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Abstract— The paper investigates theoretical issues in ap-  This paper concerns a class of improved swarming tech-
plying the universal swarming technique to efficient conteh  niques, known asuniversal swarmingWe associate with
distribution. In a swarming session, a file is distributed toall each file to be distributed aession which consists of

the receivers by having all the nodes in the session exchangeth f a fil d th . h int ted
file chunks. By universal-swarming, not only all the nodes € source or a Tie an € receivers who are intereste

in the session, but also some nodes outside the session mayN downlor_zlding t_he file. In traditional swarmi_ng, chunk
participate in the chunk exchange to improve the distributon  exchange is restricted to the nodes of the session. However,
performance. We present a universal swarming model where in universal swarmingmultiple sessions are combined into a
the chunks are dlstrlbutgd along dlffergnt Steiner trees raoted single “super session” on a shared overlay network. Unalers

at the source and covering all the receivers. We assume chusk . tak dvant f the het

arrive dynamically at the sources and focus on finding stable Swarm_m a efs advan aggs o € heterogenous resource
universal swarming algorithms. To achieve the throughput CapaC'FleS of dlf_ferent sessions, SUCh_ as the source upload
region, universal swarming usually involves a tree-seleiin  bandwidth, receiver download bandwidth, or aggregate up-
subproblem of finding a min-cost Steiner tree, which is NP- |oad bandwidth, and allows the sessions to share each ®ther’
hard. We propose a universal swarming scheme thatemploys an yagqyrces. The result is that the distribution efficiencyhef

approximate tree-selection algorithm. We show that it achéves . . H ith Gaibl
network stability for a reduced throughput region, where the resource-poor sessions can improve greatly with negeg

reduction ratio is no more than the approximation ratio of ~impact on the resource-rich sessions (see [8]).
the tree-selection algorithm. We propose a second universa  In universal swarming, if we focus on a particular file, not
swarming scheme that employs a randomized tree-selection only the source and all the receivers participate in the khun
algorithm. It achieves the throughput region, but with aweser gy change process, some other nodes who are not interested in
stability result. . - .
the file may also participate. We call the latter out-of-g@ss
I, INTRODUCTION nodes. To illustrate the essence of universal swarming, as
) . well as the main issues, consider the toy example in Fig. 1.
The Internet is being used to transfer content on & Mofghe numbers associated with the links are their capacities.

and more massive scale. A recent innovation for efficientet ys consider a particular file for which the source is node
content distribution is a technique known ssarming In 1 an( the receivers are nodes 2 and 3. Node 4 is out of the
a swarming session, the file to be distributed is broken int@assion. Let us focus on a fixed chunk and consider how it
many chunks at the original source, which are then spregdn, pe distributed to the receivers. With some thoughts, it
out across the peers. Subsequently, the peers exchange dh§ pe seen that the chunk propagates on a tree rooted at the
chunks with each other to speed up the distribution procesgyrce and covering both receivers. All possible distidut
Many different ways of swarming have been proposed, sugfees are shown in Fig. 2. We notice that a distribution tree
as FastReplica [1], Bullet [2], [3], Chunkcast [4], BitTent 3y or may not include the out-of-session node, 4. Thus, a
[5], and CoBlitz [6]. distribution tree is &teinertree rooted at the source covering

The swarming technique was originally introduced by thgy| the receivers; the out-of-session nodes (e.g., nodeet) a
end-user communities for peer-to-peer (P2P) file sharinghe Steiner nodes.

The subject of this paper is how to apply swarming to \wjth this model of multiple multicast trees, one of the
dynamic end-user file-sharing situation, the infrastrietu gistribution trees so as to optimize certain performance
networks and the content servers are relatively static {howpjective, such as maximizing the sum of the utility funoso
ever, the traffic can still be dynamic). In this setting, it iSof the sessions, or minimizing the distribution time of the
multicast trees. This view allows us to pose the questiomticast trees. One such question was addressed in [7] in
of how to optimally distribute the content. (See [7].) Furthe context of non-universal swarming, where each session’
thermore, it is often easier to first develop sophisticateglticast trees are spanning trees instead of Steiner. trees
algorithms under the static assumption, and then, adapt thg-or ynjversal swarming, the question was addressed in [8].
o _ _ (which are possibly the solutions to the aforementioned rat
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the example in Fig. 1, a source rate of 2 is the largesinding such a schedule is in general an NP-hard problem.
distribution rate that can be supported by the network. Wherhe universal swarming problem usually involves an NP-
the file chunks arrive at (or generated by) the source nodeard subproblem in order to achieve the entire throughput
1 at a mean rat@ — 2¢, wheree > 0 is a small number, region, which is to find a minimum-cost Steiner tree. This
we can place chunks on the first and the second trees similarity makes many of the concerns and investigative
Fig. 2 at a mean raté — ¢ each. For this example, the approaches in the wireless link scheduling problem relevan
solution actually stabilizes the network. But, this cosadim to the universal swarming problem. In [16], [23], Lit.

requires technique conditions and is not generally true fal. showed that approximation algorithms for the maximum-

more complicated situations. weight scheduling problem can be used to stabilize a portion
of the throughput region. Some researchers considered max-
2.9¢ imal scheduling algorithms and studied what their stapbilit

regions are [17], [18], [27]-[30]. Tassiulas [19] proposed
a randomized scheduling algorithm that achieves the entire
throughput region.

In this paper, we develop a universal swarming scheme
that employs an approximation algorithm to the tree salacti
(a.k.a. scheduling) problem, which achieves a rate region
equal to the throughput region reduced by a constant factor
~, v > 1. We show thaty is no more than the approximation
Fig. 1. Node 1 sends the file to nodes 2 and 3. ratio of the tree scheduling algorithm. The scheme requires
network signaling and source traffic regulation. We profeose
second universal swarming scheme that utilizes a randamize

tree selection algorithm, which achieves the entire thinpug
l-¢ l-e region, but with a weaker stability property. The differenc
between our problem and the wireless scheduling problem is
substantial. We must consider multi-hop, multicast comimun
@ e e @ cations, whereas most of the papers on the wireless problem
are about unicast communication and many focus on single-

hop traffic. The difficulties with multi-hop communication
arise from the fact that the arrival processes to the interna
links are usually unknown.
The rest of the paper is organized as follows. The models
and the problem description are given in Section Il. The first
e ° e e e e universal swarming scheme and the analysis are presented
in Section Ill. The second scheme and the analysis are

presented in Section IV. The detailed proofs are omitted and
can be found in [31]. The conclusion is in Section V.

Fig. 2. All possible distribution trees for the example igFi.

Research on similar stability questions has been very Il. PROBLEM DESCRIPTION
active, but generally, in the context of unicast settingy.(e. . ) .
[9]-[18]), possibly with multiple paths per connection.eTh We consujer a tlme-sl_otted system where each time slot
presence of multicast puts our problem in a class of @S @ duration of one time unit. Let the network be rep-
own in that many earlier stable control algorithms, such d@sented by a d|recteq grapl = (V_’ E), where V IS
the maximum backpressure-based algorithm [9], [11], an@e set of nodes an_ﬂ? is the. set of links. For each link
techniques for stability analysis are not directly applea © € B, let c. denote its capacity, whewe > 0. For ease of

The main reason is that, unlike unicast, the flow consematid"€Sentation but without loss of generality, we assume that
condition no longer holds under multicast. each session, which distributes a distinct file, has onecsour

Another salient aspect of the universal swarming prob"j-md hence, there is a one-to-one mapping between a session

lem is most related to the problem of link scheduling inand a source. Le$ denote the set of sources (sessions); for

wireless networks subject to link interference constﬁainteaChS € 5, letV; C V be the set of receivers associated

which has attracted much attention recently [10], [14]]{16 with the source (sessiord) .
[30]. In [10], Tassiulaset. al. showed that the maximum- For each source ¢ 5, suppose unit-length packets (or

weight link schedule achieves (i.e., stabilizes) the entirfIIe chunks) arrive at the source according to a random

interior of the throughput regidn where the weights are process, which will be distributed over the network to all

the queue size differences, or the backpressure. Howevg.‘].’e recelver_s,VS. The mptlvat|on for using a source model
with dynamic arrivals is that the content may not be a

1Subsequently, when we say an algorithm achieves or stbitizregion, static file or _Stored IocaIIy. The.mOd_eI 1S gengral enoqgh
we mean the interior of the region. to cover realtime content, streaming video with time-vagyi



bandwidth, or non-locally stored static data. Even if théren rate vector\ ¢ A, no matter how the traffic is split among
file is static and stored at the source, this source modt#ie distribution trees, there exists a linlsuch that the total
can still be appropriate: One can assume the arrival procemsival rate toe is strictly greater than its service rate. In
is deterministic with a constant arrival rate. Ldt (k) be Section Ill, we will show the interior of\ is stabilizable.

the number of packet arrivals on time slot Let us make We also define ay-reduced throughput regiomas LA,
the following assumption on the arrival procesde$(k)} where~ > 1. By saying that the arrival rate vector is
throughout the paper, unless mentioned otherwise. Aditio strictly inside the regiont A, we mean that there exist some
assumptions may be added as needed. €0 >0 and a vector > 0 such thaty >, .. o, = 1,¥s € S

AS 1: For each sources € S, E[As(k)] = s, gnd and - cs D prerecry MAs < %ce — €9,Ve € E. This is
E[(As(k))?] < K, for some0 < K; < oo, for all time  equivalent to
k. Furthermore, for every pair of sourcesand s’, the
covariance Cold(k), Ay (k)) < Ko for some0 < Ky < ce 2 (€0 + Z Z aths), Ve € E. ©)
o0, for all k. s€S {teTs|ect}

Note that the second order statistics{ef(k)} have uniform Note that the region of rate vectors that are strictly inside
bounds. As discussed in Section I, for the static file case, the region%A contains the interior O%A.
could be the solution of a rate allocation problem.

In this paper, we will present stable universal swarmin
algorithms to distribute the packets to all the receivems. F  Each source has at least two possible approaches to use the
eachs € S, the packets will be transmitted along variougnulticast trees. In one approach, the traffic from each sourc
multicast distribution trees rooted atto the receiverd/,. s may be split according to some weights;);c7, and
An analog to this in the unicast case is data delivery usingansmitted simultaneously over the trees on every time slo
multiple paths between the sender and the receiver. Alternatively, the distribution can be done by time-shgrin

We will take Neely’s definition of stability ( [14]; [32], of the trees. The algorithms in this paper follow the time-
chapter 2) unless mentioned otherwise. For a single-queskaring approach. On each time slgtthe sources selects
process{q(k)}, let us define the overflow function: one distribution tree from the sef,, denoted byt (k),
according to some tree-scheduling (tree-selection) sehem
and transmits packets only over this tree on time glot
The time-sharing approach can emulate the first approach
in the sense that, when done properly, the fraction of time

Definition 1: The single-queue procesg(k)} is stableif  each distribution tree is used over a long period of time can
g(M) — 0 asM — oo. A network of queues is stable if approximate any We|ght VeCtQUt)teTs-
every queue is stable. In addition to selecting the distribution treg(k) at each
With this definition of network Stablllty, it genera”y suféis time S|0t’ an a|gorithm also needs to decide how many pack-
to show that a Lyapunov function of the queues has a negts are released to the tree. We will present two algorithms
ative drift when it becomes large enough. If with additionaln the following sections. The key question is what portion

assumptions, the network queues form an ergodic Marky the rate region is stabilizable by each algorithm.
chain, the same drift condition implies the chain is positiv

recurrent, or equivalently, has a stationary distribution IIl. SIGNALING, SOURCE TRAFFIC REGULATION AND
_ ~v-APPROXIMATION MIN-COST TREE SCHEDULING
A. Throughput Region A. Signaling Approach

For each source € S, let the set of candidate distribution Stability analysis of a multi-hop network is often difficult
trees be den_oted by _Let T' = UsesTs. The trees can be because the packets travel through the network hop-by-hop,
enumerated in an _arb_ltrary order asts, - - b where  nstead of being imposed directly to all links that they will
|-| denote the cardinality of a set. Throughout this paper, fchaverse. As a result, the arrival process to each inteimal |
eachs € S, T, contains all pqssible dist_ribution trees r(.)otedCan be difficult to describe. The frequently-used technigfue
at the sources unless specified otherwise. Althoudfi| is o4 ork signaling can be helpful. In our case, each sosirce
finite, it might be very Igrge. , sends control signals to inform all the links on the curnentl

The throughput regionis defined as selected tree, (k) the number of packets it wishes to transmit

A={\>0:3a>0such thatz o =1,¥se S over this tree by the engl of time slbt We can imagine each _
e, signaling message carries that number of virtual packets wi
it. We give the signaling messages the highest processing
andd > ad<c,VeeEh (2 priority at each node/link, and hence, they experience the
€5 {teTslect} minimum delay. We assume that each signaling message
Here, o represents how the traffic from the sources is splifrom a source arrives at each hop instantaneously.
among the distribution trees. Obviously, contains the Consider a particular time sldt and a particular internal
stability region, i.e., all\ that can be stabilized by somelink e on the selected distribution tree. The real packets
algorithms. This is so because, for any non-negative measued by the source on time slowill in general be delayed

E. The Class of Algorithms: Time Sharing of Trees

K—o00

K
g(M) = lim sup % ZP{q(/{) > M}. 1)
k=1



or buffered at upstream hops and will not arrive at link time slot & and for each source, the selected tree, (k)
until later. However, via signaling, link knows how many satisfies

packets_are transmitted py the source on time &loThe Z ge(k) < WmiDqu(k), 7)
cumulative number of arrived real packets to each hop must ecty (k) et et

be no more than the cumulative number of arrived virtual

packets. where~ > 1. If there are multiple trees satisfying (7), the

One question is how many virtual packets (real packetie is broken arbitrarily.

as We”) are to be released to the network on a time slot. The rationale for this tree'SChedU"ng scheme is Straight-
Intuitively, each source can release all the packets arrivedforward. Wheny = 1, the tree-scheduling scheme solves the
during time slotk, i.e., A,(k). However, the uncontrolled Min-cost Steiner tree problem, which is NP-hard. But, the
randomness ofl, (k) causes difficulty in the stability analy- min-cost Steiner tree problem has approximation solutions
sis, as we will see later. In our signaling-based algorithmyvhich we can use. In [33], a family of approximation
each sources sets the number of virtual packets to bealgorithms for the directed Steiner tree problem is progpse
released at a constant valigt¢; on every time slo.. Here, Which achieves ar©(log” k) approximation ratio in quasi-

e; is a sufficiently small constant such thatk |S|e; < ¢p.  POlynomial time, wheré is the number of receivers. It will
This guarantees the stability of the source regulators,as We proven in the following stability analysis that, if we are

will see. able to find the minimum-cost Steiner tree on each time slot,
In the algorithm, each linke updates a virtual queue, W€ can stabilize the network for the interior of the entire
denoted byg. (k). throughput region)\; if we adopt they-approximated min-

cost tree scheduling, we can stabilize the network for the
gelk+1) =[g.(k)+ > (\s+ea)=—cli (4 interior of 1A,
s€S:ects (k)

: o . . .D. Stability Analysis
[-]+ is the projection operation onto the non-negative domain.

Tree scheduling is based on the virtual queues instead of theThe analysis of stability is based on the drift analysis of

real queues. Lyapunov functions.
1) Stability of the RegulatordDefine a Lyapunov function
B. Source Traffic Regulation of the regulator queues as
Since at each time slot, for any sourgethe number of I B 5 8
virtual packets signaled by the source\is+ ¢, the number 1(p) = ZPS' (8)

of real packets transmitted should be no more than- ¢;. s€5

A regulator is placed at each soure¢o guarantee this. Lemma 1:There exists some positive constant M, <
A regulator is a traffic shaping device (its use is als@o such that for every time sldt and the regulator backlog

considered in [17]). All the packets arriving at soukctirst  vectorp(k), the Lyapunov drift satisfies

enter a regulator queue, and will be released to the network

later in a controlled fashion. On each time skotlet D, (k) E[Li(p(k + 1)) = L (p(k))[p(k)] < —e1 Y _ps(k), (9)

denote the number of packets released from the regulator s€s

to the distribution tree,(k), and letp,(k) be the regulator

H M
gueue size at source The evolution of the regulator queueIf Zsesps_(lk) Z o ]
2) Stability of the Virtual QueuesDefine a Lyapunov

is given by ) i
function of the virtual queue backlog vectgras
ps(k+1) :ps(k)+As(k)_Ds(k)v (5)
IAOED I (10)
where e€E
Dy (k) _{ As+er if po(k) = As + 5 6)  Let t(k) = (ts(k))ses be the vector of the chosen
ps(k)  otherwise distribution trees at timé:. We allow ¢(k) to be a random

From (5) and (6), we see that at most + ¢, real packets Vector. For instance, this will be the case when there are
are released on each time slot, provided the regulator hB&!Itiple trees satisfying (7) and the tie is broken randomly
sufficient packets, and this rate is slightly higher than the Lemma 2:1f the mean arrival rate vectox is strictly in-
mean packet arrival rate. This guarantees the stabilitpef t Side the regiort A, then, there exist some positive constants

regulator, and we will address this in more details in th8 < M2 < oo ande for all sample paths of¢(k)} such
stability analysis. that, for every time slot and virtual queue backlog vector

q(k), the Lyapunov drift satisfies

La(q(k +1)) = La(q(k)) < My —2¢ > qe(k),  (11)
ecE

C. ~-Approximation Min-Cost Tree Scheduling

We can interpret the virtual queue sige as the cost of
link e. Then, the cost of a treeis ) ., g.. We propose the
~-approximation min-cost tree schedulisgheme: On each wheree = veg — |S|e; > 0.



Hence, wherd_ . q.(k) > % the Lyapunov function has consider an algorithm that randomly samples the trees at eac
a negative drift under all sample paths{afk)}. time slot. Selecting trees by random sampling is attractive
in practice since the algorithms for doing this tend to be
La(q(k + 1)) = L2(q(k)) < _EZ ¢e(k).  (12) simple and fast. Some practical systems such as BitTorrent
eck [5] already use variants of random sampling.
Corollary 3: For each linke, there exists a sufficiently  Our main concern is whether the tree-sampling approach
large constanf/. < oo such thatg. (k) < M.. has any performance guarantee with respect to stability. We
Remark: The chosen deterministic arrival rates of theconjecture it does. We will show important steps that may
virtual packets guarantee that the virtual queues are temlind eventually lead to the conclusion that, in contrast to treeca
This is an important fact for proving the stability of the reawith approximation algorithms, the entire interior df is

queues. If the sources signal random arrival rates for thgabilizable. The theoretical development about the étfryor
virtual packets, the virtual queues can be stable but are ngtin part based on [19].

guaranteed to be bounded. _ )

3) Stability of the Real Queuesor convenience, let us A- Signaling
assume each real packet remembers its distribution trég. Th In this algorithm, the sources still signal the links about
way, the nodes on the tree know when to duplicate the packéte incoming traffic, but they are not regulated. Specificall
Moreover, each packet at any link also has an unambiguotie number of virtual packets released by sour@m every
hop count which is the hop count on its tree path from thetime slotk is A, (k) instead of\, + ¢;. For eache € E, the
source to the current link. With this setup, we can assunmeyolution of the virtual queuey.(k), is
the following queueing discipline for the real queues.

AS 2: At each linke, a packet with a smaller hop count %e(k+1) = [ae(k) + Y. Auk) = (ce— )]+, (15)
has priority over any packet with a larger hop count. s€Sie€t, (k)

First, we will show some properties of the real packetvhere0 < e; < ¢g. From (15), the virtual queue dynamic is
arrival rates to the intermediate links. Define an indicatoconservative since it does not use the full service capacity

function I(e, t), wheree is a link andt is a tree. We will later see the reason in the stability analysis.
_J 1 ifeet B. Randomized Tree Scheduling
I(e,t) = .
0 otherwise

Denote the min-cost tree for soure®y 75(g) with respect
Lemma 4:For any linke € E, there exists a constant to the link cost vectoy. We have,

0 < M. < oo such that for anyeg and k with kg < k, )
. GZ( ) ¢ = min ezet Ge- (16)
375 Do(u)(e,ts(w) < (k— ko + 1)ee + M. (13) o M _ o )
w0 565 If multiple min-cost trees exist, the tie is broken arbiilsar
Let Q.(k) denote the real queue backlog of lialat time In this scheme, the sources use some randomized algo-

slot k. We can show by induction that under the prioritizedithm to select trees, with the requirement that the alparit
queueing strategy in AS 2, the real queue backlogs am@n find the min-cost trees with a positive probability. More
bounded. The proof is adapted from [16]. specifically, lett(k) = (is(k))scs be the trees selected by

Theorem 5:Under the additional assumption AS 2, if thethe randomized algorithm on time slét The following
mean arrival rate vectox is strictly inside the regiont A,  condition is satisfied for somé > 0,

the real queue backlogs are bounded. l.e., there exists some B
constant) < M’ < oo such that P{ 2(: )qe(k) = 62%;@ qe(k),Vs € S} > 6. (17)
ects(k eETs
Qe(k) < M', Vk, Vee E. (14)

We further require that the randomized tree-selection al-
gorithm always chooses a tree with a lower cost than the
reviously selected tree, with respect to the current liogt c
ector. Recall that, (k) is the scheduled tree at timie We
require that for any sourcee S,

Theorem 6:Under the additional assumption AS 2, if the
mean arrival rate vectox is strictly inside the regios A, the
~-approximation min-cost tree scheduling scheme stabiliz€
the network. Furthermore, when= 1, if the mean arrival
rate vector\ is strictly inside the throughput regiaof, the

min-cost tree scheduling scheme stabilizes the network. ts(k) (18)
IV. RANDOMIZED TREE SCHEDULING _{ ts(k) if > cet. ) 4e (k) < Peer, o1 Ge(R);
Part of Theorem 6 states that the entire interior of the ts(k—1) otherwise

throughput regionA can be stabilized, provided one can There are many possible randomized selection algorithms
solve the hard min-cost Steiner tree problem. If approxihat satisfy (17) and (18). For instance, one algorithm nigh
mation algorithms are used for the Steiner tree problerbe to modify the current tree by randomly adding or deleting
Theorem 6 claims that a reduced rate region is stabilizabledges subject to the tree requirement. The selection of the
In this section, we will continue to cope with the hard Steineedges can be biased toward lower-cost ones for addition and
tree problem. Instead of approximation algorithms, we wilhigher-cost ones for deletion. In this paper, we will not dwe



on finding specific algorithms but will focus on the stability Theorem 10:For any linke € E,
issue of the whole algorithm class.

k
. 1
C. Stability Analysis limsup -—— SN A (et (u) < co — €2, (22)
We will show that, if the mean arrival rate vector u=0ses

strictly inside the throughput regiah, the randomized tree- 1

scheduling scheme is able to stabilize all the virtual gague hllcn SupE[k—_H Z Z As(u)I(e, ts(u))] < ce —e2. (23)

with additional assumptions, the cumulative arrival of teal Lgtoz (k) deno?e:(t)ﬁgsnumber of packet arrivals at the real

packets by any time slot is strictly less than the accurmuati queue gf linke on any time slot:

of the link service rate for every link. Corollary 11: For any link e e E, the average traffic
1) Stability of the Virtual QueuesThe virtual queue sizes intensity (o Ioéd)p <1, wherep, is ,defined as

q(k) are considered as the link costs. Ltét) be the vector cT c

of chosen trees. Define a Lyapunov functionof= (¢, t): ) Zk_o ae(u)
pPe = limsup ﬁ

k

= k—o0 .
L(w) = La(2) + La(w), Remark: The service rate of the virtual queue of limk
where which is ¢, — €2, guaranteeg, < 1.

Under the randomized tree scheduling scheme, the virtual
Li(z) =) ¢, La(@)=(_ A g~ Y. @) queues are stable and the real traffic intensity< 1 for
€€l s€ES  e€ls e€Ts(q) any link e. But, we do not know whether the real queues are
The proof for the following lemma parallels the develop-stable or not [13]. We expect that in practice, they are atmos
ment in [19], although the details are different and tecahic always stable. We suspect that under more assumptions on
Lemma 7:If the arrival rate vector) is strictly inside the traffic arrival process and the queueing discipline fier t
the throughput region, there exist some positive constantgeal queues, the real queues can be proven to be stable.

M < oo ande such that, ifL(z(k)) > M, V. CONCLUSIONS

E[L(z(k +1)) = L(z(k))|z(k)] < —ey/Li(z(k)). (19) We study the problem of how to schedule the distribution

Theorem 8:If the mean arrival rate vector is strictly in-  of the packets under the dynamic arrival scenario. In order
side the throughput regiah, the randomized tree schedulingto take advantage of the universal swarming technique, the
scheme stabilizes the virtual queues. packets are distributed along multiple multicast trees. To

2) Stability of the Real QueueswWe have partial re- achieve the throughput region, we encounter a min-cost
sults about the stability of the real queues under additiongteiner tree problem, which is NP-hard. Multi-hop traffic
conditions. We assume the following assumption in thigs another difficulty for finding stable universal swarming
subsection. algorithms. We propose g-approximation min-cost tree

AS 3: The processe$A,(k)};. for different s are inde- scheduling algorithm with network signaling and source
pendent from each other. For eacte S, {A.(k)}r is IID.  regulators. It guarantees network stability in a reduced
At every timek, there is a nonzero probability that no packethroughput region, where the reduction ratio is no more than
arrives at the sources, i.e{Rs(k) = 0,Vs € S} > 0. the approximation ratio of the algorithm for the min-cositr

We will show that for any linke, its average traffic problem. We further develop a randomized tree-scheduling
intensity (load),p., satisfiesp. < 1, wherep, is the ratio of  algorithm with network signaling. It achieves the throughp
the average packet arrival rate and link rate. First, seongregion and stabilizes the virtual queues. Moreover, the av-
stability conclusions can be said about the virtual queues.erage traffic intensity at each link is strictly less than .one

Theorem 9:Suppose the mean arrival rate vectoris  However, whether or not the real queues are stable remains
strictly inside the throughput regioh, and assumptions AS an open question.
1 and AS 3 hold.

o The process{q(k),t(k)}32, is an aperiodic and irre-

ducible Markov chain with a stationary distribution. [1] J. Lee and G. de Veciana, "On application-level load bailag in
Moreover, let§ be the virtual queues under the station- gg;fe,\?g\f;n%gfggge{ Communicationsol. 30, no. 17, pp. 3218~

ary distribution. ThenE|[g.] < oc. [2] D. Kosti¢, A. Rodriguez, J. Albrecht, and A. Vahdat, “Bat: high

« The strong law of large numbers holds: For each initial ~ bandwidth data dissemination using an overlay meshProceedings
condition. and for alk € E of the 19th ACM Symposium on Operating Systems PrincipleSPs

'03), October 2003, pp. 282-297.
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