2010 10th IEEE International Conference on Computer and Information Technology (CIT 2010)

Dynamic Resource Provision in Multi-Channel P2P Live Streaming Systems

Xiaoqun Yuan
Department of Electronics and
Information Engineering
Huazhong University of Science Technology
Wuhan, 430074, China
Email: yuanxiaoqun @ smail. hust.edu.cn

Hao Yin,Xuening Liu and
Department of Computer Science and

Tsinghua University
Beijing, 100084, China

Geyong Min
Department of Computing
University of Bradford
Bradford, BD7 IDP U.K.
g.min@brad.ac.uk

Changlai Du

Technology

Email: { h-yin, liuxn99, duchanglai }
@ mails.tsinghua.edu.cn

Abstract—Peer-to-Peer is one of the most popular live
streaming delivery technologies owing to its scalability and
low-cost. Most practical P2P streaming systems adopt hun-
dreds of channels to deliver streaming to thousands of users
simultaneously, and thus there is a great challenge to allocate
server resources among these channels efficiently. In practice,
most P2P systems have resorted to over-allocating resources of
servers to different channels, which may result in low-efficiency
of servers and high-cost of system operation. Unfortunately,
there are few studies addressing this problem. In this paper,
we focus on allocation of server resources to different channels
appropriately. We first analyze the scalability of P2P systems
and present the streaming quality model of P2P live streaming
systems, which discloses the relation between the streaming
quality of channel and corresponding influencing factors. A
dynamic provisioning algorithm is then proposed for multi-
channel P2P live streaming systems based on this quality model.
The experimental results demonstrate that the algorithm can
effectively improve the channel streaming quality for multi-
channel P2P live streaming systems.

I. INTRODUCTION

With the emergence of live streaming business, the In-
ternet has recently experienced a significant increase in
these applications, and some live streaming distribution
technologies were developed to apply them, among which
P2P is one of the most popular technologies. In fact,
most multi-channel P2P live streaming systems, such as
Coolstreaming[ 1], PPLive, UUSee and livesky [2], broadcast
live multimedia content to millions of users simultaneously
through hundreds of media channels. Unfortunately, there
always exists the problem that the streaming quality is
unsatisfactory. In order to solve this problem, most P2P
systems have resorted to the practice of over-provisioning
server capacities to satisfy the streaming demand from peers
in each of its channels, which means more cost and lower
efficiency.

It is a great challenge for P2P live streaming systems to
allocate appropriate server bandwidth resource to different
channels. However, most existing studies focus on single
channel P2P streaming systems, such as constructing more
effective P2P topology[9][10], copping with peer churn and
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maintaining the quality of live streams[11][12][13] et al,
but there are few works focusing on multi-channel P2P
systems till 2008. C.Wu [3] analyzed 7 months of run-time
traces data from UUSee, then proposed an online server
resource provisioning algorithm for each channel, but the
model was just based on the trace data and didn’t analyze
general multi-channel P2P live streaming system. D. Wu
[4][5] proposed infinite-server queuing network models of
the multi-channel P2P streaming system, then applied the
models to the isolated channel (ISO) and the View-Upload
Decoupling (VUD) P2P streaming designs. Obviously, while
this model ia based on the infinite queuing model and is
suitable for P2P streaming system designs, it is not suitable
for online resource provision among hundreds of channels
due to the dynamic P2P. So it is necessary to develop a
general dynamic provisioning algorithm for multi-channel
P2P live streaming systems.

Obviously, the core goal of this provisioning algorithm
is to maximize the P2P resource utility, and is similar to
the traditional network resource allocation problem, which
has been well studied. In last two decade, there are many
network resource allocating algorithms have been proposed
[6]1[7][8]. Most of these allocating algorithms focused on
the adaptation of source rates and routing to efficiently use
network resources, and maximized the network resource
utility of Layer three(TCP) or Layer Four(IP). Due to the
unique feature of peer acting as both receiver and sender and
the feature of overlay network, these allocating algorithms
are not suitable for P2P systems and a new server resource
allocating algorithm needs to be developed to capture the
essential aspects of P2P multi-channel systems.

In this paper, we try to solve the problem of the server
resource allocation among different channel. In order to do
this, we first analyze the relationship between the demanded
capacity of P2P system and the server upload capacity,
then we present a general streaming quality model. Based
on this model, we proposes a dynamic resource allocating
algorithm for multi-channel P2P live streaming systems. Our
contribution s are summarized as fellows:
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1) We present a general streaming quality model of multi-
channel P2P live streaming systems, which discloses the
relationship between the streaming quality of channel and
the factors, such as peer number, server upload capacity and
the average peer contribution of each channel.

2) Based on the the streaming quality model, we pro-
poses a dynamic resource allocating algorithm for multi-
channel P2P live streaming systems, which allocating server
resources among different channels based on the correspond-
ing peers demand of each channel of the systems and can
improve the streaming quality of the P2P systems.

The rest of this paper is organized as follow. In section
II, we present our basic system model of multi-channel P2P
live streaming system, including some basic assumptions
and notations, and formulate the problem of the server
resource allocating among channels as a optimal allocating
problem. In sections III, we present the detailed analysis
of the resource demand and the streaming quality model of
multi-channel P2P live streaming systems. And in section IV,
based on the streaming quality model, a practical dynamic
server resource allocating algorithm is proposed and the
validity of this algorithm is confirmed by our simulation. In
section V, we summarize this paper and discuss the further
work.

II. SYSTEM MODEL AND PROBLEM
FORMULATION

A. System Overview

In this section, we present our basic multi-channel P2P
live streaming system model, including the underlying as-
sumptions and notations (Table I).

Our P2P live streaming system has three major com-
ponents: 1) the server, which manages and provides live
streaming for our P2P system; 2) channels, through which
servers broadcast streaming to users, and through each chan-
nel servers broadcast the same streaming to corresponding
peers; and 3) users, which not only download streaming from
the server and other peers but also upload streaming to other
peers.

In this system, all peers are divided into some subsystems
according to programming content, such as Sports subsystem
for live sports program, News subsystem for the News all
around the world, and for each subsystem k, there is a
corresponding channel k through which the server broadcast-
ing streaming to peers. Peers in subsystem k are organized
as a mesh-based P2P topology. At each time, the system
simultaneously accommodates users with many channels of
programming and the server allocates bandwidth resource
to these different channels to service peers and to satisfy
the streaming demand from peers. In the system, different
subsystems are independent each other and each subsystem
has no information redundancy. That is to say, each peer
just download streaming from servers and the other peers in
the same subsystem, and the departure or join of peers in

one subsystem don’t affect any other subsystem and in each
subsystem, all content uploaded by peers are downloaded by
peers in the same subsystem. In this system, the time of peer
switch is negligible. When a peer leaves, the neighbor peers
can download the data form the other alive peers at once,
and when a peer joins, it can download(upload) streaming
from(to) other peers.

Table 1
NOTATIONS USED IN OUR PAPER

Notation ~ Definition

U The total bandwidth capacity of the server.

M The total channel number through which the server broadcasts
streaming to peers.

r§ The bandwidth capacity which the server service peers
through channel & , r}" expresses the bandwidth capacity
which peer j downloads from all the other peers and 7
denotes the total download capacity of all peers in subsystem
k.

bf The total capacity which peer ¢ uploads to other peers in
subsystem k.

ok Average fraction contribution capacity of peers in channel k

RF Live streaming rate of channel k.

QF Expected quality of the channel £ and qf denotes the quality
of peer .

To build our quality model, which can reveal essential
aspects of practical system, yet be still simple enough, we
make the following assumptions:

1) In each channel k, users are organized as a mesh-
based P2P topology, all peers in the same channel have
the Independently and Identically Distribution(IID). In each
time slot, the change rate of peer number of channel £ is
expressed as p¥, and each new peer will randomly select m
partners from the current set of alive peers to ask for their
upload capacity.

2) The streaming quality refers the ratio of peer download
capacity to streaming rate R*, and the high quality means
that the peer’s download capacity is no less than streaming
rate R*. At the time t, the high quality probability of channel
k is B*.

B. Problem Formulation

The problem of multi-channel resource allocation can be
defined as follow:

Considering a multi-channel P2P system with a server
and M channels, let U denote the total upload capacity of
server, RF expresse the streaming rate of channel k, N k
present the peer number of subsystem k, and p* denote the
change rate of peer’s number of channel. At this condition,
the multi-channel resource allocation can be described as
determining the optimal allocation server upload bandwidth
capacity among different channels. Obviously, it is an opti-
mal allocating problem with multiple constraints:

Maximize:
M

D@k’ )

i=1
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Subject to:

M
> (rh) )
=1
QF = F(N*, 7k, p") 3)

where 0% denotes the predictability of the streaming quality
of subsystem k, Constraint(2) denotes that the total allo-
cating capacity is less than the server upload capacity and
Constraint (3) shows that the streaming quality of channel k&
is the function of N* ¥ pF . In this model, we uses 6 as
weight parameter to control server capacity allocation, which
assures some subsystems to achieve relative good streaming
quality during some certain period, and to avoid the universal
bad streaming quality.

III. P2P SCALABILITY MODEL
A. P2P Scalability Model

Considering channel k, let the peer number of channel k
be N*, r* denote the download capacity of peer i from
server, ¥ express the total download capacity of peer i
from other peers, and b¥ present the total upload capacity of
peer ¢ to others peers. Then in subsystem k, the relationship
between the download capacity and upload capacity of peer
1 can be described as:

(r§ +1i)p )

Let N denote the peers’ number of channel %, then we
have

K — pk

3

-

(&)

N
(r§ + 1) = Z by
i=1

i=1

where Zz 1 M = r¥, denoting the capacity allocated by
the server, Zl 1 bf = b*, denoting the capacity uploaded
by peers, and ZZ 7% = r* denoting the capacity which

peers download form other peers.

Since different channels have no information exchange
and there is no information redundancy in each channel.
Obviously, in subsystem k, r* = b¥, so the P2P scalability
model can be described as:

(r¥ + 1) pk (6)

where ¥ is the total capacity that the server allocates to
channel k, and 7" is the total contribution of peers in
subsystem k.

Equation (6) shows that the scalability of channel k& and
the contribution of peers in channel k£ are the function of
r’; and pk. In the case of pk > 1, if equation (6) holds,
then 7% < 0. This means that the peers of channel k upload
capacity to server through channel %k, which is in conflict
with the fact that the server broadcasts live streaming to
peers in channel k. So when p¥ > 1 and 7% > RF, the

:’r‘k
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peers of channel k not only provide enough capacity for all
peers to view live streaming smoothly, but also provide some
surplus upload capacity for further scaling. What’s more,
with the population of peers increasing, peers in channel
k have a better streaming quality and the channel k has
more scalability. But in the case of p* < 1, if equation
(6) holds, then rf > 0. This means that the server needs
to provision some demanded capacity to maintain channel
quality. In this case, if the server uploads the same capacity,
the streaming quality of channel k decreases with the peer
number increasing.

B. Channel Quality

The P2P scalability model (6) shows that when p* >
1, the server only provides streaming of r¥(r* > RF) to
achieve high streaming quality, but when p* < 1, it need
upload more demanded capacity to provide good streaming
quality. In this paper, we will focus on the latter.

For subsystem k, let 3% denote the peer’s high download
probability, which means that the download capacity of peer
i is more than R*, and let v¥ express the viewing rate of peer
1. Then we formulate the viewing rate of peer ¢ as follow:

R rfl- + rf > RF
@)

k ko k k k
rgtry rg T <R

We define the streaming quality ¢~ of peer i as ¢¥
E[P{vF : vF > RF}]. Substituting Equation (7) into it, the
q¥ can be further described as:

1

rk 4k > RF

S T —

q = (8)

r“+r

ko ok k
et rg +ri <R

BE + (1 - %)

Considering channel k, let ¢¥ express the expected prob-
ability of user viewing rate. Then we have:
1+ 85k + 1k
= g+ L iék ) ©

In channel k, all peers have the Independently and Iden-
tically Distribution (IID), so the peers’ expected average
streaming quality of channel k(channel quality) can be
described as fellows:

btk <R

J SZ

(1+B")rs
B R (1D

Equation (11) shows the relationship between channel
streaming quality and the corresponding influence factors
7“]; R ,0’C and N,

Fig.1 shows the relationship between the streaming quality
of P2P subsystem k and corresponding influence factors
7k, p* and N*. Fig.1(a) plots the relationship between the
streaming quality of P2P systems and N* with different
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server capacities, Fig.1(b) expresses the relationship between
the streaming quality of P2P systems and 7% with different
peers contributions and Fig.1(c) shows the relationship be-
tween the streaming quality of P2P systems and p* with
different server capacities. In Fig.1(a), the range of N* is
from 1000 to 2000, the step is 1 and the server capacity.
Fig.1(a) shows that the streaming quality is decreasing with
NP increasing when the server capacity is given. Similarly,
Fig.1(b) shows that the streaming quality is increasing with
server capacity increasing when peer contribution is given
and increasing with the peer contribution increasing. Obvi-
ously, form Fig.1, we can tell that the channel quality has a
negative correlation with N k and has a positive correlation
with p¥ and r%.

IV. A RESOURCE PROVISIONING ALGORITHM
FOR MULTI-CHANNEL P2P LIVE STREAMING
SYSTEMS

In this section, we present a dynamic server capacity
provisioning algorithm, which probatively adjusts the server
capacity available to each of the concurrent channels. Our
provisioning algorithm takes into account the predictability,
the number of peers and the streaming quality of each
channel.

A. Parameters Estimating and Predicting

Before describing the provisioning algorithm, we firstly
determine the parameters of our algorithm.

1) Estimating Peer Number: Equation (11) shows that the
streaming quality of subsystem k is the function of p*, 7%
and N*. In order to probatively adjust the server capacity for
each channel, we first estimate the number of active peers
in channel k at the time t + 1, NJ, |,0 <k < M.

At time t, assume the peer number of channel k is Ntk.
Then, at time ¢+ 1, we estimate the peer number of channel
k through the following equation :

Nk, = (1+pf)Nf — w(NF — NF) (12)

where pf is the peer number change rate of subsystem k at
time ¢, p is the correction parameter and Ntk is the estimated
value of peer number at time .

2) the Prediction of Channel Quality: We estimate the
probabilit)k/ of high streaming quality of subsystem k& with
ﬁf_H = ;—}, where n¥ is the peer number whose download

capacity is more than R” at time .

Let r’;(t +1) denote the capacity which server will allocate
to channel k at time ¢+ 1, then substituting (12) and Tf(t+1)
into (11), the average streaming quality of subsystem k at
time ¢ 4 1 can be described as fellow:

(1+ Bf+1)7"§(t+1)

K =B+ =" (13)
t+1 t+1 Ntk+1(1 _ pk)Rk
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Figure 1. Correlation between average streaming quality and its influencing
factors

B. The controllability of channel quality

In multi-channel P2P live streaming systems, all channels
not only compete but also share the same server capacity.
Equation (13) shows that the average quality of channel k
decreases with the peer population increasing when p* < 1,
which means the over capacity allocation strategy aren’t
suitable at peak time. What’s more, due to the decentralized
,uncoordinated operation, P2P systems have low controlla-
bility of channel service quality with undesirable disruptions.

In P2P live streaming system, the churn of peers is the
most critical factor which can lead to the quantity changing
greatly, and there are two kind of churns on different time
scales: peers entering and leaving the system on long time
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scale or on short scale. The former occurs on on-device
peers entering and leaving the streaming application for
a long time and the latter occurs on peers joining and
leaving the streaming application randomly. Since the on-
device peers are always online and can provide stable upload
and download capacity for a long time, which makes it
possible to predict and control the streaming quality of
channel for future. For example, the Set-Top-Boxes are
always on-devices in one channel and have stable download
and upload capacity[7]. But the random peers enter and leave
streaming application randomly, so they can’t service the
others peer stably, which make it challenge to predict and
control the channel streaming quality, especially at the peak
time. Fortunately, the two kind of peers are in the same P2P
system. So, even at peak time, it is possible to make some
prediction of streaming quality and provide good quality
streaming to peers. In this paper, we use dF to express the
controllability of streaming quality of channel k at time ¢,
and define 6% as fellow:

it = QL /T (149
Nf k
i—q dit : i
where Qf = Zl?\ik Uﬂf(t) = mln(l,rfi(t) + Tf(t)) 18

the actual streaming quality of subsystem k at time ¢, QF
denotes the expected streaming quality of subsystem £ at
time t — 1.

Obviously, the predictability of channel k increases with
§F increasing. OF 1 means the streaming quality of
channel %k can be predictable and controllable completely,
and 6F > 1 means the streaming quality is better than
expected.

C. Optimal Allocation of Server Capacity

Based on the predicted peer number, the streaming quality
and the predictability of streaming quality of each subsys-
tem, we reformulate the model of (1) into:

Maximize: o
RA = (QF,1)"(67)" (15)
i=1
Subject to:
0< T]:(tﬂ) < Bf(tﬂ) (16)
M
U= ZTS(tJrl) A7)
i=1
a+b=21<a<20<b<1 (18)
Qth1 = f(NZCHan(tH)aPk) (19)
where
RA = i(ﬂk + (1 - ﬂil;(-‘rl)rs(t"rl) )a(ak)b
= 1T T 5)
k=1 (1- Pk)Rkaﬂ
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is the objective function. Bf,; = (1 — p*)RFN}, is
the maximal server capacity requirement for channel %k at
time ¢ + 1, in which case the channel quality achieves 1.
Constraint (16) means the capacity server assigns to channel
k is no more than the maximal server capacity requirement
of channel, constraint (17) denotes that the total capacity
assigned to channels is subject to the service ability of server.

In order to find an optimal solution to the optimization
problem, we introduce Lagrange multiplier operator[8]. Let
Lagrange multiplier A for the constraint in (21), u for the
constraint in (22), v for the constraints in (23),and w for the
constraint in (24). Then we get the KKT conditions for this
allocation problem as follows:

ORA

——— FA+p+rv+=0 (20)
87"s(t-H)k a
M
MU= rk, ) =0 21)
i=1
'“(T]:(tﬂ) - Bf(tﬂ)) =0 (22)
k _
UTS(t-‘rl) = O (23)
wla+b—2)=0 (24)
For (Tf(t+1))* > 0 and (rf(t+1))* > Bf(t+1), then from

constraints (22) and (23), we (u)* = 0 and v* = 0.

Substituting it into equation (21), we have dekRA = A\~
s(t+1)
. . 1-8F
Introducing a new equation m = Biry From
(1—p*)RFNE,,
1 k
equation (15), we have ddkRA = A P Finally,
st 41) ma—lca—1

we derive the optimal solution as fellow:

k * k k
Bate+n) o A< em(Bagny + mBia)
_ATT % A > en(B

- __1_
ra—1¢a-1

rke =
s(t+1) f(t+1) + wﬁf(tﬂ))
(25)

where ¢ = a — 1, which controls the participation of ¥
in server resource provision. The optimal server bandwidth
provisioning for channel k, 7'5(*t+1)’0 < k < M, can be
obtained with a water-filling approach.

D. Dynamic Server Capacity Allocation

In our algorithm, the server capacity allocation is period-
ically carried out to adapt to the changing capacity demand
of each channel. In order to minimize the computation
overhead, we propose an incremental water-filling approach,
which can adjust server capacity shared among the channels
from their previous values.

At time ¢, our approach starts with ¥, ;) = (rk,))".
We first collect the data from peers of each channel, then
compute the correlative parameters of (15) at time ¢ and
some prediction parameters for time t 4 1. After that,
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Table 11
THE DyNAMIC SERVER CAPACITY PROVISIONING
ALGORITHM

At time ¢, the designated server

1. Peer information collection

Collect the number of active peers in each channel,Ntk ,and each
peer’s state information, including of rf and ﬁf , then derive the
streaming quality, the average streaming quality of system and
the quality controllability for each channel.

2. Channel parameters prediction

Predict the peer population, the average fraction contribution
capacity, the average streaming quality of each channel, and the
expect quality of each channel for the time ¢ 4 1.

3. Proactive server capacity provisioning for all the channels.

1) Compute current surplus of ierver capacity with U —

M k _
SUMp_ T yqy A0 70y = Bl gy

2) Allocate surplus to channels WithB§<t+1) — rf(tJrl).
3) Adjust channel capacity assignment with incremental water-
filling approach.

we pre-allocate server capacity provision for all channels,
which includes three process: 1) collecting surplus capac-
ity, which collects any surplus of the overall provisioned
server capacity for all channels at time ¢; 2) provisioning
surpluses capacity, which allocates the surpluses capacity
to the channels whose maximal server capacity requirement
has not been reached; and 3) adjusting the server capacity
assignment towards the achievement of a same marginal
utility across the channels, which repeats until all channels
have reached the same marginal utility, or have reached
their respective maximum server bandwidth requirement.
Our complete algorithm is summarized in Table II, which is
periodically carried out on a designated server. Each peer in
channel k is asked to periodically send its state information,
such as download capacity, upload capacity, to the server.

E. Experience Design and Performance Analysis

We develop a set of Matlab programs to calculate the
performance of our algorithm. In order to ensure our model
revealing the real Internet environment, we let ,0’c denote the
real Internet environment traffic, which is generally better at
early hours of a day, degrades to a low value around the
noon time, then increases slightly, and drops to its daily
lowest value before midnight, shown as figure 2-a. In order
to signify the randomness of peers in P2P system, we add
some churn to the number calculated with equation (15) at
each time slot. In the default settings, there is a random
number within 2000, which denotes peer population in the
system, 5 channels, the respected rate of channel is 0.4, 0.3,
0.43, 0.51 and 0.37 and the respected capacity of channel is
13, 17, 12, 10, 8.

Fig.2(a) shows the change curves of each channel quality
with time varying. Fig.2(b) shows the change curves of
each channel quality for the no capacity adjusting case and
Fig.2(c) shows the change curves of each channel quality
for the dynamic adjusting capacity with our algorithm.
Comparing Fig.2(b) to Fig.2(c), we find that our source
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Figure 2. Streaming quality achieved with different scenarios
allocating algorithm improves the quality of both the system
and each channel. But Fig.2(b) and Fig.2(c) tell us that the
improvement of channel quality is not significant. There are
two reasons: one is that we limit the value of random noise
which denotes the churn of peer number change within 20,
comparing 2000 at beginning; the other is that we assign
control parametery, with small value, which further decreases
the impact of peer churn.

V. CONCLUSION

In this paper, we study the channel streaming quality
of multi-channel P2P live streaming systems using a close
quality model. Our model captures the essential aspects of
multi-channel P2P system. The analytic model makes it
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possible to assign appropriate server resource to different
channel to satisfy different applications. Then we propose
a dynamic server resource provisioning algorithm based on
our quality model.

Although our experience verifies that our algorithm can
effectively improve the streaming quality of channel for
multi-channel P2P systems, our algorithm should be de-
ployed into practical P2P system to confirm its value.
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