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Abstract

Peer-to-Peer (P2P) streaming technologies can take advantage of
the upload capacity of clients, and hence can scale to large content
distribution networks with lower cost. A fundamental question for
P2P streaming systems is the maximum streaming rate that all users
can sustain. Prior works have studied the optimal streaming rate for a
complete network, where every peer is assumed to communicate with
all other peers. This is however an impractical assumption in real sys-
tems. In this paper, we are interested in the achievable streaming rate
when each peer can only connect to a small number of neighbors. We
show that even with a random peer-selection algorithm and uniform
rate allocation, as long as each peer maintains {2(log N) downstream
neighbors, where N is the total number of peers in the system, the
system can asymptotically achieve a streaming rate that is close to
the optimal streaming rate of a complete network. We then extend
our analysis to multi-channel P2P networks, and we study the sce-
nario where “helpers” from channels with excessive upload capacity



can help peers in channels with insufficient upload capacity. We show
that by letting each peer select 2(log N) neighbors randomly from ei-
ther the peers in the same channel or from the helpers, we can achieve
a close-to-optimal streaming capacity-region. Simulation results are
provided to verify our analysis.

1 Introduction

With the proliferation of high-speed broadband services, the demand for rich
multimedia content over the internet, in particular high-quality video deliv-
ery over the Internet, has kept increasing. Streaming video directly from
the server will require a large amount of upload bandwidth at the server,
which can be costly. The service quality can also be poor when the clients
are far away from the server. In addition, it may be difficult for the server
bandwidth to keep up when the demand is exceeding high. There have been
different approaches to off-load traffic from the server, using either CDN
(content distribution network) or P2P (peer-to-peer) technologies. Deploy-
ing a large CDN can introduce a high fixed cost. In contrast, P2P technolo-
gies are particularly attractive because they take advantage of the upload
bandwidth of the clients, which does not incur additional cost to the video
service provider. Several well-known commercial P2P live streaming systems
have been successfully deployed, include CoolStreaming [1], PPLIVE [2],
TVAnts [3], UUSEE [4], PPStream [5]. A typical P2P live streaming system
can now offer thousands of TV channels or movies for viewing, and may serve
hundreds of thousands of users simultaneously [4].

In contrast to the practical success of these P2P live streaming systems,
the theoretical understanding of the performance of P2P live streaming seems
to be lagging behind, which may impede further improvement of P2P live
streaming. For example, a basic question for a P2P live streaming system
is that of its streaming capacity, i.e., what is the maximum streaming rate
that all users can sustain? This question has been studied under the assump-
tion of a complete network, where each peer can connect to all other peers
simultaneously. Under this assumption, the maximum streaming capacity
has been found in [6], and both centralized and distributed rate allocation
algorithms to achieve this maximum streaming capacity have been devel-
oped [6-9]. However, the assumption of a complete network is impractical
for any large-scale P2P streaming systems. In a real P2P streaming system,



typically each peer is only given a small list of other peers (which we refers
to as neighbors) chosen from the entire population, and each peer can only
connect to this subset of neighboring peers (neighbors may not be close in
terms of physical distance). The number of neighboring peers is often much
smaller than the total population, in order to limit the control overhead.

When each peer only has a small number of neighbors, the P2P network
can be modeled as an incomplete graph with node-degree constraints. In this
case, the streaming capacity of P2P systems becomes more complicated to
characterize. Liu et al. [10] investigate the case when the number of down-
stream peers in a single sub-stream tree is bounded. However, the number of
neighbors that each peer could have over all sub-streams can still be very large
(in the worse case it can be connected to all the other peers simultaneously).
Some approximated and centralized solutions to solve the optimal streaming
capacity problem on a given incomplete network has been proposed in [11].
However, for large-scale P2P streaming systems, such a centralized approach
will be difficult to scale. Liu et al. [12] proposed a Cluster-Tree algorithm
to construct a topology subject to a bounded node-degree constraint, which
could achieve a streaming rate that is close to the optimal streaming capacity
of a complete network. This result gives us hope that, even with node-degree
constraints, a P2P network may achieve almost the same streaming rate as
that of a complete network. However, the Cluster-Tree algorithm is not a
completely de-centralized algorithm because it requires the tracker (a central
entity) to apply the Bubble algorithm at the cluster level. The Bubble algo-
rithm is a centralized algorithm. Some other works such as SplitStream [13]
and Chinasaw [14] have also studied the problem of how to improve the
streaming capacity when there is a node-degree constraint. However, these
works did not provide theoretical results on the achievable streaming rate.
To the best of our knowledge, we have not been aware of a fully distributed
algorithm in the literature that can achieve close-to-optimal P2P streaming
capacity on incomplete networks.

All of the above works are for single-channel P2P systems. Today’s P2P
systems typically serve a large number of TV channels and movies at the
same time. In most P2P streaming systems, peers exchange data only with
other peers that are viewing the same channel. Hence, peers from different
channels are isolated from each other. Recently, Wu et al. [15,16] show
that by allowing peers to exchange data with other peers that are not even
viewing the same channel, the overall performance of a multi-channel system
can be improved. Such cross-channel peer exchange is particularly helpful



for channels that do not have enough upload capacity, and hence they need
the upload capacity of peers from other channels to improve their streaming
rate. [15,16] have proposed a View-Upload Decoupling (VUD) algorithm that
sets up a semi-permanent distribution group of peers, who are not necessarily
the peers interested in viewing a channel, to help distribute the content of
the channel. Although the VUD algorithm has been shown to improve the
multi-channel streaming capacity, it is again a centralized algorithm and it
assumes that all peers can connect to all other peers simultaneously, which
is impractical for real systems.

In this paper, we are interested in the following question: without central-
ized control, how many neighbors does a peer in a large P2P network need to
be maintained in order to achieve a streaming capacity that is close to the op-
timal streaming capacity of an otherwise complete network? Further, can we
develop fully-distributed algorithms for peer-selection and rate-allocation to
achieve the close-to-optimal streaming capacity? This paper provides some
interesting and positive answers to these questions. First, we show that, if
each peer has Q(log N) neighbors, where N is the total number of peers in
the system, close-to-optimal streaming rate can be achieved with probabil-
ity approaching 1 as N goes to infinity. Further, in order to achieve, this
goal, each peer only needs to choose Q(log N) downstream neighbors uni-
formly and randomly from the entire population, and simply allocates its
upload capacity evenly among all downstream peers. Only the server needs
a slightly different peer-selection policy (see Section 2.2 for details).

We also extend our analysis to multi-channel systems, and allow peers
from those channels with abundant upload capacity to help other channels
with insufficient upload capacity. Again, we show that by using a simple
and distributed algorithm where each peer randomly selects a small number
of neighbors from peers belonging to the same channel and from the helper
peers from other channels, a close-to-optimal streaming capacity region for
multi-channel systems can be achieved with high probability. Hence, our
results indicate that the benefit of VUD can be retained in a distributed
manner without the complete network assumption.

The results that we obtain have a similar flavor as scaling-law results in
wireless ad hoc networks [17]. Although such results only hold when the
size of the network N is large, they do provide important insights into the
dynamics of the system. For example, our analysis indicates that, with a ran-
dom peer selection, the last hop will most likely be the bottle-neck for the
streaming capacity. This insight suggests that we could focus on balancing
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the capacity at the last hop when designing new distributed resource alloca-
tion algorithms for P2P streaming systems. As an initial application of this
insight, we show with an example that, by slightly adjusting the uniform
rate-allocation strategy, we can indeed improve the probability of attain-
ing the near-optimal streaming rate empirically. Hence, we believe that the
insights from these results can be very helpful for designing more efficient
control algorithms for P2P streaming.

2 Single-Channel P2P Networks

In this section, we will show that even without centralized control, Q(log N)
neighbors is sufficient for large single-channel P2P streaming networks. Specif-
ically, we will show that just by letting each peer select its Q(log N) neigh-
bors randomly, the close-to-optimal streaming rate could be achieved will
high probability when the network size N is large.

2.1 System Model

We consider a peer-to-peer live streaming network with N peers and one
source s. In the rest of the paper, we will use the terms “source” and “server”
interchangeably. Similarly, we will use the terms “peer”, “node” and “user”
interchangeably. Denote the set of all peers and the source as V' (thus,
V| = N 4+ 1). We assume that the source has a video file with infinite size
to be streamed to all peers and it has a fixed upload capacity us. Denote
the upload capacity of peer i as U;, which is a random variables defined
as follows: each peer has an upload capacity of U; = u with probability
p and an upload capacity of U; = 0 with probability 1 — p, i.i.d. across
peers. Although this is a somewhat simplified ON-OFF model, we believe
that the insights obtained from this model can also be generalized to other
models for the distribution of the upload capacity. We assume that u, > u.
Like other works [6,11,12, 18], we assume that the download capacity and
the core network capacity are sufficiently large, and hence the only capacity
constraints are on the upload capacity. Each peer i € V\{s} has a fixed
set & of M downstream neighbors. Similarly, the source has a set &, of
M downstream peers. We can then model the P2P network as a directed
and capacitated random graph [19]. If j € &;, assign an directed edge (i, j)
from 7 to j. Let the set of all edges be E. Note that there may be multiple



peers that have a common downstream neighbor. Define C;; and Cy; be the
streaming rate from peer ¢+ and source s, respectively, to peer j.

The value of &;, &, C;; and C; depend on the peer-selection and rate-
allocation algorithm. Given such an algorithm, we can define the “streaming
capacity” of the system as the maximum rate that the source could distribute
the streaming content to all peers. For example, for a complete network, we
have & = V\{i, s} and & = V\{s}. [6] shows that the optimal streaming
capacity is on average

S (1)

¢y = min {u& us + > iev E[U}] } ’
and can be achieved by setting C;; = U;/(N — 1) and Cy; = U;/N for all
1,7. For our ON-OFF model of upload capacity, this optimal streaming
capacity is equal to C'y = min {us, %+ up}. However, as we discussed in the
introduction, the assumption of a complete network is impractical. In this
paper, we are interested in the streaming capacity of an incomplete network,
which can be calculated by the minimum cuts. Specifically note that for a
given user ¢, a cut that separates s and ¢ is defined by dividing the peers in V'
into a set V,, of size (n+ 1) that contains the server, and the complementary

set V¢ of size (N — n) that contains the peer ¢, i.e.,
s € Vn7|vn‘ :n+17t€ Vnc and ‘Vnc| =N —n.

The capacity of the cut C,, is defined as C, = 3.y, > jcye Cij. See fig 1 for
illustration.

Let Ciin(s — t) denote the minimum-cut capacity, which is the minimum
capacity of all cuts that separate the source s and the destination . It is
well-known that this min-cut capacity is equal to the maximum rate from s
to t. Let Chin—min(s — 7)) denote the min-min-cut which is the minimum
cut of all individual min-cut capacities from the source to each destination ¢
within a set 7, i.e.,

Chnin— min(s = 7) = min Cin(s — t).
teT
The streaming capacity of the network is then equal to Cryin — min(s — V\{s})
[20]. Note that given the graph and the capacity of each edge, this stream-
ing capacity can be achieved with simple transmission schemes, e.g., with
network coding [21,22] or with a latest-useful-chunk policy [7]. However, it
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Figure 1: Illustration of the neighbor selection and a cut

may required global knowledge and centralized control in order to optimally
construct the network graph and allocate the upload capacity. A natural
question is then the following: without centralized control, can the stream-
ing capacity over an incomplete network approach the optimal streaming
capacity C; of a complete network? In the next subsection we will provide a
simple and distributed peer-selection and rate-allocation algorithm that can
achieve this with high probability when the network size is large.

2.2 Algorithms

We will now give explicit description of our simple control algorithm. First,
we use a random peer-selection algorithm. Specifically, each peer will ran-
domly select M downstream neighbors uniformly from all other peers. On
the other hand, the server will select M downstream neighbors uniformly and
randomly among the ON peers. Second, we use a uniform rate-allocation al-
gorithm, i.e., each peer ¢ simply divides its upload capacity equally among
all of its downstream neighbors in &;. Therefore, each peer in the set &; will
receive a streaming rate U;/M from peer i. Similarly, each downstream peer
of the server receives Us/M from the server. Under the above scheme, the



link capacity Cj; is given by

UZ/M, 1f]€52,27és
Cij: US/M, ifjec‘:s,i:s
0, otherwise.

Note that since & and & are chosen randomly, Cj;’s will also be random
variables. We define another import parameter for the total capacity that
each peer ¢ directly receives from its upstream neighbors, which is given by
cChk=%" jev Cji- We will see that this value is the main factor that determines
the streaming capacity from the source to each node.

Note that the above algorithm is a very simple mesh-based algorithm
with the following advantages:

e Simplicity - The random peer selection and uniform rate allocation are
easy to implement.

e Robustness - If some peer leaves the system, only the upstream neigh-
bors of that peer need to re-select another downstream neighbor. It is
not necessary to reconstruct the whole topology. Further, when a peer
switches ON or OFF, its set of downstream neighbors does not need to
change.

e Low signaling overhead - Only the server need to know which peers are
ON. The tracker does not need to update the upload capacity of peers
to any other peer.

Somewhat surprisingly, we will show that, as long as M = Q(log N), the
algorithm will achieve close-to-optimal streaming capacity, with probability
approaching 1 as N — oo (Theorem 1).

Remark: Note that the server will only choose ON peers as its downstream
neighbors. This is essential for achieving the close-to-optimal streaming ca-
pacity. To see this, note that the optimal streaming capacity C of a complete
network is also constrained by the server capacity (see Equation (1)). If the
server had used a substantial fraction of its upload capacity to serve OFF
peers, intuitively the rest of the peers would then suffer a lower streaming
rate. With the same intuition, one would think that the peers directly con-
nected to the server also need to be careful in choosing their downstream
neighbors. However, this turns out to be unnecessary. For our main re-
sult (Theorem 1) to hold, no other peers (except the server) are required
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to differentiate their downstream neighbors. As readers will see, this is be-
cause those cuts with V}, only containing the downstream neighbors of s will
play a small role in the overall probability of attaining the close-to-optimal
streaming capacity.

We also note that the above algorithm uses the “push” model, where
upstream peers choose downstream neighbors. An alternate model is the
“pull” model, where downstream peers choose upstream neighbors. Note
that both models create a mesh-topology, and there is considerable symmetry
between the two models. We use the push model in this paper because it is
easier to analysis, although we believe that the main results of the paper can
also be generalized to the pull model, which we leave as future work.

2.3 Main Result

Theorem 1. For any € € (0,1) and d > 1, there exists o and Ny such that
for any M = alog(N) and N > Ny the probability for the min-min-cut under
the algorithm in Section 2.2 to be smaller than (1 — €)Cy is bounded by

P (Coinin(s — V) < (1= )Cj) < O (#) |

Recall that the min-min-cut is equal to the streaming rate to all peers.
Hence, Theorem 1 shows that as long as the number of downstream neighbors
M is Q(log N), for any € € (0,1) the streaming rate of our algorithm will
be larger than (1 — €) times the optimal streaming capacity with probability
approaching 1 as the network size N increases.

2.4 Proof of Theorem 1

We first find the min-cut for any fixed peer t. We will use a similar approach
as the one in [19]. We will show that the probability for the capacity of a
cut to be smaller than (1 — €) times its mean is very small as N becomes
large. Then, we will take the union bound over all cuts and show that overall
probability is also very small. However, the techniques in [19] do not directly
apply to our model due to the following two reasons. First, due to ON-OFF
model, there are fewer “ON” peers and hence the probability for each cut
to fall below its expected value will be larger than the case when all peers’
upload capacity is the same. However, there are still the same number of



cuts we need to account for, which may cause the union bound in [19] to
diverge. Second, the link capacity C;; in [19] is assumed to be independent
across 7, which is not the case in our model. To address the first difficulty, we
will first consider the subgraph that only contains the ON users, and hence
the number of cuts is also reduced correspondingly. To address the second
difficulty, we will show that the joint distribution of C;; can be approximated
by i.i.d. random variables, which significantly simplifies the analysis.

We first introduce the following general relationship between the min-cut
from the server s to the peer ¢ in a random graph G and the min-cut from
the server s to the peer t in the any subgraph H; of GG that contains s and t.

Proposition 2. Let G be a random graph defined on some probability space
Q) that has a fized source s and a fized destination t. Let H; be another
random graph defined on the same probability space such that Hy(w) C G(w)
for all w € Q and H; contains s and t. Then for any given positive value C,
the following holds,

P (Coinc(s — ) < C) < P (Copnirs(s — 1) < O). 2)

where Cin (s — t) is the min-cut in G from s to t, and Cuin g, (s — t) is
the min-cut in H; from s to t.

Proof. Let A = {G(w) : Cringw)(s — 1) < C} and B = {w : Crin,1,(w) (s —
t) < C}. For any w € A, the min-cut from s to ¢ in the graph G(w) is less
than C'. Since H; is a subgraph of G(w), the min-cut from s to t in Hy(w) is
smaller than the min-cut in G(w), i.e.,

Cmin,Ht(w)(S - t) < Omin,G(w)(S - t) < C.
Hence, w € B. We then have A C B and (2) holds consequently. O

Proposition 2 is intuitive because every cut in G(w) has a larger capacity
than the corresponding cut in the subgraph H;(w). For a given destination
t, let H,(W, F) be the subgraph of G(V, F) such that W contains the peer ¢,
the server and all of the nodes whose channel condition is ON, and F' C F' is
those edges between nodes in WW. The capacity of the edges in F' is the same
as the capacity of the edges in E. Proposition 2 allows us to focus on the
subnetwork H; instead of the entire network G. Assume that there are Y ON
peers in the network excluding peer ¢, and thus [W| =Y 4 2. Clearly, Y is a
random variable with binomial distribution with parameter N —1 and p. For
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ease of exposition, we assume that Y is fixed during the following discussion
for one given cut, and we will consider the randomness of Y later when we
take the union bound over all cuts. We define a cut on H; by dividing the
peers in W into a set W, of size m + 1 that contains the server, and the
complementary set W of size Y —m + 1 that contains peer ¢t. The capacity
of the cut D,, is then given by

keEWE, i€EWm kEWE,

Note that for each peer i € Wy, (and i # s), we have > . Ciy = Lyu/M,
where L; is the number of downstream neighbors of peer ¢ that are in the set
W¢ . Note that the value of L; must satisfy max{0, M — (N =Y +m —2)} <
L; <min{M,Y —m+1}. Since downstream neighbors of peer i are uniformly
chosen from other peers, we have,

” (Yferl) (N7Y+m72>
l M-I
P Z Cip=1- M (N—l)

keWE, M

This is the probability that [ out of M downstream neighbors of peer ¢
are in W¢ (of size Y —m + 1) and M — [ of them are in the set W,,. The
distribution of L; is known as a hypergeometric distribution with expectation
(Y_]Glifllw 23, p167]. We can get a similar expression for the source s, i.e.,
Y—-m m
u )Gt (Z()MZ) if ¢t is OFF,
P Co=1-—|= N m
2 Ca=lgr | =) )

l

€W B S 72T  w— if ¢ is ON.
" (ar')

us(Y+1—m) . .
S lf t1s ON

us (Y —m) . .
E chi :{ v 1ftlsOFF,'

Hence, we obtain the expectation of D,, as

ED,=E|Y Ci|l+ Y E|> Cu

keWg, 1EWm keWe,
B {us(i;m) + ﬁm(y —m+1) if t is OFF,

) (Y —m 1) i s ON
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Next, we are interested in the probability that D,, > (1 — ¢)E[D,,] for all m
for a given constant € € (0,1). In other words, this is the probability that
the min-cut value is no less than (1 — €) times its average. For all m, it is
not hard to see

E[D,,] > min{E[Dy], E[Dy]} = min {u “7 + N{ 1u} .

If we have Y > (1 — ¢)p(N — 1), we will get

E[D,,] > (1 — €¢) min {us, % —i—pu} :

Recall that Cy = min{us, % +pu} is the optimal streaming capacity assuming
a complete network [6]. Hence, D,, > (1 — ¢)E[D,,] will then imply that
D,, > (1 —€)?Cy. In other words, the probability that D, > (1 — €)E[D,,]
for all m will become a lower bound for the probability that the min-cut is no
less than (1 —€)2C}. In the following, we will derive P(D,, > (1 —€)E[D,,]).
We will first find a bound on the moment generating function for D,, and
take advantage of the Chernoff bound to obtain a good estimate of the above
probability. Towards this end, we have the following Proposition. Before we
go further, we need to address the second difficulty we mentioned above. To
remove the coupling, we need to introduce the notion of negatively related
for Bernoulli random variables [24, 25].

Definition 3. The Bernoulli random variables I;,7 = 1,...,n are said to
be negatively related if for each i < n there exists random variables J;j,
such that the distribution of the random vector [J;1, Jia, ..., Jin] is equal to the
distribution of the random vector [I, I, ..., I,] given that I; = 1, and J;; < I;

for j #1i.

For negatively related random variables, the following theorem holds
(Theorem 4 in [25]).

Theorem 4. Suppose I;’s are negatively related Bernoulli random variables
with identical distribution, i = 1,2,....,n. Let I;, i = 1,2, ...,n be i.i.d. ran-
dom variables, where I; has the same distribution as I; for all i. Then for
any real t, we have

E [etZ?ﬂ Ii] <E [etZ?ﬂ fi} .
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Roughly speaking, for negatively related Bernoulli random variables, con-
ditioned on the event that one of them is 1, the others are more likely to be-
come small. Correspondingly, conditioned on the event that one of them is 0,
the others are more likely to become large. Therefore, when t is positive, the
moment generating function is mainly determined by the probability of the
sum of all indicator random variables achieving the larger value. The sum
of negatively related random variables is less likely to achieve larger value
and hence the moment generation function is smaller. For negative ¢, the
moment generating function is mainly determined by the probability of the
sum of all indicator random variables achieving the smaller value. The sum
of negatively related random variables is also less likely to achieve smaller
value and hence the moment generation function is smaller.

One can show that hypergeometric random variables can be viewed as
the sum of negatively related Bernoulli random variables (See Example 1
in [25]). We first construct I; by choosing M neighbors out of N — 1 peers.
For each peer ¢ on the right, let I; = 1 if peer ¢ is chosen as a neighbor, and
let I; = 0 otherwise (Note that I; is not defined for peers on the left). We
can then construct J;; as the following. First, set J;; = I; for all j. Then if
Jii = 0, in order to make J; = 1, we choose one neighbor k randomly (either
from the left or the right), and exchange that neighbor with peer i. If k& was
on the left, we then let J; = 1. If £ was on the right, we then let J; = 1
and J;, = 0. Clearly, J; has the same distribution as I given that [, = 1.
However, by our construction J;; < I; for all j # i. Hence, [;,7 =1, ..., M are
negatively related. We can now bound the moment generation function of
ZkeWﬁ}L Ci, by the moment generating functions of the sum of i.i.d. random
variables. Towards this end, we have the following Proposition.

Proposition 5. For any given cut Vi, and Vi¢ of a network G(V E), let W,
and W2 be subsets of Vi, and V¢, respectively. Assume that ]Wl\ =q<k+1
and ]WQ\ = r < N — k. Let the upload capacity of each peer i € Wy be
u. For each peer in Wi, it chooses M downstream neighbors uniformly and
randomly from a given subset V of V' that is a superset of Ws. Let N = |V|

Then the moment generating function of Y ;e > Cij satisfy

FEWS
E [e*HZiev'vl Ljew, ”] < exp {Mqﬁ ( —0ar — 1) ) (4)
Proof. We can write ), Cij = L; - 37, where L; is the number of down-

stream neighbors of peer ¢ in Wo. As mentioned above, peer ¢ select M
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downstream neighbors from N different peers. Consider all the potential
downstream neighbors j € Ws. Let I;; be the indicator function of the event
that peer j is a downstream neighbors of i. Clearly, [;; has a Bernoulli
distribution with parameter M/N. Moreover, the number of downstream
neighbors in W, would be equal to the summation of all the I;;’s over j,
e, Li=> e, 1ij and follows a hypergeometric distribution. According to

Theorem 4 in [25], if I;, j € Wy are i.i.d. Bernoulli random variables such
that I;; has the same marginal distribution as I;;, we will have, for any real ¢

E [etzfe% I”] <E [etzje% f”] . (5)

This means that we could use the moment generating function of a binomial
random variable, which is the summation of i.i.d. Bernoulli random variables,
to bound the moment generating function of the hypergeometric random
variable. Letting t = —, we then have, for each i € W,

SE

E [@79 ZjGWQ Cij:| =E <€79 Zj€W2 Iij)

M M .\

— 1——~+Te M (6)
N N

Note that,
M M u M u
1_T+_~679ﬁ _1—T<1— 70M)
N

M u

<ex — eieﬁ -1 . 7

<exp {N ( )} (7)

where the last inequality is due to 0 < % (1 — e’gﬁ) <lL,andl—z<e™”
when 0 < z < 1. Therefore, substituting (7) into (6) yields

E [efeszWQ C’L]:| S exp {Tﬁ (67 M — 1>:| .
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For different peers in W7, they will select their downstream neighbors inde-
pendently. Hence, > ieWs C;; are independent across 7. Therefore,

E [67921'6% 2 e, C”} = (E [6792J’€W2 C”}>q

qu< M—l)].

<exp [

O

Proposition 5 combined with the Chernoff bound will be frequently used
to estimate the probability for a cut to “fail”, i.e., when the capacity of a
cut is less than (1 — €) its expected capacity. We have the following result
for cuts W,,, in H; under the assumption of ON-OFF upload capacity.

Lemma 6. Let € € (0,1). Given that the total number of ON peers in the
entire network Y =y, the probability that the capacity of the cut D,, is less
than (1 — €)E[D,,] can be bounded by the following,

P(Dp < (1= E[Dy]|Y =y)

— 1 — 2
<exp {— (Mm%%— yym) ]

Proof. By Chernoff bounds, we have for 6 > 0
P(Dy, < (1— QE[D,][Y =y, is ON)

E [e—9Dm _
B[Py =y]
—e —(1—€)0E[Dy, |Y =y]

gE[ O T }eeufe)m(yfmmNLE[ 05 L O] = y—m+1) 5
=eO)+:(0) (8)
where

¢>(9):10gE[ O Bl ]+9(1—e) (y—m+1)N“_1; 9)

¢s(9)=10gE[ 0 m}+9(1—e)(y m+1) (10)

y+1

Now we apply Proposition 5. Recall that we define a cut on H; by dividing
peers into sets W, and W,. We could also view W,, and W}, as subsets of
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some cut Vi and V,° of network G. We need to exclude the server from W,
since it has a different upload capacity. For each peer in W,,,\ s, it will choose
M downstream neighbors randomly from the entire network. Hence, V = V.
According to proposition 5, we have ¢ = |[W,,\s| =m, r = |W¢|=y—m+1
and |V| = N. Therefore, using (4), we have,

¢(0) <log {eXp [Mmm (e7%37 — 1)] }

N -1
u
Yl ey _ )
=M N1 (e D+01—e(y+1 m)N_1
]. u
=N 1 [M (e7%% — 1) +6(1 — €)u] (y +1—m).

Note that the server only choose neighbors from the i + 1 ON peers, |V| =
y + 1. Using similar techniques, for the server, we can bound ¢(6) by

$s(0) < y—j—l [M <e‘6ﬁ — 1) +0(1 — e)us] (y+1—m).

Define
o0) 2 M (731 — 1) +0(1 — €)u;
¢s(0) & M (679% - 1) +60(1 — €)us.

The ¢(-) and ¢4(-) can be written as

60) < 5 Oy + 1 m);
6.(6) < 0O+ 1= m)

Let ¢min and é&min be the minimum of QNS(O) and &s(O) respectively, over
0 > 0. It is easy to see émin = é&min < 0. Also since ¢~5 and és is convex
on 0 > 0, these minimum is attainable. Let 0, and 65 min be the minimizer
respectively. We must have

¢s(‘95,min) - qgs,min = ¢min < Qf;(‘gs,min)‘ (11)

16



One can show that M
Os min = —— log(1 — €). (12)
U

S
Note that for 0 < a < 1and 0 < z < 1, we have (1—2)* < 1—ax since (1—x)°
is concave and its derivative at 0 is —a. Moreover, for 0 < x < 1, one can see
that (1—z)log(1—) > 22 /2— by checking L (1—2) log(1—2)—(2?/2—z) =
—log(l—2) —x >0 and (1 —x)log(l —x) = 22/2 — x when x = 0. Then,
substituting (12) into (11) and using the above relationship, we have

O (O min) =M [(1 —€)us — 1} - Mﬂ(l —¢)log(1 —¢)

Us

s f -0 1] - - g - o

s

2
<M [1—36—1—3<6——e)]
Ug Us \ 2

u €

N Ug 2
We then have

m¢(03,min) + d)s(gs,min)
- 1 -
¢(98,min)m(y +1- m) + md)s(@s,min)(y +1-— m)

<
“N-1

1 -

. 1— - . 1—
N — 1¢(98,m1n)m(y + m) + y n 1¢(98,m1n)(y + m)
y+1—-m y+1-—m u €
< — M——.

= (m No1 | g+l ) Uy 2
Since (8) holds for any 6 > 0, letting 6 = 0, 1, yields
P(Dy, < (1—€)E[D,][Y =y,t is ON)

S eXp(m¢(Qs,min) + d)s(gs,min))

1— 1— 2
<exp |— Ml Tm yrimy vl
N -1 y+1 Ug 2

Similarly, one can show that if the destination t is OFF, we have

P(D,, < (1—-¢€E[D,]|Y =y,tis OFF)

1 — —
R e g P
- Yy

<
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P(D,, < (1 —¢)E[D,]|Y =y,t is ON)
<P(D,, < (1= ¢€¢)E[D,]|Y =y,tis OFF)

Hence,

P(Dy, < (1 - €E[D,]|Y =y)
<P(D,, < (1 - )E[D,]|Y =y, is OFF)

y+1—m y—m\ u e
<exp |— (Mmd 2T LTy L
_exp{ ( m N —1 * Y )us2}

Lemma 6 gives us an upper bound on the probability that the capacity
D,,, of a cut W, is less than 1 — € times its mean conditioned on the event
that total number of ON peers Y = y. Note that J\/[my_—”N“rl is the average
number of edges from peers in W, to peers in W, while M % is a lower
bound on the average number of edges from the server to peers in Wy.
Hence, the upper bound in Lemma 6 decreases exponentially if the average
number of edges increases. Furthermore, since the average number of edges
is proportional to M, the upper bound also decrease exponentially if M
increases. The following lemma then bounds the effect of all cuts separating

s and t. Note that for each value of m, there are (;2) possible cuts W,,. Due

O

to symmetry, the capacity of all (Y) cuts has the same distribution.

Lemma 7. Define B, to be the event {D,, < (1— €)Cy for any cut W, among
the (m) cuts }. The probability of the union of all B,,’s can be bounded by

(U B ) < O(exp(—€?p°N)) + 7 {(1 +p63)N_1} . (13)

More specifically, we can separate the union bound into to two parts:

<U B ) < O(exp(—€¢?p*N)) (14)

+m{( +p62) —1], (15)
P (By) < Ofexp(—¢*p*N)) + 5. (16)
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where e =1—+/1—¢,y=(1—¢€)p and £ eXp(_Mu%§)'

Proof. Choose a constant v = (1 — €')p. We then have

(Us)

The first term satisfies,

[YN]-1 N_1 N ~ y oo
ol Gy (Ve
<P(Y < [yN] - 1)

(p(N —1) = ([yN] - 1))?
exp (—2 N1

)

) = Otesp(-ev)),

N

where the last inequality follows from Hoeffding’s inequality [26]. For the
second term, recall that D,, > /1 — €E[D,,] implies D,,, > (1 — €)Cy. For
m =0, D,,, = us > Cy. Therefore the probability P(By|Y = y) is always 0.
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We can then take the summation from m = 1. We have,

y—1
p ( Bl v = )
m=0
y—1
_ (y)P <Dm <(1- e)E[Dm]‘ Y = y>
m
m=0
y—1 y ( Y 41 y ) 2
< —(MmigrE =) e en
>~ Z (m)e y
m=1
y_l 12
< (y)e—(Mmy‘N—’fﬁMV%)u—t%
- m
m=1
u 6/2
<e Musz
y_l —m+1 —m w 6/2
X (y)e‘(M””yTﬁLMVT)u—ST (17)
m

= y wely—m+1-1
17) =3" Ay ey mmat o4 13
(17) ﬁ;(m)exp[ "y ; } (18)
y—1 y
— Y my L
m ()
[y £
L= N m=lgj2)+1 N
[1y/2] y y—1 2\
<p ()ﬂ?—i- > ()5
=t N m=ly/2+1 N
SW[ + 4

(1
=27 [(1+5%) —1]. (19)
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We then have

% 237 [(1 + ﬁ%)y _ 1}
N—-1

Z (Ny_ 1) 237 <p(1 + ﬂ%))y (1= p)N-1-v

IN

2" [(1 rpot) - 1} |

Then, plugging in the value of § will yields (15). For m = y, we have

<

3 (By Y = y)
=P (D, < V(I = OE[D,]|Y =)
gef(My%l)if
=37
(16) then follows trivially. O

We could now prove Theorem 1.

Proof of Theorem 1. According to Proposition 2 and Lemma 7, for any peer
t, the minimum cut from the source s to t can be bounded by

P (Crin(s — 1) < (1 —€)Cy)
<P (Coinr, (s = 1) < (1 —¢€)CY)

#(Us)

<P <LYJ {Dm < (1- e’)E[Dm]}>

m=0

A\ N-1
<247 (1 +pﬂf) + O(exp(—€*p°N)).
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Note that by assumption M = alog(N). For any € > 0, and € = 1—+/1 — ¢,

choose a sufficiently large a such that
, 4d us
€ =4/ ——.
ay u

12

We then have, for large N

B = eXp(—M'yui%) = exp(—2dlog(N)) = 1/N*.

S

Hence, the minimum cut statistics,

P (Cuin(s — 1) < (1 - El)cf)

1 1 A\M! 1

Thus, the min-min cut will satisfy

P (Omin—min S (]- - 6)C(f)

IN

ZP (Ciin(s = t) < (1= €)Cy)

1 1
o (L) w0 (k).

IN

O

We remark on several implications of Theorem 1. First, Theorem 1 not
only shows that pure random selection is sufficient to achieve close-to-optimal
streaming capacity as long as each peer has Q(log N) downstream neighbors,
it also reveals important insights on the significance of different types of cuts.
To see this, note that if we choose « as in the proof such that 87 = O(1/N?%),

we have

(U)o fie)”

—O(1/N*HO(N"™" — 1) = o(1/N?%).

22



On the other hand, we have P <By> = O(1/N??). Hence, the probability

that the last cut (the Wy and W¢ cut) fails is much larger than the proba-
bility that any other cuts fails. Thus, for each peer t, the min-cut from the
source to t is mainly determined by CF (recall that CF is the total capacity
received by peer t directly from its upstream neighbors, which is also the
capacity of the last cut).

The above insight suggests that, if we want to design improved distributed
control algorithms for P2P streaming systems, we may want to focus on
improving the capacity CF at the last hop. Note that one of the main
reasons for Cf! to fall below its mean value is the imbalance of CF across
t. More specifically, some peers t may have a larger number of upstream
peers, and hence have a larger-than-average value of C'F, while other peers
may have a smaller-than-average value of CF. Such imbalance will lead to
an increase in the probability that some peers have low streaming rates.
Based on this intuition, we can use the following slightly-modified algorithm.
Suppose that a peer already receives enough capacity from its direct upstream
neighbors (i.e., CF > (), it is very likely that this peer will also have a
min-cut from the source that is larger than C'y. We can then take away
some upstream neighbors from this peer and allocate them to other peers.
Intuitively, this modification will help to balance the values of Cff. Simulation
results shows that this “adaptive” algorithm indeed reduces the “failure”
probability compared to the pure random algorithm when the network size
is the same.

Theorem 1 also reveals important relationship between the number of
neighbors required and key system parameters. For example, if we require a
better performance (smaller € or larger d) or have fewer ON peers (smaller
p), the number of downstream neighbors needed by each peer will increase.

Specifically, according to the proof, we need o > 3352 If we require higher

streaming rate or faster convergence rate, i.e., € is smaller (consequently €’ is
smaller) or d is larger, we will need a larger «v. If the probability that a peer
is ON is reduced, i.e., p is reduced, we will also need a larger a.

3 Multi-Channel P2P Networks

In this section, we will extended our analysis to a multi-channel network
containing J different channels. We are interested in the scenarios where the
upload capacity from one channel can be used to “help” the other channel.
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For single-channel networks, the streaming capacity of the network is a real
number. However, for a multi-channel network, the streaming rate require-
ments of different channels can be different. Let R; be the streaming rate
requirement of channel 5, 7 = 1,2, ..., J. There is clearly a tradeoff between
the values of R; in different channels, i.e., with finite upload capacity, in-
creasing R; for one channel j must be at the cost of reducing R}, of another
channel k. To capture this tradeoff, we define the capacity region A as the set
of streaming rate vectors R = [Ry, Ry, ..., Rj]7 such that whenever R € A,
each user in the network will receive enough capacity to view its own channel
of interest with high probability. Intuitively, if the upload capacity of the
users and the server is the only bottleneck in the network, the best we can
do is to support those rate vectors R such that the summation of all the de-
mands is equal to all the supply. Hence, the largest possible capacity region
will be no larger than

Am:{R

where N; is the number of peers that are viewing channel j. With this largest
possible capacity region in mind, we are going to present our multi-channel
algorithm and we will show that our algorithm could achieve the following
close-to-optimal capacity region with high probability when N — oo:

XJ:NJ-RJ» < ZE[Ui],zJ:Rj Sus}, (20)

eV

(1— Ay ={(1 - ORR € Ay},

3.1 System Model

We consider a multi-channel P2P networks with N peers, one source s and J
different channels. We will reuse the same notations as in the single-channel
section. Let J = {1,2,..., J} denote the set of all the channels. We have
|7| = J. Denote the set of all peers that are viewing channel j as A; and
we have |[N;| = N;. We assume that N; = p; N, where p; is a fixed constant
and represents the fraction of peers interested in viewing channel j. We
refer to the peers in N; as the normal peers of channel j. Let the set of all

peers (including the source) be V. Obviously, V = (Ujej/\/;) U {s} and

VI=N+1=53,;N;+1 Assume that the server allocates u,; amount
of capacity to channel j and Zje JUsj = us. We also assume that each
peer has an ON-OFF upload capacity, i.e., U; is i.i.d. with the distribution

24



P(U; = u) = p and P(U; = 0) = 1 — p. Each node (including the server) will
still have M downstream neighbors. We will describe how these neighbors
are chosen later.

In multi-channel P2P networks, the popularity N, and streaming rate
requirement R; can vary from channel to channel. If we let the peers in
the same channel to form a sub-network, for some channel j the streaming
rate requirement R; may exceed the maximum streaming capacity, while for
other channels the upload capacity of the peers is more than needed. More
specifically, for any € € (0, 1), let

:Z_e = {] S j|R] > (]_ — e)up—i-us,j/Nj,}
Se = {j € j|R] S (1 — e)up+us7j/Nj.}

We call the channels in Z, insufficient channels, and the channels in S, suf-
ficient channels. With a multi-channel network, we can let some peers in
the sufficient channels help another insufficient channel, and both channels
may be able to achieve their own streaming rate requirements [16]. We call
these peers that are helping the other channel j the “helpers” for channel
j. A helper will not allocate its upload capacity to its own channel but will
contribute to the channel it is helping. Let the number of helpers for channel
J be H;. For convenience, we allow H; be positive, negative or 0. H; > 0
means that there are H; helpers that are helping to distribute the content of
an insufficient channel j. H; < 0 means that a sufficient channel j is provid-
ing | H;| helpers to assist other channels. We emphasize that a helper from a
sufficient channel ;5 to help an insufficient channel k still needs to receive a
streaming rate R; for its interested content of channel j.

3.2 Algorithm

We will now present the scheme for allocating the capacity of the server for
each channel and for choosing the number of helpers that each channel have.
Fix € € (0,1). In the following discussions, we assume that R € (1 — €)A,,.
The server will allocate the capacity for channel j according to the following
equation

ey = By/(1—©), (21)
Each channel will determine the number of helpers it needs by the following

equation
N;R, Usj
H; = Lﬁ _ s _pNjJ . (22)

u
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We require that Zjej H; <0, i.e., the total number of helpers provided by
the sufficient channels must be no smaller than the total number of helpers
demanded by insufficient channels. We can check that (22) satisfies this
condition (see Lemma 8 for details). Note that according to (22), a channel
with higher streaming rate requirement will require more helpers. Let K =
maxje, ﬁ — p. Note that for any insufficient channel j, we must have
H; < KN;. For an insufficient channel j, denote the set of all helpers
that are helping channel j as H,;. Recall that each ON peer can have M
downstream neighbors, which correspond to M links, each with capacity
u/M. Each peer ¢ in N, will reserve K downstream links (out of a total of
M links) to allow helpers to connect to peer i. Fach helper ¢ will choose
one connections among KN reserved links uniformly randomly, and the
owner of that reserved link becomes an upstream neighbor of that helper. In
other words, each helper will try to find one and only one upstream neighbor
in N; and no peers support more than K downstream helpers. Each peer
in N; will choose M — K downstream neighbors from N; and each helper
will also choose M downstream neighbors from N;. Note that there will
be no connection between helpers, which avoids loops among helpers. Our
multi-channel algorithm preserves the desirable features of our single-channel
algorithms. The random peer-selection is simple, robust, and mesh-based.

3.3 Performance Analysis

Next we will provide the analysis of the capacity region of our algorithm.
We next consider the asymptotic behavior of the system as N — oo and
N; = p;N for some fixed value of p;,j = 1,...,J. We will show that as
long as M = Q(log V), with high probability our algorithm can achieve the
capacity region of (1 — €)A,,, where A,, is the optimal capacity region given
by (20). We start with a result of the performance bound on each channel,
and then use that result to analyze the capacity region.

For each channel j, denote the set containing the server, the peers in N
and the helpers in H; as V;, i.e., V; = {s} UN; UH;. Let the subnetwork
that contains all the nodes in V; and the links between them as G;. We
have on average p/N; native ON peers and H; helpers that contribute their
bandwidth for uploading. There are N; peers that require the full streaming
rate. Therefore, even under a complete-network assumption, the maximum
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streaming rate for each channel j will be
N. + H. :
pN; 4y ey
N;j N;j

Note that if N; = p; N, under the assumption of ON-OFF upload capacity,
the set of A, in (20) can be written as

J J
A, = {R ijRj < up+ %,ZRJ' Sus},
j=1

j=1
which is independent of N. We will adopt this definition of A,, in the rest of
the paper. Assume that R € (1 —¢€)A,,.

Similar to the single-channel P2P network, our algorithm could achieve
a close-to-optimal streaming rate for each channel. We first introduce the
following lemma which reveals some important properties of our algorithm.

Cy; £ min {us,j, (23)

Lemma 8. Assume that N; = p;N. Given any € > 0 and R € (1 — €)A,,,
let us ; be given by (21) and H; be chosen as (22). Then for any € such that
e < € <1, there exist Ny and 0 < n < 1 such that if N > Ny we have

1) Hj = ©(N) or 0;
2) If H; < 0 for all N > Ny, we have |H;| < npNj;
3) and Rj < (1 — EI)CfJ';

4) Y H; <.
JjeT
This lemma tell us: 1) The number of helpers H; of either sufficient
channel or insufficient channel has the same order as N, unless this channel
cannot provide any helper and do not require any helper from other channels.
2) For a sufficient channel j, the number of helpers that it provides is less than
pN;, which is the expected number of ON peers in channel j. Consequently,
with high probability, for any sufficient channel, there are enough ON peers
to become helpers. 3) For any €’ > ¢, there exists a sufficiently large N such
that the target streaming rate R; is less than (1 — €') times the maximum
streaming capacity of channel j. 4) The sum of H; is no greater than 0, i.e.,
the total number of helpers required by insufficient channel is less than the
total number of helpers provided by sufficient channel.
Then the follow theorem holds for each channel under our multi-channel
algorithm.
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Theorem 9. Fiz e € (0,1). Assume that p;, R; are given and H; = ©(N)
for large N. In addition, assume that for any j such that H; < 0, there exist
n < 1 such that |H;| < npN;. Then for any channel j, any € > € and d > 1,
there exists a; and Ny ; such that for any M = a;log(N) and N > Ny ; the
probability for the min-min cut of channel j to be smaller than or equal to
(1 —€)Cy; is bounded by

, 1
P (Cmin—min(s - N’]) < (1 — € )Cf,j) < 0 (W) :

We will prove this Lemma 8 and Theorem 9 in the appendix. Theorem
9 provides a performance bound for each channel. The result is similar in
flavor to the single-channel case. The choice of «; is also very similar (see
the remark at the end of Appendix B), i.e., the higher the streaming rate is
(smaller €) and the smaller the ON probability p is, the larger «; is required
to achieve faster convergence rate (larger d). According to Lemma 8, with
the choice of H; in (22), let € be a small constant such that 0 < ¢ < e. For
any j € J, (1 —€)Cs; > R;, we can then conclude that

P (Ominfmin(s - -/\/-3) S R])

, 1
SP (Cmin—min(s _>-/\/’J) S (1 — € )Of7j) S O (NZdl) :

With Theorem 9 and Lemma 8, we are able to show the capacity region
of our algorithm. Theorem 10 summarizes the final result on the capacity
region of our algorithm.

Theorem 10. For any € € (0,1), d > 1 and R € (1 — €)A,,, choose H; as
(22) forj =1,2,...,J. There ezists a and Ny such that for any M = alog(N)
and N > Ny, the following holds

1
P (Cinin — min(s — Nj) < R;, for some j) < O (W) .

We omit the proof of this theorem since it follows trivially from Theorem
9 and Lemma 8. We see that (log N) neighbors are again sufficient for
achieving a close-to-optimal streaming capacity with high probability when
N — .
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4 Simulation

In this section we provide simulation results to verify our analytical results
in previous sections. We first simulate a single-channel P2P network with
N = 10000 peers and one server. Each user has a ON-OFF upload capacity
with ON probability p = 0.5. When a user is ON, it will contribute u = 10
amount of upload capacity. The server has a capacity of uy, = 20. The
optimal streaming capacity would be C; = 5.002. We vary the number of
downstream neighbors of each user from 10log N = 90 to 70log N = 630,
which corresponds to between 0.9% and 6.3% of the total number of pees
N. For each choice of the number of downstream neighbors, we generate the
network 100 times. During each iteration all users select their downstream
neighbors randomly as described in section 2.2, and we use the algorithm
in [27] to find the min-min cut from the source to all the users and compare
it with (1—¢€)C}, where e = 0.3. We count the number of times that the min-
min cut of the network is larger than (1 — €)C and plot the probability for
that to happen as the number of downstream neighbors of each peer varies.
We also simulate the adaptive algorithm described at the end of section
2.4 where each peer only selects those peers who have not received enough
capacity as its downstream neighbors. The result is shown as fig 2. We see
that using pure random selection, when the number of downstream neighbors
of each peer is more than 40log N = 360 (3.6% of N), the probability that
the system could sustain a streaming rate higher than 70% of the optimal
streaming capacity is greater than 0.9. For the adaptive algorithm, the same
performance is achieved when each peer only have 30log N = 270 (2.7% of N)
downstream neighbors. We see that by improving the capacity of the last cut,
the performance of the system is also improved. We caution, however, that
when the peer-selection is significantly different from the baseline random
algorithm in Section 2.2, Theorem 1 will no longer apply. Hence, it remains
an open question as to how to design hybrid schemes that adaptively improve
the capacity in the last hop, while retaining the robustness of a random peer-
selection scheme at the same time. We leave this question for future work.
Next we simulate a multi-channel P2P network with N = 10000 peers
and 2 channels. We use the same setting as the single-channel simulation
for the upload capacity for all ON peers, the capacity of the server, and the
probability for a peer to be ON. We set N; = 4000 and N, = 6000. We
choose a streaming rate vector R = [15/2,10/3]” in A,, and let our target
streaming rate vector be R = 0.7R (i.e., € = 0.3). Channel 1 will become an
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Figure 2: Single-Channel: The Success Probability versus The Number of
Downstream Neighbors
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insufficient channel and channel 2 will be a sufficient channel. For channel
1, we need 1000 helpers and channel 2 could provide 1000 helpers. In this
case, each normal peer in channel 1 needs to reserve 1 link for helpers. We
plot the probability that the streaming rate of each channel j is greater than
its target streaming rates I?; and the probability that both channels 1 and
2 sustain a streaming rate greater than their corresponding target streaming
rate Ry and Rs, respectively, as the number of downstream neighbors of each
peer varies. The result is shown in fig 3. We see that the performance of
sufficient channel is worse than the insufficient channel. The reason is that
there is only 6000 peers in the sufficient channel, and on average there are
3000 ON peers. However, 1000 of the ON peers is helping the insufficient
channel. Hence, there are only 2000 ON peers left in the sufficient channel,
which is equivalent to having an ON probability of 1/3. Hence, the network
size and the ON probability of the sufficient channel are both smaller. We
will then need a larger number of downstream neighbors to achieve the same
success probability.

5 Conclusion

In this paper, we study the streaming capacity of sparsely-connected P2P
networks. We show that even with a random peer-selection algorithm and
uniform rate allocation, as long as each peer maintains 2(log N') downstream
neighbors, the system can achieve close-to-optimal streaming capacity with
high probability when the network size is large. We then extend our analy-
sis to multi-channel P2P networks, and we let “helpers” from channels with
excessive upload capacity to help peers in channels with insufficient upload
capacity. We show again that we can achieve a close-to-optimal stream-
ing capacity-region by letting each peer uniformly randomly select 2(log N)
neighbors from either the peers in the same channel or from the helpers.
These results provide important new insights on the streaming capac-
ity of large P2P network with sparse topology. In future work, we plan to
study how to improve the peer-selection and rate-allocation algorithm to fur-
ther optimize the streaming capacity. We note that although our analytical
results show that having Q(log N) neighbors is sufficient to achieve close-
to-optimal streaming capacity with high probability, our simulation results
indicate that the actual number of peers required can still be fairly large. A
natural next step is to improve the constant in front of the Q(log N) result

31



Ny = 4000, Ny = 6000,p = 0.5,¢ = 0.3
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Figure 3: Multi-Channel: The Success Probability versus The Number of
Downstream Neighbors
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and still retain the simplicity and robustness of a random selection scheme.
Our analysis provides an important insight that the capacity of the last cut
(i.e., the capacity from direct upstream neighbors) is often the bottleneck.
Our simulation results demonstrate that, by slightly modifying the control
at the last hop, the performance of the system can indeed be improved. We
envision that hybrid schemes that both balance the capacity at the last hop
and exploit some level of random peer-selection may be able to achieve the
best tradeoff between performance and complexity.

A  Proof of Lemma 8

Proof. 1) It is clear from (22) that H; and N; have the same order unless
H; = 0. Hence, either H; = 0 or

H; = O(N;) = O(N).

2) Note that us; = R;/(1 — €), we have

|| )
|l

Us,j

If H; <0, we have

(NJ - 1)Rj
— pN: < 0.
(1—e)u P
Thus,
(NJ - 1)Rj
H:| <pN.— 1.
‘ ]| —p J (1 G)U/ +
We then have
. \Hy| . |Hj|
lim sup —— =lim sup ——
N—>oop j N]-—>oop Nj
R.
<p— )
=P (1—e)u

33



Let n/ &1 — Lp. Since Lup > 0, we have 7’ < 1. On the other hand,

(1—e)u (1—e¢)
because
|H,

lim sup T‘ <, (28)

N—o0 i

and %' > 0,p > 0, we have n’ > 0. Now, choose n such ' < n < 1,
according to (28), we have for large enough N

|Hj| < pnN;j.
3) From (22) we have
pNj + Hju + Us, 5

N;j N;j
Us j R; Us,j U
TN g N TN,
Ry U
C(1—¢ Ny

Choose ¢ < e. We then have,

pNj+Hj Us,j U)
R-g(1—e)(7u+ SR
’ N; N; o N;

o on (PN +H; o ugy ;PN +H; o us N
= (1 6)<7N- u+N' + (€ —¢) | —————u+ + (1 €)N

J J

Note that ¢ — e < 0. For large enough N, we have

N, + H. o
—(1—6)% (€ —¢) (ZJJTMU—F&)SO.

J J

Hence,

N. + H. iy
R <(1—¢) (pJT*Ju#]‘\;J).

J J
Combining (21) and (29) yields (26).
4) To show (27), note that R € (1 — €)A,,, we have
N.R:
Z JTR](I —€)(upN + uy).

VISV
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Hence,

< S (Dt
; (1—eu wu
JjeTJ JjET
N;R; s
=X e
je J( B 6) b
<pN + =~ pN(using )
uou
=0.
Therefore, (27) holds. O

B Proof of Theorem 9

For any insufficient channel j € Z, consider the subnetwork G;. We will use
a similar technique as we did for the single-channel model. We first focus on
the min-cut from the server s to any given destination ¢. Denote the further
subnetwork of G; that contains all the ON peers in N, the destination ¢ and
the links between them as QONt i.e. QONt will contains the server, the peers
in ‘H; and the ON peers in N and the links between them. Let the set of
ON peers in N; be NPV, Let the number of peers in NV excluding the
server and the destination be Y. According to Proposition 2, the min-cut of
G, statistically dominates by the min-cut of QONt We can then study QONt
instead of G;.

We will estimate the “failure” probability for each individual cut using
Chernoff bound and take the union bound of them. However, we need to
categorize cuts more carefully because now we have two different kinds of
peers: the normal peer in channel ¢ and the helpers borrowed from other
channels. We define a cut of Q]QN’t by dividing peers into a set V;‘ ' that
contains the server, n ON peers from the set N; and h helpers from the
set H;, and the complementray set V;L’hc that contains the destination, the
remaining Y; —n ON peers and H; — h helpers. In the following, by “the left
set” we mean the set V;L’h and by “the right set” we mean the set V' e For

each pair of (n, h) there are totally (ZJ) (th) such cuts. Define

./V'jn,h A VnhﬂM,th A VnhﬂH
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./\/'j”’h is the set of normal ON peers of channel j that are in the left set and
H?’h is the set of helpers of channel j that are in the left set. Define the set
./\/'j”’hc and H?’hc as the complementray set of ./\/';l’h and H?’h in NPV and ‘H;,
respectively. Recall that C; is the link capacity between node 7 and node
k. Let C’;Z’h be the capacity of the cut, which is given by

Cnh Z Z Czk

n,h¢
Vit pey

The capacity of a cut comes from four different kinds of contribution
including (i) the contribution from the server to the normal peers in the
right set, (ii) the contribution from the normal peers in the left set to the
normal peers in the right set, (iii) the contribution from the normal peers in
the left set to the helpers in the right set and (iv) the contribution from the
helpers in the left set to the normal peers in the right set. Note that there is
no contribution from helpers to other helpers since there are no connections
between them. Denote these four parts of contribution as C’ e O N

CZJGH g and C;Hhﬂ ~ (we omit the superscript & in C}y_, y since it does not
depend on the number of helpers on the left set h). More specifically,

n,h
O] s—N — E Cs ks
n,h¢
keN}

n
j,N—>N — E E Cz‘,kn

iENT" keNT

n,h -
Cj,NHH_ E, E Ciks

c
ZENnh nh

H—>N_ Z Z Ozk

ieH " keNT "
The capacity of a cut can then be written as

nh n
Cy ]S—>N+ONHN+C N—>H+OH—>N

Note that for each normal peer, there are K reserved links for helpers, and

therefore the upload capacity of each normal ON peer that can be utilized
for other normal peers will be given by v’ = %u, where M’ = M — K. The
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contribution of a normal peer in the left set to that in the right set normalized
by the per link capacity u/M still has a hypergeometric distribution. So are
the contribution from the server to the normal peers in the right set and the
contribution from the helpers in the left set to the normal peers in the right
set. The expectations of different parts conditioned on Y; can be written as

[ Crh Yyt s ON] (V;—n+1)—2i

Y + 1
[ Js—>N‘Yg,t is OFF] (Y; — n)u}/J,
J
n u/
E [C}y_nlY] = (Y —n+ 1)nﬁ,
[C"HANIY} (Y; —n+ 1)h%,

J

However, C’Z}\}}_)  has a different distribution. For each individual i € N, k €
H;, Cir will be a Bernoulli random variable with parameter 1/N; times the
per link capacity §7. Note however that such C, are not independent across
1 or k. Nonetheless, we can show that

n(H; — h)
E [ - \Y} e =,
]N H )/JM
Now define
O] Cms—>N + OJN:N—>N + C] H—N>

and let

~'n,h "n,h

S Al d

=E [Cnsh_uv|y] +E [C)y_yIY;] +E [CHHHN‘Y}

In addition, define the contribution from all the helpers to the normal peers
on the right side as C7 45 v, i€,

]AH—>N Z Z Czk

REM; je N
We have
E [ L]T'I;AHHN} = (Y3 —n)

We have the following lemma.

u.

Q.Z ‘um
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Lemma 11. For insufficient channel j and any € > 0, assume that M =
QogN), N; = ©O(N) and H; = O(N). For any €' € (0,1) there exists
Ny such that for N > Ny if v € [p(1 — e”)%,p) and Y; > yN;, we have the
following results for 0 <n <Y; and 0 < h < H;

1) When n < 6,Y;, and 0 < §; < 1, we have

(1-€)Cry < O™ (30)
2) WhenY; — (K +1)/p > n > 6,Y; for some constants 6; > 0, we have
(1-€)C; <E [OnNHN‘Y} (31)

3) Whenn >Y; — (K +1)/p, we have

(1—¢)2Cr; <B(L-¢") [Chy_ylY;] + Ot (32)

w,j

where

Cuh = [0 = VB [Canv] = (H; = W)Y, = n+ 1) 7]

+ [(Hj — h)yu/M — K(Y; —n+ 1)u/M]*

(CZ;’ is the expectation of the worst case value ofC Nepg T C”HHN in these

condition, which will be described later.)

Proof. We first consider part 1). Note that N; = ©(N). We can assume
that /1N < N; < o N. We consider two different ranges of n. i) Suppose
n < d3log(N) for some constants d3. We have

lij\rfn inf C_Y h> hm mf E [C" R \Y]}

jys—N
> liminf(Y; — n) Lsd
W Y,
> lim inf ( 03 log(IV )) Us,j
N—o0 V5N ’
=Us,j > nyj'

Therefore, (30) holds for large enough n.
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ii) Suppose 65 log(N) < n < §,Y; for some constants d3. Then

. e Ak .. n
h]VnLloIif (O hNHLIOIéfE [CF NN 1Y]]
u/
> 1limi o
—hNHLIOIéf(YJ n+ 1)an —

u/

> liNIILiOIéf(vﬁl(l —01)N —1)d3 log(N)m

=lim inf 7761(1 — 51)(53 log(N)u/
N—o0 2

= + 0.

Hence, (30) holds for large enough n. According to i) and ii), result 1) holds
consequently.
We now consider 2). Note that

ul

N, —1

E [y lY}] = (Y =+ L
is a quadratic function of n. Therefore, for Y; — (K +1)/p > n > §,Y,

=Y;—n+1)n

N,—1

u/

> min{(1+ (K +1)/p)(¥; — (K +1)/p), 6 — 1Y)

Note that 6,Y;(¥; —6,Y;) = O(N?), (14 (K +1)/p)(¥; — (K +1)/p) = O(N).
For large N, we will have

SN(Y; — 81N) >> (1+ (K +1)/p)(Y; — (K + 1)/p).
Hence, for Y; — (K +1)/p > n > §;N, we have
E [Ciy Y] > (1+ (K +1)/p)(Y; — (K +1)/p).

If Y; > vN;, we have

/ !/

v 1 = (HE+D)/p)(YN;=(K+1)/p) Nj“_ s

J

(I+(E+1)/p)(Y; = (K+1)/p)
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Hence,
liminf B [CFy_y|Y;] > (14 (K +1)/p)yu.

For any ¢’, if N is large enough such that N; = p; N and M = alog(N) are
large enough, we have

E [Coy_n|Y;] 214 (K +1)/p)(1 — ")y,

and M_K
u = ]\7[ > (1—¢")su

Choose ~ such that v > p(1 — €’)3. We then have

E [C7y_ylY]
>(1+ (K +1)/p)(1 — €)3p(1 — )3 (1 — €")3u
=(1— € )(up + (K + L)u).

Note that H; < KN;, for large enough N

N. 4 H- iy
wu_‘_u J

Us,j

N

J
<up+ (K + 1)u

<up + Ku +

Therefore, for large enough N,
(1= ) Cpy < (1= up+ (K + 1)u < B[Cly_n 1Y)

For 3), we have Y; — (K 4+ 1)/p <n. Then if ¥; > vN;

u u
>Y.
1N, 1

j
M-K
M

(¥; —n+ Dn

N.

J

>

u

For any €”, we can choose v such that v > pv/1 — € and M large enough such

that MA}K > /1 —¢€". Then we will get

/

N, —1

(Y;—n+1)n > (1 —€")up. (33)
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Next we will show that for large enough NV,

H.

24 n,h

(1—€") Fju <Oy

First, if H;—h < K(Y;—n+1), we have (H;—h)u/M —K(Y;—n+1)u/M <0,
and

limsup(H; — h)(Y; —n + 1)% <limsup K(Y; —n + 1)2%

N—oo N—oo
<li K(K +1 12—
N lgl_iip (K +1)/p+ )alog(N)
=0.

On the other hand, since (H; — h)(Y; —n+1)% > 0, we have

R
M

lim inf(H; — h)(Y; — n + 1)% > 0.

—00

Hence,
U
M

Therefore, for large enough N, (H;—h)(Y; —n+1)4; will be smaller than (1—
) (=D,
N

lim (H; = 1)(Y; —n + 1) 0.

" u, whose limit is at least limpy_ (1 —€¢” )% when N approaches

J

infinity, i.e.,
n (Y, —n+1)H; u
(1-€)E [ijAHHN} =(1-¢)— N, fu> (Hj—h)(Y; —n+ 1)M’
Thus
n n u ]t
Ol = (1= VB [CFa ] = (H; = (Y, —n+ 157
+ [(Hj — h)yu/M — K(Y; —n + 1)u/M]"
(Y; —n+1)H; u
=(1—¢€") u—(H;j—h)(Y;,—n+1)—+0
N] J J M
H; U
> (1= ) = (= W) —n o+ 1)
—00 H;
=g (1-— e”)ﬁju.
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Second, if K(Y; —n+1) < H;,—h<(1 —e”)%M, we have

u

U U U
(Hj—h)M—K(}/j—n+1)MZK(}/j—n+1)M—K()/j—n+1)M 0.
and
(Y, —n+1)H,; u
(1= &) S (= )Y, =+ 1)y
Y;—n+1)H; H; u
>1_//(] — MY — 1)—
=0.
Hence,
n (Y, —n+1)H,; u u
Cuj =(1 = €)= ———Su— (H; = W)(Y; —n+ 1) 5+ (H; = h) 3
j
U
Y, 1)H;
- T - K )
j
Y, —n+1)H; H u u
>1—”(] —ZMY; —n)— — K(Y; — 1)—
H.
—(1- ) HEu— K, —n+1)—
N;j
N—oo 17 H]
EE - )2
N;j
Finally, if H; —h > (1 — e”)%M, we have
U u _H; _u U
H —h)— — K(Y; — )—>“2M— - K(Y;, — 1)— >0
and
(Y, —n+1)H,; u
(1—€)~ N, fu— (Hy = h)(Y; —n+ 1)
Y,—n+1)H; H; u
<1_//(] J __]My_ 1)—
=0.
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Thus,

n, U U
ol =0+ (H; —h) 3 —K(Y; —n+1)5
H: U U
>IN — _K(Y — 1)—
=N, M (Y —n+ Dy,
NowoHj

N.

J

Combine the three different ranges of h together, we have

. h . Hj
liminf Cpf = (1 —€") lim —u.
N—o0 ’ N—o0 j

Thus for large enough N,

H.
n,h
Copli = (1= e”)QF;u.
Consequently, part 3) of the lemma holds.
In conclusion, for any €’ € (0, 1), and any v such that v > p(1 — e”)% and
~v > pv/1 —€”, all the three parts hold. Obviously, p > p(l—e”)% > pyv1—¢€'.

The lemma holds if we choose v > p(1 — 6//)% for any given ¢’ € (0,1).
U

Part 1) Lemma 11 basically says that when there are few normal peers
on the left the contribution from the peers on the left to the normal peers
on the left will be big enough (larger than Cy;). Part 2) Lemma 11 says
that when there are many normal peers on the left but there are still a few
normal peers on the right, the contribution from the normal peers on the
left to the helpers on the right will dominant. Part 3) of Lemma 11 says
that when almost all the normal peers are on the left, we need to consider
all the three parts of the contribution except the contribution of the server.
Lemma 11 allows us to analyze the “failure” probability of a cut based on
how many peers that each side of the cut has, and also allows us to compare
the capacity of the cut to the mean capacity instead of Cy;. Law of large
numbers then says the “failure” probability will converge to 0 if we compare
the cut capacity with its mean.

However, the distribution of C’Z}\}}_)  is different from the other three parts
of the contribution. It is not the sum of hypergeometric random variables.
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But its characteristic function can still be bounded by the characteristic
function of the sum of independent Bernoulli random variables. Note that
for each k € H@’hc I, = ZZE A C;xM/u is a Bernoulli random variables
with parameter 3+. We can show that I, ¢ s are negatively related. To see this,
construct Jy; as the following. First set Jy; = I; for any [. Then if Ji, # 1,
choose one out of all reserved links from the left normal nodes randomly and
exchange it with the reserved links that peer k is connecting to. It is clear
that J; has the same distribution as I given [ = 1. If the chosen reserved
link connects to a helper k&’ on the right, then after the exchanging, we have
Jur = 1 and Jyr = 0. If the chosen reserved link connects to a helper on
the left, then we have Ji; = 1 and the other Jy,l # k remain the same.
Under either case, we have Jy < I}, | # k. We then can apply Theorem 4
and bound the moment generating function of C’ vy as the sum of i.i.d.
Bernoulli random variables with parameter Y%

Now we consider sufficient channel j. We denote the cut by V' and V}*
since there are no helpers involved. Let the capacity of the cut be C7', which

is given by
=22 Cun
i€V kevre

Assuming that Y; + H; > 0, the conditional expectation given the number of
ON peers Y, can be calculated easily

us,j (Yj+H;—n) + N}:ln(yj + H; —n) if t is OFF,
J

Cr2E[CMY;] = RO
J 51Y3) {“S’J%ﬂ;ﬁ‘”) + (Y + Hy —n) if tis ON.

We have corresponding result for sufficient channels regarding the mean of
the cut capacity.

Lemma 12. Given €, choose H;’s according to (22). For sufficient channel
J, assume there exist n < 1 such that |H;| < npN;. For any0<n <Y,+H;,
and €" € (0,1) if v € [(1 — € +ne")p,p) and Y; > +'N; we have

Y+ H; = (1—€")(1—n)pN;j, (34)

and, B
(1—-€"C; < Cr. (35)
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Proof. 1t is not hard to see

¢y <min{Cf,, C
Y, + H,  u,,
< min { ug ;, Tu+ =224
- {S’J N; N;

We have

(1-€¢)Cp; < CF

N, + H, s Y. + H. o
@(1_6”)min{us,j,wu+&}Smin{u&j, Jj\_[ Ju—l—%}

N; N;
pNj+Hju S }/J+Hju
N; N;

(1 —€")(pN; + H;) <Y; + H;

S(1—¢€")

Hence, for (35) to holds, it is sufficient to show that there exist 7' < p such
that
V'Nj+Hj > (1 —€")(pN; + H;),
which is equivalent to
H.
"> (1—ep—€2L 36
V2 (= op = (36)

Note that from Lemma 8 2), there exists n < 1 such that —% < np, we have,
J

<(1—€")p+ npe”
=(1—€¢" +ne")p
<p.

Then we can choose any 7' between [(1 —¢” +ne”)p, p) as a constant and the
(35) holds. Substitute 4" into (36) will yields (34). O

Lemma 12 says that if Y; is close to or larger than its mean value pJV;,
the capacity of each cut is greater than the Cy;, which is the minimum over
the mean value of any cut capacity. Now we can prove Theorem 9.
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Proof of Theorem 9. The proof is divided into two main parts.

A. Insufficient channels

For given €| let ¢’ =1 — \/(1 —é), ie., (1—¢€)?=1—¢. For insufficient
channel, define B} to be the event {C" < (1 — €)C}; for any cut among

the (5;7) (Ifj) cuts }. Let 0 < d; < 1 be a constant. We will first assume that

Y; = y; > vN; for the v as in Lemma 11 during the following discussion, and
consider the randomness of Y; at the end. We will consider three different
ranges of n and h.

1) When n < dyy;, is satisfied. From part 1) of Lemma 11 we will only

need to worry about the C;"’h. Using Chernoff bound, for any # > 0 we have

P (C)" < (1-¢)Cy,)
<P (€ < (1= 1B ]V, = )
E[exp( ecnh)) —y]]
“exp(—0(1 = B [ Y; = )
Y = y| B [P | = y] B e Px | Y =

00— (BT [Yimus |+ B[O [Yimws |+ B[O v [Yi=ui])

E |: _QC] ,5~>N

We can use the same method as we did in Lemma 6 and we will have

P(C}”’hg(l )[O”h —yg]\Yijj)
)

"2 ;— h ;—
Sexp(—uu‘%M’(y y‘n+(n+ 3\(73/ n))
S,J 1 7

Since n < 61y;, we have y; —n > (1 — d1)y; > y(1 — §;)N;. Letting g =
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51y]- H]
P B;'Z’h‘yj =Y
n=0 h=0
01y; H; " H.
EEC) <o omle -l )
n=0 h=0
<§ < yi\ [ H; (2 6”2M’ yi—n+("+h)(yz‘—”)
e — [
- n h P Ug i 2 Yi N;
n=0 h=0 J

01y; H; " Hi u €7 -

<p Z (n) ( h) exp (_us,jTM ( " + d1y(n + h)))
N Yi\ p=L+01yn < H; S1vh

<y ()Y o8

h=0
=5(1 _+_651’Y*1/yi)yi(1 +ﬁ51’7)Hi. (37)

2) When y; — (K+1)/p > n > §,y;, from part 2) Lemma 11 we can found
N large enough and y; > vN; such that (1 —¢”)Cj; < E [C7y_y|Y; = y;].
Hence, we only need to consider C7y_, . Asresult, for these cuts the capacity
between normal peers will be big enough, and we do not need to consider
the contribution from the helpers. Let us focus on the subnetwork only
contains the ON normal peers and the cuts of the subnetwork that divide
all the ON normal peers to two sets: one on the left with n peers and the
other on the right with y; — n peers. Define BJ” to be the event {C7y  y <
(1—€") [Cry_nlY; =y;] for any cut among the (*) cuts }. For a given n
such that y; — (K +1)/p > n > d,y;, if a cut in this subnetworks has enough
capacity then any cuts in the subnetwork contains both ON normal peers and
helpers that divides the normal peers the same will also has enough capacity.
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More specifically, for a fixed n:y; — (K 4+ 1)/p > n > 61y;, we have
()
£{Cly_n = (1= €E[C}y_n]Y; =y;] for all the (i{j) cuts}
n 7"\ 2 Y Hj . ON.,t
C{C x> (1 = €")°Cy; for all the A cuts in G for all h}
’ n
noh / i\ (H; . SONt
c{C" > (1 =€)y for all the < ) ( A ) cuts in G;" for all h}
n
Hj
An,h ¢
A
h=0
Therefore, for y; — (K +1)/p > n > §1y;

H;
| By" c By (38)
h=0

For each n > 6,y;

P ( ]T'fNHN <(1-€E [O;TNHND/J' = yj} |YJ = yj)
< E [GXP(—HC;TNHN”Y} = ?/j} .
“exp(—0(1 - ¢")E [OﬁN—waj = yﬂ})

Using the same method as we did in Lemma 6 we can get

P (Cinon < (1 =€) [Chnon] Y5 =u;)

€? Mn(y; —n+1
SeXp(_T (N-—l .
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then

H;

A1, h
P UB"IY =y

h=0
<P (l’S’;‘\Yj = yj)

s(%)P«mN%Vsa—fUkmNﬁdDG:w)

n

Ui € Mn(y; —n+1)
< _
= (n) P ( 2 N, 1

Note that for n > 6,y; and y; > vN;, we have

Mn(y; —n+1) yi—n+1 (n—1)(y;—n+1)
=M M
N, — 1 N—1 N, — 1
szNi—n—l—l (n—1)(y; —n+1)

M
N—1 N, —1
—n+1 (n=1D(yi—n+1)
>~M+ M M
S A N, — 1
(n—1)(y; —n)
>~M+ M

> M + o1 (ys — )M
Therefore, letting 3 = e’Mg, for n > 0,y; and y; > vN;, we have
P <B?\5? = yj)
; "2 Mn(y; —n+1
<(4)ew (-5 EY)

2

i 6//2
< exp —7vM — 7751(% —n)M

n

<g" (yz) Borti-n) (39)

n

3) Then consider the case when y; — (K +1)/p < n. There will be at most
(K +1)/p+ 1 normal peers on the right. Now consider C’Z}}}_) ~» Which is the
contribution from all the helpers on the left to the normal peers on the right.
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For the cut that all helpers is on the left, we have C7',_ x = C’flfi v (recall
that C7' v 1s the contribution from all the helpers to the normal peers on
the right side). Now we move the helpers to the right one by one. Note that
for each helper moved to the right, it takes away at most (y; —n + 1)u/M of
capacity from C7,p . We then have

u 1t

Ozﬁ—w > \Clapgy — (H; = h)(y; —n + l)M ,

J

where [-|T denotes the projection to [0, +00).

Now consider C;’]GH - oince each helpers will have one and only one
upstream neighbors from all the normal peers, we have C’Z}\}}_) g 1s at most
(H; — h)u/M, which is achieved when all the upstream neighbors of the
helpers on the right are on the left. However, for each normal peers on the
right, it will have at most K helpers as downstream neighbors. Therefore,
there are at most K (y; —n + 1) helpers will select their upstream neighbors
on the right. Hence,

Ciom = [(H; — hyu/M — K(y; — n+ 1)u/M]".

We get for any h

Cn,h Cm,h > Cn —(H: —h L 1 ﬂ +
iHoN T O Noe 2 |G ap—N (H; )(?JJ n -+ )M

+ [(Hj — h)u/M — K (y; —n + 1)u/M]".

Recall that

Coh =B|(1 =€) |[Coan — (H; = )(Y; =n+ 1)

u 1t
j 3

M

+[(Hy = hyu/M = K(Y; =+ Du/M)|Y; = g

According to part 3) of Lemma 11, for y; > vN;, we have

(1—¢")2Cr; < (1= B [Chy_xlY; = y;] + O

Note that, for any small h such that (1 — ¢")E [C?,,_y|Y; =y;] < (H; —
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h)(Y; —n + 1), we have

Ot < (1=¢)Cyy
=Clyy T Oy + O < (1= €")°Cy;
=Clyont C;fﬁ—w + C;%_J{ <(1-¢€") [E [O;TNAND/J' =y;| + OZ;?] :
=Cl'y_n + [(H; — h)yu/M — K(y; — n+ L)u/M]"

+ [y — (= W)Y =0+ )]
< (1= VB [Connl¥s = 15] + [(H; — Byu/M = K(y; —n+ 1)/ M]*

1" n w1t
+ (1= €E [Chan_nl¥s = y5] — (H; = H)(¥; —n+ D]

SCiyv_ oy + [ tam—n — (Hj = h)(Y; —n+ 1)@]
<(1-€)E [CZNHN‘YVJ = yj]
/! n u +
+ (1= VB [Chan_nlYs = 15] = (H; = W)(¥; =0+ 1) ]
SOy + [Cj,AH—W —(H; = h)(Y; —n+ 1)M]
< (1= €E [Cfy_nlY; = y;]
=Ciy .y < (1—€)E [O;‘fN—>N|Yj =] -

For any large h such that (1—¢")E [C7 ,;;_y|Y; = y;] > (H;—h)(Y;—n+1)%,

J
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we have

CM < (1—€)Cy
ir

SO+ [l — (Hy = )Y =0+ 1) 2

J

<(1-€E [O;TNHND/J' = yj}
+ [ = VB [Chanl¥s = 4] — (= )Y =+ ) 22]
SCiy_ oy + [ tam—n — (Hj = h)(Y; —n+ 1)%}+
< (1= ¢"E [C]y_nlY; = yj]
+ (1= ) [Chagnl¥; = 53] = (H; = b)(Y; —n+ 1)
= Cinon tClan_n

<A -E[Cin_nYy =] + (1= NE[C]au Y =y -

J

The last step holds because

N U
Oj,AH—>N < (Hj - h)(yy —n+ 1)M
+ [Cj,AH—W — (Hj = h)(Y; —n+ 1)M] .

We can then conclude that
Cmh < (1= VO f th f
< (1= ¢€)Cy,; for any of the i,
=Ciy_y<(1—-E [O;TNHND/J' = )

or

) cut, any h

Cinon+Clapn
<(1-¢E [C;N—»N‘Yj = yj] +(1—€E [O;fAH—»ND/j = yj}

Now define CN;Z be the event that

{ for any of the (i{j) cuts , Cf'n_n + Clap N

<= E[ClyonlYy = 5] + (1= B [CFapn]Y) = 5]}

52



We have
Yi H;
P U Us"yi=u

n=y;—(K+1)/p h=0

<P(CPy_n < (1—€)E [Cly_y]Y; =y;] for any cut, any h
and any n > y; — (K +1)/p)
+ P(CJT‘TN—W + C;fAH—W < (1- G/I)E [CZNHND/} = yj}

+ (1= €"E[CTay_nY; =y;] for any cut, any n > y; — (K +1)/p, any h)

Yj Yi
<P U  Byi=y | +P U ¢ (40)
n=y;—(K+1)/p n=y;—(K+1)/p

For each cut, we have

P (OﬁNHN + C;AHHN < (1 - 6”)(E [C;NHND/J' = yj] +E [C;AHHND/J' = ?JJD
E [eXP(_e(CﬁNHN + C;AHHN))D/} = yj}

~ exp(—0(1 —€")(E [OﬁNHNWj = yj} +E [OﬁAHHN‘}/j = yj]))

We can apply Lemma 5 to obtain a bound on the moment generating function
of C7 45—, which is given by

H;+ N,
N

J

E [exp(_Q(C;NHN + OZAHHN))D/J' = yj} < exp {M(yj —n+1) (6_6% — 1)

Using the same method as we did in Lemma 6, one can show then that

p (C;?NHN +Clag—n < (1—€")(E [CZNHN‘YJ = yj} +E [CZAHHN’Y} - yﬂ})
< oxp (_%”M(yj —n+1)(H;+ Nj)) _

N

J
Therefore, for n > y; — (K 4+ 1)/p, we have

Yj
P U ¢
n=y;—(K+1)/p
(% exp " M(y; —n+1)(H; + N)
n 2 Nj

Y (ya) g (41)
n
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We are now ready to prove Theorem 9. Note that (39) holds for all
n > 01y;. We now combine 2) and 3) together and obtain the following from
(38) (39), (40) and (41).

yi  Hj
sn,h
Pl U UB"Y=y
n=01y; h=0
y;—(K+1)/p H; Yj Hj
Snh 1, h
=p| |J UB"Y=y|+P U UBMy=y;
n=01y; h=0 n=y;—(K+1)/p h=0
y;—(K+1)/p . Yj ~
<P U BiY,=y | +P U Bjyi=uy
n=01y; n=y;—(K+1)/p
Y .
+P U ¢

n=y;—(K+1)/p

Yj . .
J Hj+Nj

Yj AN
< (Y] =5 Mo tyi—m) : WL (Y5 rtyi—m) S
<D (e - > AT (Y)s ;

n=01y; n=y;—(K+1)/p
5 /’ij+N]- /61’ij+N]-
=<1+ + 3 N (146 N ). (42)

Now combine (37) and (42) we have

N].,l N—l Y5 Hj R
> (o (U UB Y=y
yi=[7N;1 / n=0h=0
N;j—1
N; -1
< 3 (PNt o g gt
yi=[vNj] Yi

H]-+Nj H]-+N-

+HWLHWW%+5”Nfﬂ+ﬁm”%]W]

<E(L+ pa™ TN (1 4 gy
Hj+N;

_‘__‘_ﬂ/’y(l +pﬁ/51’y)Nj +/6,7N—j](1+pﬂ/51'7

Hi+N;
J J
N]- )Nj
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Recall that M = «a;log(n), choose o, d; large enough such that for d > 1

(6% Z 4us,j .
(51’}/6”2u
We will have
1
/8/ = Qdug] 9
N o1 u
1
b= 2d
N
Consequently
1 1
=—7<0 W) ,
1 1
" o_ .
T =Y (N?d)’
H
/'YN—] - 1 1
ﬁ T 2dug ; j;jNJ = O(NQd)
N d1u
Moreover,

(1+ pﬁfhvfl/'yNi)Ni

=1+ PO ()"
—o(),

and similarly

(14 ps™ )N = 0(1),
Hj+N;

(1 +ps™ % )N = 0q).
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Therefore,

Finally,

P(len m1n(3—>N) (1—6){u ]7%’&4— Q;\ST’J})

J

NoLH, ou
= AP (Cmi“(s — 1) < (1-¢€) {“J PR, 2})

N;
y; Hj
<xp(UUS"
n=0 h=0
< N»P(Y- < 7]\7.)

U ol ) I (VN A e

=[7N;] n=0 h=0

< N;O(exp(=(1 = 7)Ny)) + N;O ( : )

N2d
1
=0 (Nle)

B. Sufficient Channel

For sufficient channel j, if Y} is given, then it is equivalent to a single
channel with N; peers, }7] = Y;+ H; of which is ON. Then the result obtained
for single model when the number of ON peers is given still holds, i.e., Lemma
6 and (19) still holds. Let the ¢’ in Lemma 12 be ¢’ = 1 —+/1 — ¢ and choose
the corresponding 7'. We have }7] > —H;. The probability that ¥; <+'N; is
of order O(exp —(1 —7')?N;).

Define l”;’;‘ to be the event {C} < (1 — €)Cy; for any cut among the
(9t15) cuts }. We have {C7 < (1 —€)Cf;} implies {CF < V1 —€C7}
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given that Y; > +/N; since /1 —€Cy; < C’;?. Let 4/ = 4" + np so that
v > (1—¢€)(1 —n)p. Since Y; > #4'Nj, letting 5" = e M= from (19) we

have
vi |
P (U Bj|Y; = yj)
m=0
</ 3\ Yi
SQﬁ//'y <1+ﬂ//7) )
Therefore,
N;+H; Yj
N, + H; A H s 5 |
2 ( " J)p?(l—mNﬁHf 1 %P(U Ba|Y =yj>
=N N m=0
N;+H,;—1
< > (N+H 1)py p)Nit i1
yi=[¥'N1
x 23" <1 + 3" )
N;+H,;—1
< X (N T Dap (b1 4+ 57) " (1 - )t
yo=0 J

>N+H

ZQﬂ//‘/ (1 +pﬁ"_

Then using exactly the same method as in Theorem 1, if M = a;log(N)

Adug 5
where o; > 5%, we have
— Y'ue

P (len mm(SHN) (1—6){u ]7])]7_‘_]/“_’_“57] })

N, N,
1
<0 ()

J
Remark: For insufficient channel, we need

4’&57]'

5 v €2’
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where v can be chosen close to p and §; can chosen close to 1 according to
Lemma 11. For sufficient channel, we need

4dus7j

"2

a .
7T Flue
where 4’ can be chosen close to p according to Lemma 12. Therefore, for any
channel j, o; is close to

4dus7]’

pu €2 '

Similar to the single-channel model, we observe that if we require larger
streaming capacity or faster convergence rate, i.e., € is smaller (consequently
¢ and € is smaller) or d is larger, we will need a larger «;. If the probability
that a peer is ON is reduced, i.e., p is reduced, we will also need a larger «;.

References

[1] X. Zhang, J. Liu, B. Li, and Y.-S. Yum, “Coolstreaming/donet: a data-
driven overlay network for peer-to-peer live media streaming,” in Pro-
ceedings IEEE INFOCOM, vol. 3, 2005, pp. 2102 — 2111.

[2] X. Hei, C. Liang, J. Liang, Y. Liu, and K. Ross, “A measurement study
of a large-scale p2p iptv system,” IEFEE Transactions on Multimedia,
vol. 9, no. 8, pp. 1672 —1687, Dec. 2007.

[3] T. Silerston and O. Fourmaux, “Measuring p2p iptv systems,” in Pro-
ceedings of NOSSDAV’07, June 2007.

[4] C. Wu, B. Li, and S. Zhao, “Exploring large-scale peer-to-peer live
streaming topologies,” ACM Trans. Multimedia Comput. Commun.
Appl., vol. 4, no. 3, pp. 1-23, 2008.

[5] W. Liang, J. Bi, R. Wu, Z. Li, and C. Li, “On characterizing ppstream:
Measurement and analysis of p2p iptv under large-scale broadcasting,”
in IEEE GLOBECOM 2009, Nov. 2009, pp. 1 —6.

[6] R. Kumar, Y. Liu, and K. Ross, “Stochastic fluid theory for p2p stream-
ing systems,” in IEEE INFOCOM, May 2007, pp. 919 -927.

o8



[7]

8]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

L. Massoulié and A. Twigg, “Rate-optimal schemes for peer-to-peer live
streaming,” Perform. Eval., vol. 65, no. 11-12, pp. 804-822, 2008.

C. Feng and B. Li, “On large-scale peer-to-peer streaming systems with
network coding,” in Proceeding of the 16th ACM international confer-
ence on Multimedia, Vancouver, British Columbia, Canada, 2008, pp.
269-278.

T. Bonald, L. Massoulié¢, F. Mathieu, D. Perino, and A. Twigg, “Epi-
demic live streaming: optimal performance trade-offs,” in ACM SIG-
METRICS 08, 2008, pp. 325-336.

S. Liu, R. Zhang-Shen, W. Jiang, J. Rexford, and M. Chiang, “Perfor-
mance bounds for peer-assisted live streaming,” in ACM SIGMETRICS
08, 2008, pp. 313-324.

S. Sengupta, S. Liu, M. Chen, M. Chiang, J. Li, and P. A. Chou,
“Streaming capacity in peer-to-peer networks with topology con-
straints,” submitted to IEEE Transaction on Information Theory, 2009.

S. Liu, M. Chen, S. Sengputa, M. Chiang, J. Li, and P. A. Chou, “P2p
streaming capacity under node degree bound,” in Proc. IEEE ICDCS,
Genoa, Italy, June 2010.

M. Castro, P. Druschel, A.-M. Kermarrec, A. Nandi, A. Rowstron, and
A. Singh, “Splitstream: high-bandwidth multicast in cooperative envi-
ronments,” in SOSP 03, Bolton Landing, NY, 2003, pp. 298-313.

V. Pai, K. Kumar, K. Tamilmani, V. Sambamurthy, A. E. Mohr, and
E. E. Mohr, “Chainsaw: Eliminating trees from overlay multicast,” in
IPTPS, 2005, pp. 127-140.

D. Wu, C. Liang, Y. Liu, and K. Ross, “View-upload decoupling: A re-
design of multi-channel p2p video systems,” in IEEE INFOCOM, 2009,
pp- 2726 —2730.

D. Wu, Y. Liu, and K. Ross, “Queuing network models for multi-channel
p2p live streaming systems,” in IEEE INFOCOM, 2009, pp. 73 —81.

P. Gupta and P. Kumar, “The capacity of wireless networks,” IEEFE
Transactions on Information Theory, vol. 46, no. 2, pp. 388 —404, Mar
2000.

99



[18]

[19]

[20]

[21]

[22]

L. Massoulié, A. Twigg, C. Gkantsidis, and P. Rodriguez, “Randomized
decentralized broadcasting algorithms,” in Proceedings of IEEE INFO-
COM, 2007, pp. 1073-1081.

A. Ramamoorthy, J. Shi, and R. Wesel, “On the capacity of network
coding for random networks,” IEEE Transactions on Information The-
ory, vol. 51, no. 8, pp. 2878 —2885, Aug. 2005.

J. Edmonds, “Edge-disjoint branchings,” Combinatorial Algorithms, ed.
R. Rustin, pp. 91-96, 1973.

R. Ahlswede, N. Cai, S.-Y. Li, and R. Yeung, “Network information
flow,” IEEE Transactions on Information Theory, vol. 46, no. 4, pp.
1204 —1216, Jul 2000.

S.-Y. Li, R. Yeung, and N. Cai, “Linear network coding,” IEEFE Trans-
actions on Information Theory, vol. 49, no. 2, pp. 371 —381, Feb. 2003.

S. Ross, A first course in probability, 5th ed. Upper Saddle River, NJ:
Prentice-Hall, 1998.

A. D. Barbour, L. Holst, and S. Janson, Poisson Approzimation. Oxford
University Press, 1992.

S. Janson, “Large deviation inequalities for sums of indicator variables,”
Uppsala Universitet, Tech. Rep., 1994.

W. Hoeftding, “Probability inequalities for sums of bounded random
variables,” Journal of the American Statistical Association, vol. 58, no.
301, pp. 13-30, 1963.

J. Hao and J. B. Orlin, “A faster algorithm for finding the minimum cut
in a graph,” in SODA ’92: Proceedings of the third annual ACM-SIAM
symposium on Discrete algorithms, Orlando, Florida, 1992, pp. 165-174.

60



