ¢4, explicit bounds If the sender does not have a new packet to send, remain

of the formav/N < E{Tx} < 3V N can also be derived. idle.



2) Relay-to-Destination Modéhen a user is scheduled to The RN/SN handshake ensures that newer packets do
transmit a relay packet to its destination, the followingot interfere with older packets, but that replication of the

handshake is performed: next packet waiting at the source queue begins on or before
« The receiver delivers its curred@tN number for the completion of theTyy ‘service time’ for the current packet
packet it desires. SN. Packets thus view the network as a single queue to which

« The transmitter deletes all packets in its buffer deghey arrive and are served sequentially. Although actual service
tined for this receiver which hav8N numbers lower times may not be iid, they are all independently bounded by
than RN. E{Tx}, as are residual service times seen by a randomly

« The transmitter sends pack&tN to the receiver. If arriving packet. This is sufficient to establish the following
the transmitter does not have the requested pack@fma, the proof of which is omitted for brevity (see [1]).
RN, it remains idle for that slot. Lemma 2: Suppose inputs to a single server queue are Pois-

Notice that the destination receives all packets in order, af@n With sub-memoryless service times that are independently
that no packet is ever transmitted twice to its destination. bounded by a valu& {7y }. If the arrival rate is), where
Theorem 5:The In-Cell Feedback Scheme achieves the< 1/E{Tx}, then average delay satisfies:
O(V/'N) delay bound, with user data rates@f1/v/N).
More precisely, if all users receive exogenous data for their E{W} < 1 I E{Tn} @8)
destinations according to a Poisson process of hafethe -2 1—p
network can stably support rates < ji, for the reduced
network throughpuf: given by: wherep2\E {Tx}. The expression on the right hand side of
. (1 . e‘d) the above inequality is the standard expression for delay in an
—_— (6) M/M/1 queue with iid service time&y that are restricted to
42+d)VN start on slot boundaries.
where vy is a sequence that converges to 1/ds— oo. Defining i21/E{Tn} = 1/E{S; + S2} proves Thm. 5.
Furthermore, average end-to-end deByIV;} satisfies:

ﬂ:

E (W} < %+ 11/124 A. Multi-Hop Scheduling

To further improve delay, we can remove the 2-hop restric-
tion and consider schemes which allow for multi-hop paths.
0tgre, a simple flooding protocol is developed and shown to
a(,rhieveO(log(N)) delay at the expense of further reducing
Hgoughput.

To achieve O(log(N)) delay, consider the situation in
which a single packet is delivered over an empty network.
At first, only the source user contains the packet. The packet
gdtransmitted and received by all other users in the same

similarly to the proof of Lemma 1. The multi-user environmen‘feII ?IS tfh?hsource. In the ne?:t'tl_mes:ﬁt, the ksotu:ce as .;N.e"
here simply acts to scale up these expectations by a cons 2! Of e New USers containing the packet transmit in
factor due to collisions with other users (compare the upp Ir respective cells, and so on. If all duplicate-carrying users
bound of Lemma 1 with that given in (7) below). This factanter distinct cells every timeslot, and each of these users

does not scale withV because the average number of use livers the ;t)qcket iﬁ exact&ytone NEW user, tt_her|1| the nurgber
in any cell is the finite numbed. Indeed, in [1] it is shown of users containing the packet grows geometrically according
that: to the sequencél, 2, 4,8, 16,...}. The actual growth pattern

42+ d)VN may deviate from this geometric sequence somewhat, due to
E{Tn} < N =) (7)  multiple users entering the same cell, or to users entering cells
N that are devoid of other users. However, it can be shown that
the expectedgrowth is geometric provided that the number of
packet-holding users is less thafy 2.
Define the total time to reach all users B = S; + Se,

wherep; £\, /ji.

To prove the result, first note that when a new packet reac
the head of the line at its source queue, the time required
the packet to reach its destination is at mést = S; + 5o,
where S; represents the time required for the source to se
out /N replicas of the packet, anfl, represents the time
required to reach the destination given th@y users have the
packet. Bounds on the expectations$f and S, which are
independent of the initial state of the network can be comput

wherevy is a function that converges to 1 &6 — oc.
Note that the random variabldy satisfies thesub-
memorylessproperty: The residual time of’y given that

a fixed number of slots have already passed (withbpmt . . .
expiring) is stochastically less than the original tiffie.? This where 5, and 5, respectively represent the twn_e requwe_d to
' %nd the packet to at leadt/2 users, and the time required

is because the topology of the network is independent from sJot |~ . = .
. . : deliver the packet to the remaining users given that at least
to slot, and hence starting out with several duplicate pack L
/2 users initially hold the packet.

already in the network yields statistically smaller delay than
y y y y Lemma 3:Under the above algorithm of flooding the net-

if no such initial duplicates are present. ) ) .
work with a single packet, for any network sizZ€ > 2,
2This is often called the ‘New Better than Used’ property’, see [18].  the expected tim& {Ty} for the packet to reach every user



satisfiesE {Tn} < E{S1} + E{S:2}, where: V. FUNDAMENTAL DELAY/RATE TRADEOFFS

log(N)(1 +d/2) Considering the capacity achieving 2-hop relay algorithm,
E{S} < Tog(2)(1 — e—/2) the 2-hop algorithm withy/N redundancy, and the packet
9 flooding protocol, we have the following achievable de-
E{S2} <1+ -(1+1log(N/2)) (9) lay/capacity performance tradeoffs.
Proof: The proof of thek {5, } bound is given in Appendix | Scheme capacity delay
B. TheE {S;} proof is omitted for brevity (see proof in [1]). | no redundancy 0(1) O(N)

0 redundancy 2-hop | O(1/v/N) | O(V/N)
Thus,O(log(NV)) delay is achievable when sending a single | redundancy multi-hop O(g5ery) | Olog(NV))
packet over an empty network. To enaliklog(N)) delay A simple observation reveals thdtlay/rate > O(N) for
in the general case where all sessions are active and sheaeh of these three protocols. In this section, we establish that
the network resources, we construct a flooding protocol this is in fact a necessary condition. Thus, performance of each
which the oldest packet that has not been delivered to gliven protocol falls on or near the boundary ofumdamental
users is selected to dominate network resources. We assuaie-delay curvgsee Fig. 1).
that packets are sequenced withV numbers as before. Consider a network withV users, and suppose all users
Additionally, packets are stamped with the timeslat which receive packets at the same rateA control protocol which
they arrived. makes decisions about scheduling, routing, and packet retrans-
Fair Packet Flooding ProtocolEvery timeslot and in each missions is used to stabilize the network and deliver all packets
cell, users perform the following: Among all packets containeig their destinations while maintaining an average end-to-end
in at least one user of the cell but which have never bedelay less than some threshdld.
received by some other user in the same cell, choose the packdtheorem 7:The following inequality is necessary for any
p which arrived earliest (i.e., it has the smallest timestagp conceivable routing and scheduling protocol which stabilizes
If there are ties, choose the packet from the sessiaich the network with input rates\ while maintaining bounded
maximizes(t, +i) mod N. Transmit this packet to all other average end-to-end deldy:
users in the cell. If no such packet exists, remain idle. _
The above protocol is ‘fair’ in that in case of ties, session w > N - d(l —log(2)) (11)
1 packets are given top priority every timeslots. Other A 4d
schemes for choosing which packet to dominate the netwarkerelog() denotes the natural logarithm, add= N/C. In
could also be considered. Delay under the above protocol ggtticular, ifd = O(1), then% > O(N).

be understood by comparing the network to a single queueye prove this theorem with a novel technique for proba-
with N input streams of rated, A, ..., Ay Which share a pjjistic conditioning.

single server with service timegy . Note that thel'y service Proof: Suppose the input rate of each of tNesessions is

time is also sub-memoryless. Thus, from Lemma 2, we have: and there exists some stabilizing scheduling strategy which
Theorem 6:For Poisson inputs with rates for each source ensures an end-to-end delayT®f. In general, the end-to-end
i, the network under the fair flooding protocol is stabl@elay of packets from individual sessions could be different,
whenevery_, \; < 1/E{Ty}, with average end-to-end delayand we defind¥’; as the resulting average delay of packets
satisfying: from session. We thus have:
1 E{Ty}
BV g+ (10) W:%ZM 12)

where p£2 > NE{Tn}, andE{Tn} = E{S1} + E{S2}. — , ,
Note thatO(log(NN)) bounds oriE {S;} andE {S,} are given Lit Rif represent .theh av.erigt?dquancygssocleated W'tr?
in Lemma 3. Thus, when all sources have identical inpﬁtac ets from session That Is, B; is the number of users who

rates \, stability and logarithmic delay is achieved wher€C€IVe @ copy of an individual packet during the course of
A=0(xL ) the network control operation, averaged over all packets from

N log(N) . . . . sessioni. Note that all packets are eventually received by the
Note that the flooding algorithm easily allows fawlticast L — o
gag y destination, so thaR; > 1. Additional redundancy could be

sessionswhere data of rata is delivered from each source tointroduced by multi-hop routing, or by any packet replication
Il other rs One might ex h I n be improv ) A X ;
all other users One might expect that delay can be impro Ezdffort that is used to achieve stability and/or improve delay.

if we onl ign for unicast. However, it is shown in [1] th ; .
I €o y_desg or unicast. FIOWeVe, It 1S Sho [1] tha he average number of successful packet receptions per times-
ogarithmic delay is the best possible for any strategy at ap ,8 =

data rate. Hence, communication for unicast or multicast gt is thus given by the quantitx>_;_, R;. Because each of

S i )
the same in the logarithmic delay regime. In the next sectiot%?/é\_f users can receive at mostpacket per timeslot, we

we address the following question: Is it possible to increas N
data rates via some other protocol while maintaining the same A ZR’ <N (13)
average delay guarantees? =




Now consider a single packetwhich enters the network ﬁ). Becauselog(l + x) < z for any z, we havey <
from sessioni. This packet has an average delayl®f and 2R;/(C —1). We thus have:
an average redundancy &f;. Let random variable$V; and B _ B
R, represent the actual delay and redundancy for this packet. w,; > 1 — log(2) > @ 1)(1 log(2))
We have: 2y AR,
Summing this inequality over ail we have:

W, > E{W;|R; <2R;} Pr[R <2R)] N N
Fur ! T lsngp o (C-D(-log@) 1N 1
> E{Wi|Ris2Ri}§ (14) W‘N;W’ = 4 N;R‘
where (14) follows becausBr[R; < 2R;] > 1 for any non- = (o ~los2) (a7

. . N -
negative random variabl&;. 453 R

Note that the smallest possible delay for packes the \ynere (17) follows from Jensen’s inequality, noting that the

time required for one of its carriers to enter the same Cel|nction 1/R is convex. Combining (17) and (13), we have:
as the destination. Consider now a virtual system in which
(C=1)(1—log(2)A _ (N —d)(1—log(2) A

there are2R; users initially holding packep, and let Z W >

represent the time required for one of these users to enter 4 4d
the same cell as the destination. Every timeslot the ‘succé$snce, the delay/rate characteristics necessarily satisfy the
probability’ for this system isp21 — (1 — £)2Fi, so that inequality {- > O(N), proving the theorem. O

E{Z} = 1/¢. Although there are more users holding pagket We complete the analysis by proving Claim

in this system, the expectation gfdoes not necessarily bound Proof: (Claim 1) We first computénfg E {Z\ é}. Note
E {W;| R; < 2R;} because conditioning on the eveR; <
2R;} might skew the probabilities associated with the us
mobility process. However, because the evéRy < 2R;}
occurs with probability at least/2, we obtain the following
bound:

that Z is a continuous variable, and so the minimizing event
® is clearly the evenfZ < w}, wherew is the smallest value
such thatPr[Z < w] > 1. BecauseZ is exponential with rate

v =log(1/(1 — ¢)), we havePr[Z > w] = e =1/2, and

_ hencew = &) Conditioning on this event, we have:
E{W;| R; < 2R;} > infE{Z| 6} (15) 7
ing{Z|@} = E{Z| Zgw}
where the conditional expectation is minimized over all con- ©
ceivable event® which occur with probability greater than E {Z} ) {Z| 7> w} Pr(Z > u]
or equal tol/2. =

We nowstochastically coupléeZ to an independent exponen- L L fT[Z < w]
tial variable Z with ratey£ log(1/(1 — ¢)). The variableZ is R R A e )
stochastically lesshan Z becausePr[Z > w] < Pr[Z > w] N 1/2 N v

for all w. Indeed, becaus# is exponential with ratey, we
have Pr(Z > w] = e 7% = (1 — ¢)* for anyw > 0, while Z
is geometric with success probability so that:

Now note thatZ is stochastically lesshan Z, so that
there must exist @oupling variable Z’ such that variables
Z and Z' have the same distribution, arifl lies on the same
PriZ>w|=PrlZ>|w|]]=1-¢) > (1-9¢)¥ probability space ag and sgtisfies_Z’ < Z for all instances

PriZ > u] of Z andZ’ (see [18] for a discussion of stochastic coupling).
BecauseZ’ is also an exponential with ratg it follows that
infeE{Z'| ©} = (1 —log(2))/~. However, becausg’ < Z

The fact thatZ is stochastically less thai leads to the :
always, it follows that:

following claim:
Claim 1: For variablesZ and Z, we have: infE{Z'| ©} <infE{Z| O}
e G

1 —log(2)
Y

ing{Z| O} > infE {Z| (Z)} = (16) proving the claim. 0
(€]

The fact thatdelay/rate > O(N) establishes a funda-
where the first infimum is taken over all eveighat occur mental performance tradeoff, illustrating that no scheduling

with probability greater than or equal to/2 on the probability 2nd routing algorithm can simultaneously yield low delay
space forZ, and the second infimum is taken over all evenf{!d high throughput. The&)(N) and O(VN) scheduling

O that occur with probability greater than or equal /2 on algorithms provided here meet this bound with equality, and
the probability space fotZ. the O(log(V)) algorithm lies above the bound by a factor of

2
The claim is proven at the end O]Z t)h 's subsection. Using (18(\1/35 (n]gt)g (tiig :?elfn?l?; Vgr)a.proaches to the capacity/delay
: : 7”7 > 1—log(2 ) T
and (15) in (14) yieldsiv'; = —; From the definitions tradeoff problem were recently developed in [16] [15] [17] for

of v and ¢, we havey = log (1 /(1 — %)ﬁi) =2R;log(1+ networks with different physical characteristics. Specifically,



the work in [16] develops a similai¥ /A > O(N) curve the+/N redundancy algorithm exactly as before (without the
by assuming the user transmission radius can be increased<tsubchannel decomposition) yields similar performance for
include O(N“) other users, wherea is betweerd and1 and both iid and non-iid mobility.
affects the delay tradeoff. This analysis does not consider the
use of redundant packet transfers or multi-user reception. A - SIMULATION RESULTS
similar approach by Toumpis and Goldsmith in [15] shows that Here we compare the average delay obtained through both
an improved tradeoffi’ /A? = O(V log”(N)) can be achieved analysis and simulation as the network is scaled. We consider
when multi-user reception is used together with transmissi@metwork with cells given by an/ x M grid as shown in Fig.
radius scaling, but there was no proof of optimality. 1. The number of cell§’ is equal toM? (whereM is varied
In the context of a cell partitioned network as we havBetweerB and15 for simulations), and the number of use¥s
defined, an increased transmission radius would correspongst@hosen as the even integer for whishC' most accurately
a user/cell density that is a function df, that is,d = O(N®). approximates the optimal user/cell density vaitie= 1.7933.
While our work was developed independently and intended|n Fig. 3, plots of average end-to-end delay versus the
only for the casel = O(1) (independent ofV), the necessary number of usersV are provided for the 2-hop relay algorithm
condition in Theorem 7 was proven for arbitrary values of thgnd theO(v/N) redundancy algorithm for both an i.i.d. and
user/cell densityl, and hence it can be used to evaluate thgnon-i.i.d. mobility model. In the i.i.d. mobility model, users
performance of the Toumpis-Goldsmith algorithm applied toghoose new cells uniformly over all cells in the network.
cell partitioned network. Indeed, first note that the additiongh the non-i.i.d. model, each user chooses a new cell every
inequality NA < ¢ must hold for any policy on a cell timeslot according to the following Markovian dynamics: With
partitioned network (as the rate of new packets transmitt@gobability « < 1 the user stays in the same cell, and else
by their sources is less than or equal @ the maximum it moves to an adjacent cell to the North, South, East, or
number of transmissions possible during a slot). Thusy  west, with each direction equally likely. In the case where
1/d is necessary for any protocol, and directly plugging thig user is on the edge of the network and is selected to
inequality into (11) yields#¥/\? > (=00 -los() move in an infeasible direction, it stays in its place. Using
Hence, the Toumpis-Goldsmith algonthm is near-optimatandard random walk theory it is easy to verify that, in steady
over the class of all algorithms that can be implemented gfate, such a Markov model leaves users independently and
a cell partitioned network that does not impose the constraintiformly distributed over all cells, as the stationary equation
d = O(1). We note that a recent preliminary result in [17for the Markov chain is satisfied when all cell locations have
suggests that an improved tradeff/\* > O(N) is possible equal probability [19]. In particular, if; represents the steady
if the network has different physical properties that allow fostate probability of a particular cell we have:
multi-hop transmission during a single slot (so that a bit can
be transfered from nodeto node2 ... to nodek, all duringa 7, = m,a+7, (1-0) +7 (1—2) +7, ) +7y (1-0)
single slot). Of course, it is not possible to implement such an 4 4 4 4
algorithm on the cell partitioned network that we have definedhere m,, m,, 7., mq represent steady state probabilities for
because transmission on each successive hop would requiggher cells, possibly including cell In the case when cellis
new timeslot. an interior cell, it has four distinct neighbousb, ¢, d. In the
case when it is an edge cell with three neighhaoris ¢, we set
d =i (so that celli is its own neighbor). In the case when cell
The analysis developed here for the iid mobility modelis a corner cell with2 neighborse andb, we setc = d = 1.
can be used to bound the performance of a system wiltearly these steady state equations are satisfied when; the
a Markovian mobility model. Instead of performing controprobabilities are set ta/C for all i. Therefore, the network
actions on the network every slot, we decompose the netwarkpacity . is the same for both the i.i.d. mobility model and
into a set of K parallel sub-networks. Packets are considergbe non-i.i.d. mobility model, and is given by = ”;f as
to be of ‘type%’ if they arrive during a timeslot such that described in Theorem 1. In the simulation results we set the
t mod K = k. On such timeslots, only control actions or parameter of the non-i.i.d. model to= 1/2.
type+ packets take place. The value Bf is chosen suitably  For the capacity achieving 2-hop relay algorithm, the data
large to ensure that the user location distribution afér rate \ into each user is fixed @0% of the network capacity
slots is within a constant factor of its steady state valug. (given in Theorem 1), so that = \/u = 0.8. The top
Specifically, if K is chosen such that, regardless of the initiahree curves for average delay in Fig. 3 respectively represent
configuration of users, the probability that two given usethe exact analytical delay for i.i.d. mobility, the simulated
are in the same cell aftek™ slots is at leasty, then delay performance of the i.i.d. mobility model, and the simulated
under the three schemes is boundedy N), O(K+/N), performance of the Markovian mobility model. Note that
and O(K log(N)), respectively (see [1]). the simulation curve for the i.i.d. mobility model is almost
However, it is possible that alternative scheduling schemieslistinguishable from the analytical cur{WW} = NM 1AA
could yield lower delay. Indeed, in the next section it is showhhe curves are plotted on laglog scale and have a slope
through simulation that applying the 2-hop relay algorithm araf 1, indicatingO(N) delay. The delay curve for Markovian

VI. NON-1ID MOBILITY MODELS




Average Delay versus Network Size N
T

—— representing performance bounds on throughput and end-to-
—+— 2-hop relay: Markov sim. i . i
— 2-hop relay: id exact end network delay for any conceivable routing and scheduling

- 2-hop relay: iid sim.
—— sqrt(N) redundancy: upper bound 1
—+— sqrt(N) redundancy: Markov sim. p0|lcy

|| SaRN recndaney: ower bound ~ Delay analysis for the network was facilitated using a
simple iid user mobility model. Under this model, an exact
expression for end-to-end delay which includes the full effects
of queueing was established for the capacity achieving 2-
hop relay algorithm. Two other protocols which (necessarily)
_. use redundant packet transfers were provided and shown
T : to improve delay at the expense of reducing throughput.

Average Delay E[W] (log scale)
=
)

3 - ' 1 The rate-delay performance of these schemes was shown to
e lie on the boundary of the fundamental performance curve
' delay/rate > O(N). Analysis of general mobility models can
0 O/ - be understood in terms of this iid analysis, where delay bounds
Number of Users N (iog scale) can be scaled by the factéf, representing the number of slots

required between sampling points for samples of user locations
to look nearly iid. Furthermore, simulation results suggest that
O(v/N) delay can be achieved for networks with Markovian
mobility, as the delay for such systems closely follows the

Fig. 3. Average delay versus the number of usirdor the 2-hop relay
algorithm and the/N redundancy algorithm.

mobility is situated slightly above the curve for i.i.d. mobility, S -
and also has a slope af This suggests that for Markoviand€lay curve for a system with iid mobility. _

mobility, delay is increased by a constant multiplicative factor ' NS inspires a rich set of questions concerning the fun-
but remainsO( V). damental limits of data networks. We believe that the con-

Results for they/N redundancy protocol are also shown irfition delay/rate > O(N) is necessary for general classes

the figure. Data rates are set to the valug — 0.8/, whereji Zf mobile wireless networks, and that tieate, delay) =

is given in (6). Note that, unlike the network capagity the O(l/m),O(\/ﬁ)) operating point is always achievable.
throughputjz decreases a®(1/v/N). The analytical upper Such conjectures can perhaps be established using analytical
and lower bounds on delay for i.i.d. mobility are shown in thtechniques similar to those created here.

figure, each having a slope f2 indicating O(v/N) growth

(note that the lower bound represents the delay of sending APPENDIXA

just a single packet). The simulation performance for i.i.d. Proof of Delay Bound in Theorem 3: The exact end-to-end

mobility is shown in the figure and is situated between theetwork delay under the 2-hop relay algorithm with Bernoulli
upper and lower bounds. The upper bound is larger than th@uts and iid mobility isE {(W;} = %
simulated curve by approximately a factor tff, suggesting  proof: A decoupled view of the network as perceived by a
that tighter bounds could be obtained through a more detail§ilgle user is illustrated in Fig. 2. Because of the iid mobility,
analysis. The slope of the simulation curve varies betwegfe source user can be represented as a Bernoulli/Bernoulli
5/8 and 1/2. However, because delay is upper and lowgjueue, where every timeslot a new packet arrives with proba-
bounded by functions 0D(v/N), the average slope wouldpility \, and a service opportunity arises with some fixed prob-
converge tol/2 if the graph were extended. Simulation ofpility ;.. We first show thap = 252, The Bernoulli nature of
the Markovian mobility model is also provided, and the curvghe server process implies that the transmission probapilisy
again lies slightly above the i.i.d. mobility curve. This suggestsyual to the time average rate of transmission opportunities of
that delay under the Markovian model is closeQ0v'N).  sourcei. Hence, we havg = -+, wherer; represents the
Experiments to simulate the performance of @og(NV)) rate at which the source is scheduled to transmit directly to the
scheme were not performed. However, for this case, we wowdstination, and represents the rate at which it is scheduled
expect a discrepancy between the i.i.d. mobility model and thgtransmit to one of its relay users. The cell partitioned relay
non-i.i.d. mobility model. Indeed, although the i.i.d. mobilityalgorithm schedules transmissions into and out of the relay
model yields logarithmic delay, the delay under a Markoviafodes with equal probability, and hencgis also equal to the
mobility model would likely be closer t@(v/N) due to the rate at which the relay nodes are scheduled to transmit to the
time required for a user to travel from one side of the netwodestination. The total rate of transmission opportunities over
to the other. the network is thusV(r; + 2r,). A transmission opportunity

occurs in any given cell with probability, and hence:
VIIl. CONCLUSIONS
: o . . Cp = N(r1+2r2) (18)
This work for the first time presents a multi-hop, multi-user

system for which a relatively complete network theory caRecall thatq is the probability that a given cell contains
be developed. Exact expressions for network capacity wexesource-destination pair. Because the cell partitioned re-
derived, and a fundamental rate-delay curve was establishiag, algorithm schedules the single-hop ‘source-to-destination’



transmissions whenever possible, the natesatisfies: The expected maximum aff i.i.d. exponential variables of
Coe N 19 rate \ is equal to the expectation of the sum of intervals+
q=20"2 (19) Io+...+1y;, Wherel; represents the duration of time between

It follows from (19) thatr, = q/d’ and hence by (18) we the (Z — 1)th and i*" Completion time. The interval; is the

infer thatr; = Z_2. The total rate of transmissions out of thdirst completion time of}/ independently racing exponential

source node is thus given hy=rq + ry = 22, variables, and hencg is exponentially distributed with rate

2d . ) . .
The source is thus a Bernoulli/Bernoulli queue with inpud/A. Furthermore,l, is the first completion time ofi/ — 1
rate \ and server probability, having an expected number offacing exponential variables; is the first completion time of
packets given byl source = p(ll—A), wherep2)\/p [20]. This M — 2 racing exponentials, and so on. It follows that:

queue isreversible([19], [20]), and so the output process is Mo
m=1 m

also a Bernoulli stream of ratk. E{LH+L+.. . +Iy}=
A given packet from this output process is transmitted to

Hence,E {S2} <1+1 M L which is upper bounded by

.y +(1 4 log(M)). Hence:

the first relay nodewith probability u(J\Tf72—2) (because with
probability o /1. the packet is intended for a relay node, an

each of theN — 2 relay nodes are equally likely). Hence,

every timeslot this relay independently receives a packet wit@{s b<14t 1+log(M) _ . 1+log(N/2) 0
probability A\ = —A™_. The relay node is scheduled for a 2= log(1/(1—4)) — log(ed/2)

. w(N=2)" "7 L . .
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