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ABSTRACT

It is well-known that live multimedia streaming applications oper-
ate more efficiently when organized in peer-to-peer (P2P) topolo-
gies, since peer upload capacities are utilized to support other peer:

to support live streaming sessions. However, most of the existing
proposals resort to intuition and heuristics when it comes to the
design of such topology constructidre(, neighbor selection) pro-
tocols. In this paper, we investigate the scaling laws of live P2P
multimedia streaming, by quantitatively studying the asymptotic
effects and tradeoffs among three key parameters in P2P stream
ing: server bandwidth cost, the maximum number of peers that can

be supported, and the maximum number of streaming hops experi-

enced by a peer. To further generalize our studies, we do not mak
restrictive assumptions in our theoretical analysis of such scaling

laws: both peer upload capacities and peer lifetimes in a session

may come from arbitrary distributions. With the theoretical in-
sights we have developed, we propdsénity, a simple and re-
alistic heuristic to demonstrate the key benefits of our theoretical
analysis in dynamic P2P networks, as compared to the topology
construction algorithms in existing work.

Categories and Subject Descriptors

C.2.4 [Computer Systems Organizatiofy: Distributed Systems—
Distributed applicationsH.3.5 [Information Systemg: On-line
Information Services-Bata sharing

General Terms
Algorithms, Design, Theory

Keywords

Peer-to-peer, resource-performance tradeoff, scaling lawii- mu
media streaming

1. INTRODUCTION

With the advent of commercial live multimedia streaming ser-
vices from major ISPs and content providers, research towards
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live multimedia streaming has never been more promising and re-
alistic. It has been well-known in the community that peer-to-
peer (P2P) multimedia streaming from one or multiple multimedia
sourcesi(e., streaming servers) to a group of participating peers

Swill help to relieve the bandwidth cost burden to the server. If the
and to alleviate the load and operating costs on the streaming serve P

To date, there have been a number of existing experimental Propos-~
als with respect to how such peer-to-peer topologies are organized

[Rdividual peers contribute as much bandwidth as they consume,
he streaming session is scalable to a large number of peers in the
session. This observation is intuitive: without utilizing uploading
capacities on each peer to assist the downloading demand of other
peers, the load and bandwidth cost on the multimedia sources may
escalate beyond the operating capacities of streaming servers.

To date, we have observed a number of existing proposals to-
wards the construction of P2P topologies in live P2P streaming

sessions (also referred to msighbor selectiorin the literature).

However, they resort to intuition and heuristics when designing
such topology construction protocols, by using a tree-based, a ran-

€domized, or a directed acyclic graph (DAG) strategy. Without a

doubt, devising protocols to construct a “good” or high-quality
peer-to-peer topology is critical towards the scalability and robust-
ness of a live P2P streaming session.

What, then, constitutes a P2P topology of high quality? Beyond
the basic requirement that the streaming bit rate be sustained on
each peer during the session, we are concerned with three impor-
tant metrics that collectively define the performance and cost of
a streaming session: (Helay: the difference between the play-
back time and the time when live events occur in the original me-
dia streami(e., the number of hops that the streaming playback
must travel to propagate to all network peers);q@jver costthe
bandwidth cost on streaming servers; ands(@lability. the max-
imum number of peers that a session can support. One prefers P2P
streaming topologies that scale to a large number of peers, mini-
mizes server costs, and with a bounded delay on each of the peers.

At one extreme of the complete spectrum of topology construc-
tion, we consider the case where the multimedia source serves all
peers directly. This leads to almost immediate media streaming at
all peers (one hop delay for the single direct server connection), but
incurs tremendous bandwidth costs at the server. Such unbounded
server cost implies that the system is not scalable. At the other
extreme, the source could serve data to one peer only. This bounds
the server cost, but that one peer then needs to relay the data to
other peers, which in turn serves additional peers. In many cases,
the peers would not be able to playback the stream at the required
streaming rate; and in all cases the delay will be unbounded as the
number of peers scales up.

Towards the construction of high-quality P2P streaming topolo-
gies, it is natural to ask the following fundamental questions: (1)
Given a certain bandwidth cost when operating streaming servers
that serve as multimedia sources, what is the maximum number
of peers that can be supported in the session? (2) If the peers can
tolerate longer delay from the time that the session is first emit-
ted from the source (allowing more forwarding between peers),
how much can the server bandwidth cost be reduced? (3) Given a



certain bandwidth cost for the streaming servers in a dynamic en- all while others may serve many times the stream volume. With a
vironment with peer churn (dynamic departures and arrivals), what fairness goal that each peer should transmit the same volume that
is the probability that a peer wishing to enter the network would it receives, multipath tree protocols were developed. Splitstream
be denied service? Last but not the least, can existing protocols[2] and Bullet [3] use multiple trees to form a mesh, so that peers
be further improved with answers to these questions, or do they will be high in one tree for one substream, but lower in the tree
represent the best we can do? for another, thereby achieving fairness and more resilience under
Unfortunately, existing literature on live peer-to-peer streaming churn.
fails to offer a comprehensive and analytical study on the charac- More recent works propose neighbor selection strategies that
teristics that govern the scalability and performance of live P2P are more randomized in nature, with the hope of being more scal-
streaming topologies. In this paper, we seek to analytically study able. Chainsaw [4] and CoolStreaming [5] are excellent exam-
the intricate dependencies among fitalability of the streaming ples of heuristics in this category. Using either of these proto-
session, théandwidth cosbn streaming servers, as well as the cols, each peer only maintains state for a small set of neighbors,
maximum permittedielaysat the peers. In particular, we theoret-  which are chosen at random (no explicit topology), and neighbors
ically derive overlay formation that achieves the best performance request information from each other. They also assume that peers
for DAG networks whose routing is not limited by the content de- are capable of uploading at the desired streaming rate, though this
livery mechanism. For example in a P2P system with network cod- is not necessarily the case. Gridmedia [6] extends this work to
ing, it has been shown that nearly every coded block forwarded by achieve higher throughput rates by allowing peers to also “push”
a peer is innovative, so locations of particular data blocks do not data blocks (sending unsolicited blocks without being explicit re-
limit the network performance and all available upload bandwidth quested) once the local peer-to-peer topology is established.
can be used at the peers. More randomized tree-based strategies have been revisited by
The original contributions of this paper are three-fdfdst, we Chunkyspread [7], which utilizes multiple trees to spread different
systematically present the theoretical analysis of the scaling laws slices of the media stream. By designing parent selection and loop
of live P2P streaming in the context of directed acyclic graphs, avoidance algorithm, Chunkyspread constructs non-optimal trees
by quantitatively studying the asymptotic effects and tradeoffs of that iteratively improve themselves over time. Parents are swapped
scalability, server cost and dele&§recondwe consider the dynamic  using an algorithm called Swaplinks [8] that uses weighted random
nature of peers in P2P DAG topologies, and propose an analyticalwalks to build random graphs, so that the parent-child relationship
framework to estimate its effect on the peer service probability, are optimized with respect to load and relative latency. Rodriguez

service waiting time, and disconnection peri&thally, while this et al. [9] seek to build and maintain topologies that optimize one
paper is largely theoretical, we are convinced that our theoretical or several metrics at the same time, such as delay and cost. Since
insights have important practical implications. We introdAéfn- this is an NP-hard problem, the constraints are typically ordered

ity, a simple and realistic heuristic that can be readily implemented. according to their importance to the user.
We then evaluate Affinity in the context of previously proposed Dagster [10] and DagStream [11] are examples of DAG pro-
tree-based or randomized topology construction algorithms, with tocols. Dagster uses an incentive-based mechanism to encourage
the intent to show a proof-of-concept on how insights on scaling peers to contribute their upload bandwidth to the network by of-
laws can be used in the process of designing practical protocols.fering lower service rejection probabilities and lower disruption.
Throughout our analysis, we do not make unreasonable or restric-Dagstream concentrates on locality awareness and connectivity to
tive assumptions: both peer upload capacities and peer lifetimes inprevent failure under churn.
a session may assume arbitrary distributions. Towards building large-scale peer-to-peer streaming sessions,
The remainder of this paper is organized as follows. Section none of the existing work on live peer-to-peer streaming offers a
2 discusses related work. Section 3 studies the scaling laws of comprehensive study on the asymptotic and tradeoffs among key
live peer-to-peer streaming in DAG topologies. The effects of peer elements of scalability, performance and cost of topology con-

dynamics are analyzed in Section 4. TA#inity heuristic is pre- struction. To the best of our knowledge, this paper represents

sented in Section 5, and evaluated in the context of previously pro- the first attempt to theoretically investigate the scaling laws of

posed strategies. Section 6 concludes the paper. constructing peer-to-peer topologies for live multimedia stream-
ing sessions.

2. RELATED WORK 3. SCALING LAWS OF LIVE P2P STREAM-
Many existing work on constructing peer-to-peer topologiies, (

neighbor selection) generally fall into two categorié®e-based ING
strategieswhere each individual data block traverses one or multi-  Toward optimal P2P live streaming, we present a theoretical
ple trees, orandomized strategiesvhere there is no global struc-  analysis of the scaling laws for server cost, playback delay, and
ture and neighbors are determined dynamically on the fly. Mesh- the number of served peers. We first observe the optimal proper-
based structures are based on trees, but add bidirectional links beties that are intrinsic to the construction of an optimal P2P stream-
tween peers to allow for more communication and greater flexibil- ing session. We then analyze the asymptotic effects and tradeoffs
ity; however, the locally-defined decisions of the meshes may lead of scalability, server cost, and delay.
to suboptimal performance. Most recently, directed acyclic graphs . . .
have imposed a partial-ordering on the network and show high re- 3-1 ~ Notations and Preliminaries
silience to failure, overcoming previous performance issues. The Let N, represent the number of peers in a peer-to-peer session.
peers in DAGs receive from multiple parents and improve graph Between each pair of peefs j) is a linki;; that has capacity; ;.
connectivity. One of the peers is the multimedia server and the ather 1 are
Early tree-based topologies, such as Overcast [1], form a single- peers that receive the media, to be played at some playback rate
source multicast network that maintains global status at the root of Kbps. In this session, every peer has the ability to function both
a changing distribution tree to efficiently adapt data distribution as a media receiver and also as a sender that contributes its uplink
to changing network conditions. Overcast leverages some cachingbandwidth to relieve the burden that would otherwise be imposed
and server replication strategies, but is designed as an overlay neton the multimedia server. We define the server ¢sas the total
work that can be incrementally deployed. These networks typi- bandwidth provided to any peer by the multimedia source. We
cally scale to tens or perhaps hundreds of peers. Tree topologiesfurther denote the propagation delaydyand the queueing delay
are unfair because the leaf peers will not serve any other peers aty d,.



There are no restrictions on the numbeipafentsthat serve a the cost to the server per peer as much as possible and assure that
given peer, or the number ohildrenthat are served by that peer.  the maximum delay of any peer is not more than some maximum
However, each peer; has a maximum upload capacity @fa;) delayd,. To accomplish this, we maximize the total upload band-
Kbps, from a distributiorF (/) with meanU." Peers are expected ~ width contribution by the peers in the network. If there is a large
to upload with their entire upload capacity but they are able to peer bandwidth contribution being utilized by other peers, then the
divide that bandwidth among as many children as they wish, in delay of each peer is low. In fact, maximizing the peer bandwidth

any proportion. contribution is equivalent to minimizing the delay of each peer, or
We assume that each peer uploads with its maximum upload equivalently minimizing the sum of all the propagation delays.
bandwidthu at a constant bit rate.In an ideal system, there is The next proposition provides a general guideline on how to

no variance in available bandwidth from the peers and that the ca- construct an optimal P2P streaming topology to minimize the av-
pacityc;; of link I;; is sufficient to support any upload bandwidth ~ erage propagation delay based on the distribution of peer upload
that the source or the peers provide. We further assume that thecapacities (which is the same as minimizing the sum). It is pre-
transmissions are optimally scheduled so that all data blocks aresented as a lemma, to be used in proving the main theorem on

successfully received. scaling laws and performance tradeoff in Section 3.3.
3.2 Characteristics of Optimal Peer-to-Peer LEMMA 1. Inan optimal session wite's bandwidth available
Streaming from the source and peers with upload capacities following a dis-

tribution F(U), placing peers with higher upload capacity closer
to the source achieves optimal performance for the session (i.e.
minimum average delay for all peers).

In this section, we present in several propositions the intrinsic
characteristics of an optimal P2P streaming session. We define
an optimal session as one that achieves minimum server cost per
peer given that all peers receive the media atpatéthin a certain PrROOF. (by contradiction) Using the model above, consider a
maximum tolerated delay without considering fairness to peers. session withV; peers each havingi.d. upload capacity taken
We first show in Proposition 1 that there is no queueing delay in an from the probability distributior(U). Suppose that the peers are
optimal session. This has two implications. First, there is no need ordered to make an optimal topolo@y(with minimal average de-
to maintain a data buffer for optimal P2P streaming, and second, lay); however, for at least one pair of pe¢ts,, , a., ), the upload
given C, and N,, an optimal session achieves minimum average capacity ofa,,, u(ax, ), is less than the upload capacity @f,,
propagationdelay over all peers. u(an?), putd(anl) < d(an,). The average delay for peers in this

session is

ProPOSITION 1. d, = 0 for an optimal session where play
length is unlimited.

anl

1
):N Zdaz—kdanl)

PROOF. Queueing delays are incurred when data blocks build
up in the buffers of peers waiting to be relayed to another peer or ny—1
waiting to be played at that peer. If all peers are served at rate
p and packets can be routed optimally, then the buffers are not + Z d(a:) + d{any) Z d(a:) @)
needed. The peers would immediately play back the data they
receive. On the other hand, if any peers were served at an average Form an alternate topolod¥’ that is identical tal’, but swap
rate less tham, then those peers would use some of the buffered the positions of peers,, andan, so thata,, is in the position
data blocks whenever they could not fulfill the playback rate based of a,, anda,, is in the position ofa,,. Then if we letd’ (a;)
on their received data. After some time, the peer’s buffer would be represent the distance from pédo the source,
empty and the peer would experience a disruption in service until
sufficient data was buffered. This means that in the optimal case , .
we need only considet, = 0. O D(T) = N, Z d'(a;) =

1=1

i=an; +1 i=any+1

anl—l

Z d(a;)

Consider the following model for an optimal streaming session -
of N, peers withC; bandwidth provided by the source. We label “
the N, peersas, as, ..., an,. We will attempt to serve the peers in d'(an,) + Z d'(a;) + d(an,) + Z d'(a;)
that order. Leti(a;) be the propagation delay from the source to 11 o+
peera;, thatis, the number of hops. Leta;) be the upload capac- (2)
ity of peera;. A peer is served if the upload capacity of the source
and all of the existing served peers have sufficient bandwidth to
serve it at rate while continuing to serve all previously assigned

we can compare the difference between the average packet delays
for the two topologies

peers. More formallyd(a;) = k+ 1if k € {0,1,2,...} is the @ny
smallest value for which 7~ u(a;) {d(a;) < k}+Cs>j-p, N [D(T) - = > d(a)+d(an,) + Z d(a:)
and is the indicator function, i.e. (z) = 1 if = is true, and i=an, +1 i=any

(z) = 0 otherwise. If the sum of upload capacities for pegat o N
level k and below and the server’s capacity is less then the required my =, <
total ratej - p, then the new peer; must be at levek + 1. Then, —d (an,) — ' /Z d'(a;) ~ Z d'(a;). (3)
the average propagation delay over all peeggthN“ d(as). =ony Tona

Our goal in the optimal streaming session is to minimize the Recall thatd(a;) = k + 1 if k is the smallest value for which
cost to the server for a given delay constraint; that is, we reduce S u( i) {d(ai) <k} +Cs > j-p. Sinceu(ay,) > u(an, )

\We assume that P2P traffic has precedence over all other traffic,andu(aj) = u(a;),Vj,j # n1,j # n2 by assumption, that

20 all upload capacity can be utilized. meansy"7_, u(a}) > >°7_, u(a;) and
Clearly this is not realistic, and by adding small buffers at the ) ]
peers, we will be able to account for variance in the transmission d(a}) < d(ay) foranyj,ni < j < ns. (4)

of streaming media from peers; however, we are first determining 0 k ion thata’ |
bounds using an optimal scenario with perfect scheduling and link e &lso know by assumption thata;,,) < u(an,), but also
usage. u(an, )+u(an,) = u(an, )+u(an,). Thisimplies thab~7_, u(ai) =



J_, u(a;) for j > n2. Equation (4) holds, however, and we re- 60

alize that{d(a}) < k} is a superset ofd(a;) < k}, so ‘ ‘ ‘ . . e
50 L o
d(aj) < d(az) for j > na. ) 3 . . N

With the relationship from (4) and (5), we can see that (3) gives % 0l e o o

N;[D(T) — D(T")] > 0, contradicting the optimality df". [ “g e o
3 207 C

Lemma 1 immediately implies that, in an optimal P2P streaming ? P )
session, no peer more than one hop away from the server should ~ *°| .~ CDFﬁEf{:g;‘;%';Z‘;’;E%‘Z’EE’f
receive any bandwidth from the server to make up for bandwidth i ‘ Lonsty

deficiency from its parents. This is stated as Corollary 1. 0 2 4 6 8 10
Nodes, ordered by greatest upload

COROLLARY 1. In an optimal session (a network with mini- ) ) N
mum server cost) with’, bandwidth available from the source, ~Figure 1: Sum of total upload capacity > ;™ u(b;) and

the server will never contribute bandwidth to any pegrwith S Ne u(b;) asi increases

d(aj) > 2. that can be served. It then culminates to the main conclusion stated
PROOF Saving some of the server bandwidtsavefor peers in Theorem 1, where we express scaling laws relating these system

with some later delay, say, is equivalent to having a server with ~ parameters for optimal streaming. _

bandwidthCs — Csaveand two peersi, anda., in the session Suppose that there aré; peers that wish to be part of the P2P

wherea, has0 upload bandwidth, but is supposed to serve the Session. Further assume that the peers all have upload distribution
peersl hop from the server and,, hasCsavebandwidth but is F(U). Lemma 1 dictates that we must place the peers with higher
placedm hops away. In our notation, this means that a peer with upload capacity closer to the source, so as to serve as many peers
lower bandwidth is placed before a peer with higher upload band- & possible. Hence, the fir§t peers with the highest upload ca-
width, so swapping the positions of anda.,, leads to better per- pacities are served by the source. Call themitpeers. If we can
formance. That is, the server should use all of its bandwidth to write the F'(U) distribution as a smooth, differentiable function
serve the peers completely and not fill in bandwidth to peers that (to be relaxed later) anfi(v) = F’(u), then the amount of upload

are being served by other peers.] bandwidth available from th&-peers is
Finally, to provide a worse-case performance bound, Lemma 2 Ay = NS/ uf(u)du, forhy =1 — Cs/p, (6)
states that the largest average delay is incurred if all peers have the F=1(h1) Ns

same uploading capacity. Hence, we obtain a surprising conclu-
sion that, the heterogeneity in peer-device capabilities and network _ ) ]
connection quality, which is an prominent characteristic of today’s the highest upload capacity make up the Iarg%ét’ﬂ fraction of

Consider the components of this expression. ﬁphepeers with

Internet, actuallymproves P2P streaming performarce the F(U) distribution curve. This explains why the integral in
L (6) runs over the intervlF ~'[1 — C]f,—/P], 00). The termN; f (u)
__ LEmMMA 2. The constant upload capacity distributiéf(U) = corresponds to the number of peers that have upload bandwidth ca-
U leads to the worst performance (largest average delay) in the pacity values in the small intervak under consideration. Finally,
optimal session that has mean uploading capacity gfer peer. the w factor is the upload capacity that the peers indhénterval
PROOF Using the same model as earlier, let us compare the up- € able to contribute to the combined upload of tigeers.
load capacity distributiod”(U) = U to any other distribution of Note that we have defined two quantitiés, and A1. hi =

upload capacitiege(U). As described in Lemma 1, the peers (1 — /2 delimits a boundary because each peer with upload
are arranged in decreasing order of upload capacity, so that thebandwidth ofF~*(h,) or greater is exactly one hop from the mul-
peers with higher capacity are placed closer to the source. We cantimedia source. A; quantifies the amount of capacity available
label the peers in these orderingsasas, ...an,, for the peers from the 1-peers. Furthermore, we know thépaL 2-peers can be

that all have constant upload capacity, ddb., ...bn,, for the supported because they are necessarily served by the collection of
peers that all have upload capacity taken fromARg,o(U) dis- 1-peers.
tribution. Since the upload capacity distributions have the same  Clearly since we know the number ®fpeers, we can calculate

1 N N 1 NN _ , , -1 .
mean, - > uai) = 5 .0 u(bi). ha = (1- /2 — A7) and A, == N, fﬁ,l(f;)) wf(u)du. This

If Fothe(U) has a non-constant distribution, then at least one
peer in theb; list has upload capacity larger than the mean, so
u(b1) > wu(a1). The relative difference of the terms in the se-

quence onf\Ql u(b;) is always non-decreasing for a non-constant 1. All N, peers are used (i.e.,> /2 At/ _ Ai/p)

process is continued to obtafh;, A;), fori = 2,3,.... At some
point, this process will terminate for one of three reasons:

upload distribution because tibe are non-negative. As we can Naoo Nao 770 Na

see in Fig. 1, this means that since the two curves must agree

at NL EfV:sl u(a;) = ﬁ Zivil u(b;), they will not cross at any 2. The maximum allowed number of hops,, is reached (be-
other point anle—s Zi\]:sl w(as) < % Zf\;‘l u(by) at all interme- fore all of the peers have been placed), or

diatei. Equivalently, this implies thai(a;) > d(b;) so the con- 3. There is insufficient peer upload bandwidth from the last
stant upload capacity distribution experiences the greatest average group of peers to support any more peers (4e.< p).

playback delay. In turn, this leads to the worst performance for the

P2P session because the server cost would need to be increased to Consider these termination conditions separately. If the proce-

achieve the same maximum tolerated delay for all pe€els. dure terminates by condition 1, then we are finished. All peers in
the P2P session is partitioned into hops based on their upload ca-
pacity. On the other hand, if the procedure terminates by condition

3.3 Resource-Performance Tradeoff 2, this implies that théV, chosen at the beginning of the procedure

In this section, we quantify the tradeoff between the server cost was too large. As a resull; f (u) would be inflated and we would
Cs, the delay boundl,, and the maximum number of peet§ assume there were more high upload peers than there truly were.



However, this gives us an upper bound &, so we could use

the bisection method to find the largest valueNdf that allows

the procedure to terminate by conditiorf 1An alternative is to
increase the server capacity to support theN; peers than are
desired. Again, the bisection method can be used to find the corre-
spondingC,. Similarly, if the procedure terminates by condition

3, then we must iterate the procedure to find the cor&ct

By defining theh; values as above, we partition th& U )-axis
of the cumulative distribution function of upload capacities. The
peers with uploads betweefi*(h;) and F~*(h;_1) are posi-
tioned: hops from the server. The total upload capacity of the
peersi hops from the server;, is used to serve the peers- 1
hops from the server.

Recall that even iff'(U) has jumps, that isF'(U) has point
masses of probability, the cumulative distribution function is de-
fined to bdeft-continuous Specifically,F~* (y) = inf{s : F'(s) >
y}. Inthis case, we continue to use thevariables to partition the
probability space to indicate the number of hops from different
groups of peers to the source, but the cumulative upload ca-
pacities must be defined slightly differently for every interval that
includes a point mass.

Without loss of generality, I€fth;, h;—1] be the first upload in-
terval (interval with the largest upload values) that includes a jump
in the cumulative distribution function oveF —*(h;), F~1(h;_1)].

If F[F~*(h;)] = hy, then all peers with uploadl; are included

in the interval, that is, both ends of the jump are mapped into
the intervallh;, h;_1]. Otherwise, some of the peers with upload
F~1(h;) can be served ir hops, but others will be farther from
the source because there is insufficient bandwidth to support them
atj hops.

When F[F~*(h;)] = h;, we obtain essentially the same def-
inition of A; as before, except that the point masses at all non-
differentiable points must be included. No other intervals are af-
fected. For a set of non-differentiable poiats xs, ..., Tm,

F~ (hj—1)
uf(u)du+...+/ wf(u)du

z1
Aj = Ns /
F~1(hy) m

+21P(U=21)+ ... + 2 P(U = z)) .

On the other hand i [F~'(h;)] # h; (which necessarily
means that[F~'(h;)] < h;), then the calculation oft; and
subsequent; for ¢ > j are affected. The fraction of peers with

upload capacity that can be seryeabps from the source ”lrsj__—h;

wherer; = lirgll F[F~!'(x)] is the limit value of the jump from
T—hy

the right side, and; = F[F~*(h;)] is the value of the jump from

the left side. Or for a set of non-differentiable points z2, ..., m
wherez; has valueF'~! (h;),
2
uf

Aj = N; </
1

—hy

’I“j—lj

F~ (hj—1)
(w)du + ... + / wf(u)du

m

]

—+

PU=z1)4...+znP(U = xm)) ,

for r; andl; defined as above. Sinc% of the peers with
J J

F~'(h;) peers are used 4, there are stil% of them avail-

F[F~*(h;+1)], then all peers in théh;.1, h;] interval have the

same upload capacity ant ; ; is simply N, jh”l PU =

able to be placed so they contributeAg. 1. If F[F~'(h;)] =
(rj—hj)—
ri—l

F~!(h;)) and A, will also be affected by the jump &~ (h;).

%In the bisection approach, we first repeat the procedure using
N, /2 peers and keep halving the intervals until we find a feasi-
ble Ns;. We then successively half the interval between a feasible
N, and the most recent over-estimation¥f, until the interval
converges to the maximum feasitg.

Otherwise thdh;1, h;] interval contains peers with upload ca-
pacity less tharF~'(h;) (less than the value of the jump) and
for a set of non-differentiable points , z2, ..., z., wherez.,, has
value F~1(h;),

T2
14j = ]V; <u/ﬁ
F=1(hjt1)

T]'—hj

wf(u)du + ... + /Im wf(u)du

T —1

+

PU=z1)+..+z,PU= zm)) .
i — lj
All jumps are treated in this way, where occasionally some peers
of the same upload capacity must be split so there are different
numbers of hops to the source.

Before stating the main theorem, we first illustrate, in the fol-

lowing example, how to obtaitN, given Cs andd,, in a typical
streaming session.

Example 1

Suppose the upload capacities of the peers in a streaming
session follow a Zipf distribution with average data r2é
Kbps. Suppose the multimedia source can progieMbps

of serving bandwidth, the download rate for the stream is
250 Kbps, and we expecls = 80,000 users. Notice
that the average upload bandwidth is lower than the aver-
age playback data rate, so it may not be possible to serve all
the peers in the network.

Using these parameters in the method described above, we
hope to organize the peers into an optimal topology and un-

derstand the average and maximal delay that would be ex-

perienced by these peers. We first truncate and scale a Zipf
distribution so that its corresponding mean value equals the

average peer upload data rate. In particular, for

k

o ={ g

fo<u<m
otherwise

we find & andm such that the integral of (U') over all
values ofu is 1 and the mean df/ is 200. In this case,
k = 0.1373 andm = 1458 Kbps, so we can writé"(U) =

0.1373log(U).
; . _ 500,000/250
Then, by direct calculationg,, = 1 — 80000 = 0.975

andF~1(0.975) = evi37s = 1215, so we can find

1458 01373
il
u

A; = 80, ooo/ du = 2.67 x 10°.

1215

Similarly, we find pairs(h;, A;) for i = 2,3,4,5,6 to be
(0.8417,8.29%10), (0.4271,4.81x 10°), (0.1868, 2.03 x

10°), (0.1766, 3063), (0.1764, 44). We see that even with
optimal peer arrangement, since the average upload capacity
of the peers is smaller than the playback rate they require,
we are unable to senie’8% of the peers.

Note that the above calculation is based on the assumption
that only the peers with tog2% of uploading bandwidth are
served, so it does not imply that the session can now serve
82% x 80,000 = 65,600 peers. Instead, we must repeat
same the procedure with smaller valuesNf. Using the
bisection method, we find that the maximum feasibleis

10, 000. Alternatively, we could repeat the procedure while
adjusting the server bandwidth cost to find the minimtimn
value necessary to suppéf, 000 peers.

THEOREM 1. Suppose the server bandwidth costis= g(Ns)
in an optimal streaming session fof, served peers each with up-
load capacity chosen from some distributiéi{U). If U > p,

then the number of peers that can be served is unbounded, and



the corresponding propagation delay to receive the data stream is number of supported peers

O (log(%) % . If U = p, then the number of peers that can “Og(ﬁ) [a]HW
be served is unbounded, and the corresponding propagation delay Ne =X, % (%)

to receive the data stream @ %) If U < p, then the number

of peers that can be served is bounded, regardless of the allowable
delay; however, the maximum number of served peers increases
linearly with Cs.
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PROOF From Lemma 2 and Corollary 1, it is clear that to and we havev, > % similarly.
bound the delay of an optimal network for any upload capacity (7 .

distribution we should consider the worst-case constant upload ca-
pacity at each peer and use all of the sour€¢g’dandwidth for the ¢
peers one hop away. Also recall that when all peers have constant

P
If d, is smaller so that the delay bound is reached before the
available bandwidth is entirely used, then the number of peers in
he network can be derived as in the previous case:

upload capacity, there is no need to calculate the numbers of peers (ﬁi) R (@s) .
with different uploads, so there would be no iteration to find the AP P Ny B P
maximum feasible value a¥,. Furthermore, we know by Propo- %) -1 ' (%) -1
sition 1 thatd, = 0. This means that each peer will be able to for hy = 1og(g) [2—2} +1 < dp,
serve” additional peers, and we suppose it serves exactip ()" 1 ? '
this optimal session, neglecting the potential suboptimality due to Ny = %”ﬁi otherwise
rounding. (5)-1
We observe fundamentally different performance wheir p 0

andU < p. In the first case, the number of peers increases as

tEe numtz)er offhops fr(zjm the server |nkc];reasest.) In trf1ehsecofnd ca.?]e, This theorem defines scaling laws that have important practical
the number of peers decreases as the number of hops from th§q,,jications. It allows us to describe the manner in which the de-
server increases. These cases are considered separately ¢ derl\(ay bound must grow as a function of the number of peers served

the worst-case delay bound as follows. N, and the server bandwidth cast. If U > p, an arbitrarily large
C_ase 1u > P . o ._number of peers can be served because each peer can completely
Since adding a peer introduces more bandwidth into the sessiong oot at least one new peer that enters the system; however, the
than it uses, we can express the following relation betwkéeand theorem shows that even in optimal circumstances, the delay nec-
the server bandwidth cost for any number of pekts essarily increases as a logarithm for any constant throughput. Al-
ternatively, we see that to achieve similar performance (that is, the
dp—1 c. (T\'  C.rd 1 T sa_lmedp) as N, increas_es, the server_cost must inc_:rease Iine_arly
Ne(dyp) = Z ~s (7) _ s forr=—,r>1. with Ns. In practice, this could be achieved by offering users sim-
p \Pp p r—1 p ilar performance at peak user times if they are willing to pay more
(7) for the servicé. If U < p, then every new peer entering the sys-
Rearranging (7), we see that tem needs either support from multiple other peers and/or support
from the server. The number of peers that can be supported is nec-
- } essarily limited because the need for serving bandwidth is higher

1=0

dp = log(g) {Nsp[g —-1]+1 (8) than the available bandwidth introduced by each peer. Hence, a
P Cs 'p system designer’s only option to support more peers is to burden
the source with higher cost.

Hence, the server bandwidth costgdfV, ) corresponds to a delay

d, of O <log(g) %) for any general upload capacity disti- 4.  ANALYSIS OF PEER DYNAMICS

bution In the previous section, we derive the scaling laws of peer-to-
Casé 27 = p peer streaming assuming a static P2P topology. In practice, changes
In this (-:ase it is easy to see that = [2Y:], because each and disruptions are experienced in the P2P network topology due
b - Cb l . .
peer will entirely serve the next peer in the stream, and hence theto th_e arrival and_ departure_ of peers, refereed t‘?'m” In this
optimal session consists p£= | chains radiating from the server section, we consider churn induced peer dynamics and propose an
Theref th b dP dth . ds t " analytical approach to estimate its effect on the peer service proba-
ereiore, the iferver andwidth costgifV.) corresponds fo & ity service waiting time, and disconnection period for optimally
delayd,, of O (PC—) for any general upload capacity distribution.  constructed networks that can be rearranged at will.
Case 3.T < p To allow tractable analysis, we assume that the arrivals of peers
In this case, adding a peer introduces less bandwidth into the f0llow @ Poisson process and the length of time the peers stay in the
session than it uses. d, is large, then at some number hops session is exponential, which can be extended to an arbitrary life-
from the server, there will not be sufficient bandwidth to support time distribution. Furthermore, we suppose the system is ergodic
more peers, regardless of delay, i.e., the total upload bandwidth@nd ignore the upload capacity of particular individuals. Our aim
provided by the peers farthest from the source is less thaim is to calculate the average .probablllty of acceptance of apeerina
particular,/z; is the smallest value afsuch that large-scale system, assuming that the distribution of upload capac-

ities for the peers in the topology is precisely the same as the prob-
_ ability distribution from which they are choserWe stress that we
Cs (U ot ) P> are not calculating precise acceptance probabilities of peers into
<p<:>z>log(g) +1,
P

p

p

° “This type of strategy is used for cellular service plans, for exam-
ple.
sincelog, (z) > loga(y) if a < 1 andxz < y. This leads to the 5This is true asV becomes large by the Law of Large Numbers.



small networks, since those probabilities depend on the upload ca-The next example presents a case study for a typical peer-to-peer
pacity of the incoming peer. When we bound P(accepted), this is live streaming session.

the average expected acceptance of a peer in a large system.
Recall in Section 3.3 that we define the optimal topology (and
hence the number of peers supported for a given déJafor any
number of peer&V; that wish to participate in the session. Specifi-
cally, we can find theaturation poinfor any upload capacity dis-
tribution. At the saturation point, the maximum number of peers

can be served at the desired Quality of Service level (within delay

boundd, for server cosC;) and there are no other peers that wish

to join the session. Then, in our discussion of churn, we consider

the maximumN; and represent the topology asMiM/ N, queue

of peers that are being served. This is a birth-death queue that is

described and solved explicitly in many introductions to queuing
theory such as Cooper [12].

4.1 Expected Service Probability

If the new peers wishing to enter the session are blocked, then
the queuing system described above is an Erlang Loss System.

Let P; be the probability ofi peers being served (receiving media
signal) in the system. We have

(A/u)’
W, fOI’j = 071727.‘.7]\73 s
k=0 k!

J = N,

where )\ is the mean arrival rate of the peers aﬁnds the mean
service time.
More importantly, we would like to compute the probability that

peers attempting to join the session are not served. In this model,
we assume that if a peer is refused admission to the session, i

leaves and does not retry. Therefore, we express thebimeking

probability

/e
N,!

Ns (A/w)k "
S

Note that these results hold for any service-time distribution with
finite mean (see Section 3.3 of [12]). In particular, the theory holds
true for the Zipf distribution, which has been shown to represent
the online lifetimes of human users [13].

Although we have a closed form expression in (9), it is difficult

B(Ns, A/ p) = 9)

to use this equation because of the need to take factorial for values

of k up to N;. Instead, we bound the probability of a new peer
being served as follows. Con&dw Writing out the
series backwards, we have

S S O/wNe 7l /(N —1)!
B(Ngs,\/pn) — 1+ ~ (A2/M)NS/N ! +
O/ Ns =2/ (N, ~2)!
O /] i) + (A/M)NISV/N i
= 1+ ()\//»") + ()\/‘02 + ..+ ()\/M>Nb

When N, > A/p, the first(N, — A/p) terms of
necessarily> 1. In other words,

B/ e
1

=1— 21— =7
P(acceptefi= 1 — B(N., \/p) > 1 N, — Mg

Example 2

Suppose the multimedia streaming session has rougihly
million participating peers. Each peer tunes in twice per day
following a Poisson distribution and continues streaming for
an average 080 minutes each time. Since the sum of Pois-
son distributions is also Poisson with intensity correspond-
ing to the sum of the component intensities, this corresponds
to a session where peers arrive according to a Poisson pro-
cess with average interarrival timie 4167 minutes. If

a peer cannot be served, we assume that an “all servers are
busy” message is sent to the user and the request is cleared.
Suppose the upload capacity of each peer is constant at rate
300 Kbps. The download rate for the multimedia stream is
250 Kbps, and the users require a delay of no more than
secondsx 16 hops. Furthermore, the multimedia source
can provide500 Mbps of serving bandwidth.

By Theorem 1, we find that the number of peafsthat can

be served in this sessiaN;, (16) = 200:900. (?ggéfg%i‘ll
174,884. We are interested in finding the probability that a
user will be served in this session, and we can find this prob-
ability directly using Equation (9), or noting that, > \/p,

we have a lower boun#(acceptedl > 0.99998.

4.2 Service Waiting Time

it Alternatively, we can consider a system where peers that find all

the server busy (cannot be served media withindheonstraint)
join a queue and wait as long as necessary for sefvitieen we
could represent the session as an Erlang Delay System. Again
representing the probability gfpeers being served &%, we have

J
s o= A e o N
4!
_ _
P] = WPO7 ]—N57N3+17...
Ns—1 o -
[~ Ww” N/ p)*
for Py= <;) il + kZN NANEN:

Clearly, in this case we require thayy < N,; otherwise the

queue length becomes infinite and the system becomes unstable.
In this system, we are interested in the waiting times for peers

in the queue. LelV be the waiting time for a peer. Then as shown

in [12], assuming no peer has priority over another, each peer has

probabilityl — P{W > 0} of being served immediately, where

(/)
N1 = (\w)/N)

If we suppose that peers are added to the session in the order that
they arrived, then it is sufficient to calculate the waiting time given

P{W >0} = Py. (10)

If, on the other handN, < A/, then since there are more peers  that the peer was not served immediately,

on average than we expect to be able to serve, the probability of

being served is smaller. Clearly; > (N, — i), Vi > 0. Hence,
Ng+1
Ny k
() -G
B( NS,A/u = \Mu 1- (&)
and therefore
NS
1 - )\/u)

P(acceptedi< 1 —

Not1 -
Ng
1= (%)

P{W > t|W > 0} = ¢ [1-O/m/NelNept, (11)

Hence, assuming that the arrival rat@nd average service dura-
tion ,i are given, we can control the queue stability and the waiting
time in this system through the parameféy. Recall thatN; is

the number of peers that can be served in the session and Theorem
1 gives expression for this number in terms(df andd, for the
worst-case upload capacities of the peers with mean uploa@rate

6We_assume that any number of peers can be in the queue awaiting
service.



and download ratg. In particular, we can adjust the server band-
width C; to allow any arbitrary value oN, so as to achieve the
desired service waiting time distribution.

From (10) and (11) we write an expression for the cumulative
distribution of the service waiting time

F(H <t)=[1-P(W >0)]+
P(W > 0)[1 — P(W > t|W > 0)]

B /)N
SATCEOV/AYIA

(1-— e*[lf()\/u)/Ns]Ns#t)(

=[1 Pyl+

)™
N - O /Ny )
(12)

-1

k
for Py = (ENS—I (A/p)

oo /"
k=0 k! +Zk:Ns NS!N;c—Ns

ity of all the sampled peers,, could connect to the source directly
to receive the stream. Otherwise, could choose a parent from
the sampled peers that has the smallest upload capacity that is still
greater than the upload capacityraf. This procedure can be re-
peated at any time when the peegris searching for new parents,
for example, if its parent goes offline or has insufficient bandwidth
to allow the media to be played at the desired playback rate. We
have imposed a general ordering on the collection of peers that is
not necessarily optimal, since only a subset of the peers are in-
cluded in the local tests performed by each peer; however, local
tests allow for scalability when the heuristic is implemented.
Although our intuitive placement strategy described above leads
to higher numbers of peers that can be served, it also introduces
weakness under churn. Since all the upload capacity is used from
peers that have more upload capacities to provide, the departure of
high-capacity peers can be disruptive to their many children and to
the overall performance of the session. One strategy to deal with

With knowledge of the period a peer waits before it can be con- g hroplem is to allow each peer to take fewer children and serve

nected, one could propose that a buffer of data blocks should be

at a rate higher than the playback rate until their buffers are full,

stored at each peer to use some of the idle bandwidth available ingan to continue sending only at the playback rate. This trades
the session. The collect_e(_:i blocks C.Olf”d be used_to begin s_tream'ngoptimality of the number of peers served for tolerance to churn

at the new peer before it is able to join the session, or during sub- when the peers cannot redistribute themselves arbitrarily.

sequent periods of disconnection, the blocks could be played back  \when a peer joins a P2P streaming session, its place in the

from the buffer while the peers were searching for new parents.

This scenario would minimize playback disruption; however, this
type of buffering is limited in the optimal topology to minimize
playback delay. Recall that any peer in the middle of the optimal

P2P topology is already using all of its upload capacity to serve

other peers. The only available spare bandwidth is at leaf peers
whose delay is already approaching the maximum delay imposed
by the Quality of Service requirement; therefore, if the new peers '+,
began streaming, they could not be supported by the leaf peers for.

extended periods of time.
In a practical P2P topology, however, there might be other idle
bandwidth available. Alternatively, in the optimal topology, we

may allow leaf peers to serve and exceed the delay constraint.

Then, we could use the cumulative distribution function of (12) as

the service times and create a new (less severe) Quality of Service

level when the topology is approaching its total peer capacity.

5. AFFINITY: PRACTICAL HEURISTICS
AND EVALUATIONS

Although this paper is largely theoretical so far, we are fully
convinced that the theoretical insights brought forth by this pa-
per have important practical implications. To show how our an-
alytical framework may provide guidelines towards more practi-

cal designs, we seek to design and evaluate a simple and realisti

heuristic that only depends on local information. Our heuristic is
henceforth referred to a&ffinity, as it is one of the many possi-
bilities of designing practical topology construction protocols that

topology is found by calculating values of a new paramétei

is a collective measure of the peers that/ateops from the mul-
timedia source: it represents the difference between the combined
upload capacity of thé-hop peers and the bandwidth needed to
serve peers that afe+ 1 hops from the source. Placing the new
peer according to the largdst. | value (as &-peer ifd, < 0 and

as a(k + 1)-peer if 5, > 0), the new peer minimizes its burden

e server when it is added to the topology. This strategy is in-
spired by Corollary 1, from which we learn that the source should
serveonly peers that are one-hop away (directly connected to it-
self) whenever possible, and by [14].

Further, we wish to place peers with higher upload capacities
closer to the source, as directed by Lemma 1. Rather than plac-
ing the peer according to the largéét| value from the strategy
above, we place the peer according to the largast k1 (U—un)
value, wherd’ is the mean peer upload capacity, is the upload
capacity of the particular peer that has just joined the session, and
¢ is a constant value used to determine the importance of placing
higher capacity peers closer to the soutrc€here is no explicit
topology maintenance in the Affinity topology. When peers fail in
the system, they automatically affeGt values, so the topology is
naturally maintained as new peers arrive into the system. We also
assume that there is no queueing delay, as stated in Proposition 1.

5.2 Affinity vs. Alternatives: Evaluation

We now proceed to evaluate Affinity, in the context of previ-
ously proposed strategies of neighbor selection and topology con-

seek to approximate theoretically optimal topologies. The name Struction. We evaluate two different categories of previous strate-
also captures its essence of categorizing peers with similar uploaddies: randomizecheighbor selection strategies.g., CoolStream-
capacities into roughly the same hierarchy in the topology. The de- Ing [5]), andtree-basecheighbor selection strategies.§., Grid-

sign of Affinity is inspired by our theoretical contributions made

Media [6]). Both CoolStreaming and GridMedia are excellent ex-

so far in this paper. Though discovered independently, we note @mples of operational live media streaming protocols.

that Affinity protocol is quite similar to the Dagster [10] protocol

Each peer in theandomizedstrategy (calledandon) selects

in previous works. Dagster's incentive mechanisms to place peersM neighbors uniformly at random from all possible peers in the
with higher bandwidth closer to the source in the directed acyclic Session. In contrast, theee-basedstrategy (calledree) forms a
graph indicate the practicality of our suggestions for more efficient ree where every peer had — 1 children. The initial peer (the

topology construction.

5.1 Affinity: a Theory-Inspired Heuristic

Intuitively, since peers with high upload capacities can con-

tribute more to serve other peers in the P2P session, they shoul

be placed closer to the source. In practice, a pgethat has just

source) hadV/ children and all other peers have one parent and
M — 1 children. InAffinity, however, a new peer is explicitly
placed in the topology at an appropriate location to minimize the

d7lf c; is large, then the capacity of the peers will dominate and all

of the high capacity peers will be placed closer to the source; how-
ever idle bandwidth in the middle of the topology may go unused.

joined the session may communicate with some random sampling|f ¢, is smaller, the idle bandwidth in the topology is minimized,

of existing peers in the sessionlf has the highest upload capac-

but higher capacity peers may be placed lower in the topology.
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Figure 2: Server cost achieved for different rates of insertion Figure 3: Server cost achieved for differentd,, Quality of Ser-

A, dp = 4 [hops], peers with exponential upload capacities vice levels,\ = 0.15 [peers/second], peers with exponential
upload capacities

server cost, and also weights the decision so that peers with higher

upload capacities are placed higher in the tree.
With a C++-based simulation environment, we have performed

Table 1: Server cost of the optimal topology for Figs. 2 and 3
N [peers]| C[Mbps] | d,[hops]| C[Mbps]

|
comparative evaluations of Affinity, in the context of its two alter- 100 1.3x10 44 2 0.03505
natives. We include 30 peers in a P2P streaming session at time 130 1.69 x 1074 3 0.00269 A
zero, each with a Zipf lifetime distribution. Thandomstrategy 160 2.08 x 10~ 4 1.59 x 10~
allows peers to chooskel = 4 partners at random. The delay of a 190 2.47 x 107* 5 7.52 x 107¢
peer is represented by the number of hops on the shortest path from 220 2.86 x 107* 6 2.95 x 107

the peer to the source. If the delay of a peer is too langif),

that peer must abandon all neighbors and search for new neighborghe optimal topology because the upload capacity distribution has
at the next time-step in the_ d_iscrete simulation. When peers haveg tail, and all high capacity peers are placed close to the source,
no parents to serve them, it is assumed that the source will servesq for the first few hops it appears as if the mean upload capacity
them. Note that it is impossible for peers in ttzmdomstrategy is greater than the playback rate. After that point, the number of
to be more selective about the neighbors they choose, because thﬁeers served decreases at each hop, but most of the peers have
distance from the source to a particular peer depends intimately a|ready been served. Furthermore, we do not account for rogindin
on the neighbors chosen by every other peer. In the simulation, to an integer number of peers in the optimal topology. As a result,
these distances are calculated at the end of a time-step. In realitythe , of the optimal scheme with the network conditions of Fig. 2
it would also take time to perform a check with respect to such s jess thari Kbps. If the server was allocated as much bandwidth
distances. ] as Affinity for 220 peers (roughlyl.2 Mbps), then the optimal

Using thetreestrategy, each peer hag — 1 = 3 children. The  {opology would support approximately, million peers, provided
topology is reconstructed instantaneously in response to churn, asthat they could be ordered from the source according to the size of
Suming that there is no time for peers to find parents. We wish all their up|0ad Capacities regard|ess of churn.

peers to be served within the dglaxA/[bgbdld so the cost to the Fig. 3 uses a constant peer arrival rate so that the number of
server is calculated a8 = p[ﬁ] for a session with peers in the network has only small variations, but allows for longer

N, peers.Affinity inserts new peers into the session according to Maximum delay as the media stream is delivered to a peer. As
the weighting| 6y, - kT —un) described earlier, but will only insert we might expect, by relaxmg the_‘ delay constraint, the server cost
peers at positions. d can be reduced. The reduction in server cost as delay bounds are

Simulations are rupn over00 time-steps §3 minutes, if we as- relaxed is most prominent with the optimal sch_e_me (by seve_ral
sume that a time-step i) seconds), with new peers introduced orders _Of magnitude), as all_qf the upload capacities of_all the in-
at rate\ and peers expiring according to a Zipf distribution with termediate peers are f‘_‘”y utilized. Th_e practical strategies are not
mean22 minutes. Upload capacities of peers come from an ex- able to decrease as quickly as the optimal one, since it is not feasi-
ponential distribution with meaB00 Kbps, and the playback rate ble for them to arrange aII_ of the peers in precise decreasing order,
of the media i225 Kbps. By changing\, we adjust the average and they alwa)_/s have an integer nu_mber of peers at each hop from
number of peers in the session the source. Still, when compared wittndomandtree strategies,

Fig. 2 and Fig. 3 show the bandwidth cost to the server in P2p Affinity performs significantly better.

sessions with different numbers of participating peers and different . .
delay bounds. Clearly, Affinity requires considerably less band- 5.3 Peer Dynamlcs with Bounded Server Cost

width from the server than its alternatives, msdom and tree We now evaluate how new peers are admitted into the P2P stream-
strategies are not able to take advantage of higher upload capacing session when a limited server bandwidth is imposed. In this
ities at some of the peers. Since the playback rate of the media€xperiment, we assume that the server cannot provide more than
stream is225 Kbps and the average upload capacity at a peer is 4 Mbps. If more bandwidth is requested from a peer, it is not ad-
300 Kbps, it is not surprising that a peer in thee strategy is mitted to the session. Furthermore, all peers have uniform upload
not able to entirely support its three children and needs assistancecapacitiesu = 200 Kbps, and the playback rate for the media
from the server to supply the remaining bandwidth. Taedom is p = 225 Kbps. The arrival of new peers follows a Poisson
strategy has the additional problem that for smaller values of the process with a combined rate 2.4 [peers/second], and the ser-
delay bound, a large fraction of the peers cannot be supported byvice times follow the Zipf distribution with a mean service time
the random neighbors they find. of i = 5 [seconds/peer]. We vary the maximum permitted de-
Since the server costs in the optimal topology are not the samelay d,, which in turn change®V,, but N, < A\/p = 112 in all
order of magnitude as the practical strategies, we do not include cases. As discussed in Section 4Mf > \/u, the probability of
its values in Fig. 2 or Fig. 3. Instead, we present the server costsa peer being admitted into the session in the optimal topology is
in the optimal topology in Table 1. Small values are obtained with close tol. Hence, it is more interesting to consider the case where



Table 2: Number of peers served in the P2P session

dp [hops] | actualN, [peers]| optimal N [peers]

2 33

3 a7 48

4 59 60

5 69 71

6 78 81

7 86 90

8 93 98

9 99 104
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Figure 4: Probability that peers will be admitted into the P2P
streaming session given a limited server bandwidthiC; = 4
Mbps.

N, < A/u, in which peers are sometimes not successful to join
the session.
We tabulate in Table 2 the optimal, calculated using (7). Itis

compared with the actual number of peers that are served on aver-

age in simulation. Since all peers have uniform upload capacities,
the simulated session performs near-optimally. We observe a small

discrepancy between the optimal and simulated values due to the

requirement of an integer number of peers at any given number of

hops from the source in a practical session. Furthermore, Section

4.1 has described a conservative upper bound for the probability
of admission of peers in an optimal topology. Clearly it is also an
upper bound for the admission of peers in a practical session. In
Fig. 4, we compare the derived upper bound for the probability of
acceptance of a peer into the session with the actual probability
of new peer admission. This figure shows that the derived upper
bound follows the actual trend observed. In particular, this curve
would give a network designer insight into the maximum delay

that should be tolerated in order to achieve a desired success of
peer acceptance into a streaming session. As we have seen many

times before, by relaxing the delay constraint, better network per-
formance can be observed; however, the improvements are limited
as the delay constraint grows to higher values.

6. CONCLUDING REMARKS

In this paper, we seek to study the scaling laws of construct-
ing high-quality peer-to-peer DAG topologies for live multimedia
streaming. We have proposed a theoretical framework to con-
struct optimal peer-to-peer topologies that minimize bandwidth
costs on streaming servers, and to investigate the tradeoffs amon

server costs, scalability and delay bounds in peer-to-peer streamﬂ13]

ing sessions. We have considered arbitrary distributions of peer
upload capacities, and derived an explicit closed-form solution for
the resource-performance tradeoff in the worst case. As peer-to-

peer topologies are inherently dynamic as peers join and leave, wel14]

have also proposed an analytical framework to estimate the effect
of peer churn on the peer service probability and service waiting
time. We are fully convinced that our theoretical insights intro-
duced in this paper have important practical implications. We in-

troduceAffinity as a proof-of-concept showcase of heuristics that
can be practically implemented yet influenced by our theoretical
conclusions. As simple as it is, Affinity is a better performer than
alternative tree-based or randomized topology construction strate-
gies in previous work in our evaluations. In our future work, we
are interested in studying the complete spectrum of realistic, effi-
cient and simple heuristics that further utilize our theoretical con-
clusions, and put them to good use in real-world live peer-to-peer
streaming implementations.
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