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Abstract. A fundamental problem in peer-to-peer streaming is how to select
peers from a large network to request their media data. Due to the hemerog
ity and the time-varying features of shared resources between peaadaptive
method is required to select suitable peers. In this paper, we use HidaidwM
Models (HMMs) to model each peer to reflect the variation of resouf®®ng
peers with diferent HMMs, the one which produces the maximum observation
probability is selected as the serving peer. Through simulation resultshave s
that the proposed algorithm can achieve a good streaming quality and tow co
munication overhead. In addition to these characteristics, the propastal also
comes with the fairness property.
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1 Introduction

Ubiquitous computing is a trend of current technology arelémergence of peer to
peer networking makes it possible to achieve it, since PA8ens each peer as a server
which can dfer service to others. Besides that, the peer-to-peer pamaditers an
alternative possibility for streaming media over the netnaue to an important inher-
ent characteristic: resources are shared among peers. thaesimultaneously func-
tion as both clients and servers share their resources,asucbmputing power, band-
width, storages and contents with others. This importaatastteristic avoids dedicated
replication servers altogether and hence it does not havkdtileneck of clieriserver
streaming architecture. A peer-to-peer media streamistesyis operated in a kind
of play-while-downloading mode [2]. An element of diveysi$ that the local storage
of each peer is leveraged as a cache-and-relay mechanisimich vequesting peers
request media data and cache the most recently played me@ialdring streaming
[5]. The cached content can then be relayed to later peersetaest the same con-
tent. But the most distinct feature of all is that from pempeer streaming systems,
users not only enjoy the availability of media contents lisib ghe high quality of me-
dia streaming. The media streaming quality depends on naamgrk, ranging from the
characteristics of the streaming sources, such as linkcagpavailability, accessible
bandwidth and overlapping of paths from multiple sourcegteivers [8]. It is obvious
that the peer selection policy plays an important role irr{pegeer streaming.
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In peer-to-peer multimedia streaming, the peer selectioblpm is how a peer se-
lects a subset of peers from the network and request datatfrose selected peers,
such that the desired media content could be received befeirescheduled playback
time in order to obtain a better streaming quality. The intgmace of the peer selection
problem comes from that fierent outcome of selection would cause th&edent re-
ceived time of data since peers havéfatient capability to deliver data. Moreover, the
different received time of data would result in #elient streaming quality since the
data received time is an important factor thfieets the availability of data when they
are needed. The fliculty of the selection problem follows from the heterogé&neaind
uncertainty of peers. Peers have varying bandwidths, siveomputation power and
different biifered media contents. In addition, peers might come and laaare unpre-
dictable fashion and their resources vary with time. Theresfa static and unadaptable
approach to the peer selection problem will not work in therge-peer streaming en-
vironment.

In this paper, we use a hidden Markov model (HMM, [1]) to maidhel bandwidth
usage in the peer selection problem. That is, Peers are etbdsl HMMs in which
states represent status of bandwidth usage. A hidden Marianel is defined by a
five-tuple, A= (N, A, B, K, x,). N is the number of states in the modé@l.is state-
transition probability distribution which is related toetldistribution of dfered band-
width of neighborsB denotes the observation symbol probability which depemds o
the state of a peer. The observation probability would bédrign a rich-bandwidth
state than in a deficit-bandwidth state.defines observation symbdD, 1}. The ob-
servation symbol 1 denotes that a peer is able to satisfy westq0 otherwiser is
the initial probability for each state. Before selectingeaving peer, a requesting peer
would establish HMMs for some peers from its neighbors. Wiating a good stream-
ing quality, the requesting peer initially set the obsaoraO={1} with |OJ is arbitrarily
in length and select a peer with maxim®(O|1), the highest observation probability,
as the serving peer. Based on a layered streaming modes, y=the HMM streaming
algorithm would obtain a high streaming quality and therfags of the network. More-
over, the communication overhead incurred from the HMMastring model is smaller
as compared with other selection strategies.

The rest of this paper is organized as follows. Section 2emtssthe assumed
streaming model and our previous layered streaming modehwhe HMM streaming
algorithm based on. Section 3 describes our solution tospgslection using hidden
Markov model. Parameters of a HMM is also defined in detaihia section. Section
4 presents the simulation results. Related works are destiat Section 5. Finally,
Section 6 is the conclusion and our future work.

2 Layered Streaming

In our streaming model, we use layered coding to generatm#uba content. Briefly,
layered coding mechanisms generate a base layen antiancement layers. The base
layer is necessary for the media stream to be decoded, emvhantlayers are applied
to improve stream quality. The base layer can be decodegémdiently; however en-
hancement layers must be decoded based on subordinats. [&pet is, the first en-



Layered Peer to Peer Streaming Using HMM 3

hancement layer depends on the base layer and each enhahtayeej + 1 depends
on its subordinate laygr 1 < j < n— 1. To simplify the notation, we call the base layer
as layer 1. When we mention aayer media streaming architecture, it is known that 1
to nlayers are all taken into account. And we g0 denote the playback rate of an
layer media content. A media content is partitioned intausedjal segments which are
coded with layered coding. A segment is the unit for requgstending and playback.

In addition to layered coding, peers are structured interigipccording to the band-
width they dter to the network. We udg(P;) to denote the layer of pegrand is defined
by

L(P) = j if (R;) < Bandwidtl < (Rj.1)

For peerP; of layer j, the dfered bandwidth (or called up-streaming bandwidthlPof
must at least be larger tha&). For peerP; of layer j, the largest layer of media it can
request is restricted tp Each peer is assigned a priority based on layer number. The
larger the layer number, the higher the priority it has. Whvem dr more peers contend
with the bandwidth of a sending peer, the higher priorityrpgeuld have the right to
use the resource first.

3 Peer Selection Using HMM

In this section, we describe how to use hidden Markov modsblee the peer selection
problem. First, we define a set of peers for each requestiagfethat can serve as
serving peers. This set is related to layers of neighboR ahd its own layer number.

Definition 1. Let S(P;) be the set of selectable peers gfdaich that P could request
data from those peers and we have the following definition

S(P;) = {Ps: L(Py) < L(Ps)} for all Ps € P;’s neighbors

WhenP;, performs the peer selectioB; could only select peers fro®(P;) as serving
nodes.

Since each ped?s is of limited bandwidth, and bandwidth & varies with time.
Each requester, moreover, selects its senders in a diswilfashion. Therefore, it is
possible that actual bandwidth of a selectable peer mighttaimcide on the local
information known by a requesting peer. When such situatappkns, the requester
might not obtain its desired media content if the requesteget can't &ord enough
bandwidth to satisfy requests and the streaming qualitegfiester, therefore, would
decline. To solve this mismatch problem, variation of baiatlwshould be taken into
account. In this paper, we use HMM to solve this problem. Baselayered streaming
model, HMM is used as a statistical model and use the resii\ifl as a reference
to select the most suitable sending peer. In the followinget, P; is known as a re-
questing peer who will request data from some other péxris known as some peer
from the selectable set & thatP; might select it as its serving node.

In our layered HMM streaming model, eaBl3 was modeled as a hidden Markov
model which is defined by a five-tuplg,= (N, A, B,K,n). N is the number of states
in the model. In our current work, two states are defined fahd? that are named
asGOOD state andBAD state, they will be abbreviated @ andB respectively. From
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the perspective o, Ps might be in eitheiGOOD state orBAD state. IfP, assumes
thatPg as inGOODstate, therP, thinks P might have enough bandwidth to satisfy its
request. Otherwisa?; thinks Ps might be short of bandwidth. Since bandwidthRf
varies with time, the state & would also change with time and such variations can be
defined by state-transition probability distribution=Aa;;} where

aj = P(State,; = j|State=1),i,j € {GOOD BAD}

is the probability that statieat timet would transit to statg at time ¢+ 1). For example,
acp represents the transition-probability fra@0OOD state toBAD state. Since in the
our layered model, peers could only be requested by peearsléwer layer and a pri-
ority mechanism is applied, the state-transition proligtilistribution A is, therefore,
related to layer distribution of neighbors Bf and the layer oP;. ThenA for Pg from
the perspective dPs is defined as

Cp;|

agg = agp = Neighborsy] ° ij = {Pj . L(Pr) < L(P]) < L(PS)}

Onceagg andagg are definedagg andagg could be defined as
acg = agg = 1— agg

Neighbors, denotes neighbors &, Cp, is a set that counts potential peers that might
competePg with P,. Hence agg is the relative frequency that represents ratio of peers
that might caus®@; to fail in receiving data. The more peers that might compgteith

P;, the more likely thaPg would stay inBAD state. Otherwise, fewer peer would com-
pete withP, and thusOOD state would more precisely describe the actual bandwidth
of Ps.

The observation symbol, is defined a¥K = {0, 1}. The symbol 1 denotes that a
request could be satisfied and 0 denotes otherwise. Henoelénto get a best stream-
ing quality, each requesting peer is expected to obtaindsareation C= {1} such that
|Ol is as maximum as possible.

SincePs might send data t®; based on whether it carffard P,’s desired band-
width or not, the observation probabilities are, therefdiependent on states. The ob-
servation probability distribution B={b;(k)} denotes the probability of each state to
deliver databg(1) is the probability to satisfy a request wheg staying atGOOD
state. Similarlybg(1) is the probability to deliver data whd?y staying atBAD state.
SinceGOOD state denotes th&; would have higher probability to get desired data,
therefore, the initial value dig(1) would be between the range as

05<bs(l)<1
Similarly, for BAD state ofPs, the initial value otbg(1) would be defined as
0<bg(1l)<05
Oncebg (1) andbg(1) are definedhs (0) andbg(0) could be defined as
b(0) = 1 -bg(1), bg(0) = 1 - bg(1)
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WhenP, establishes HMM foPg for the first time P, random choose a value between
[0.5, 1] for bg(1) and a random value from the range [0, 0.5] bp(1). The initial
probability of each state is set to equal, namely= ng = 0.5. However, whei, re-
establishes HMM foPs later, P, would setbg (1), bg(1) and initial probabilities based
on its history. IfPs could not satisfyP, during the latest request, thén should setrg
higher thantg and decrease the valuelmf(1).

Algorithm 1 is the process to select the most suitable sgrpger using HMM.
A requesting peer first establishes HMM for each selectabkr pnd then chooses
the one with the larged®(O|1) as the serving node. Whd® requests the streaming
service,P; will execute the algorithm for the first time. Then duringestming, when
the streaming quality oP; declines to a predefined threshoR), will re-execute the
selection algorithm and adapt parameters of each HMM.

1: procedure SeLect

2: N« 2

3: K« {0, 1

4: O « {1} with |O] random size

5: for all Ps e S(Py) d(‘)C |

o

6: agp = agB = m

7 bs(1) = Randonf0.5, 1)

8: bg(1) = Randon(0, 0.5)

9: s =05
10: if Pscan't deliver data td®, latest requeghen
11: increasegg andagg
12: decreasbg(1)
13: increaserg
14: end if
15: acc = agc = 1 —ags
16: bs(0) = 1 - bgs(1)
17: bg(0) = 1 - bg(1)
18: g = 1l-g
19: A < {aBs, a8, 3G, ABG}
20: B « {bs(1), bs(0), bs(1), be(0)}
21: T« {ng, g}
22: Apy < HMM(N, A, B, K, n);
23: end for
24: selectlp, with maximumP(O|1p,)
25: returnPs
26: end procedure

Algorithm 1: Peer Selection Using HMM
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4 EVALUATION

To investigate the performance of the proposed streamirdeimwe have carried out
extensive simulations under various scenarios and thdetbexperimental results are
presented in this section. For each experiment, we repertrtban value of results
obtained through 10 runs withfiiérent network size: 1) 5x10%, 10° and X%10° re-
spectively. Peers belong to one of following layers 1, 2,,3% 4nd the distribution is
of uniform distribution. To quantify the performance of nedtreaming system, we
define the streaming quality of a peer as

ZiK:_o1 Zi
Q=5 1)
wherex is the number of segments of a media content and a variable that takes
value 1 if segmenit arrives at the receiver before its scheduled playback tand,0
otherwise. Thus value of Q would range from 0 to 1, where 1 éshibst streaming
quality and 0 is the poorest one.

To compare the performance with our HMM streaming modelitanfehl two meth-
ods of peer selection are presented here. The first one edlcalPT algorithm. When
performing peer selection using the OPT algorititnprobes the status of bandwidth
of each selectable peer before selecting peer. Pieselects senders that are probed
and their bandwidth would be at least larger tlitais desired bandwidth, based on the
collected information. It is obvious that such strategy ldaesult in the best stream-
ing quality since each requesting peer would have the upt®idéormation of each
selectable peer. However, OPT algorithm mighffeted from heavily communication
overhead. The second method to be compared with called Raaldrithm, in which
Pr selects senders from its selectable peer set randomly.

In the first simulation, streaming qualities of these thrige@thms are compared.
Figure 1 shows the compared results. OPT algorithm getsebedbreaming quality.
The quality of our algorithms is about 80% on average. In @aidito its superior
streaming quality, it can be shown that our algorithm is atsalable when the network
size increases. Because Random algorithm selects peemamiam fashion without
based on any information, it has the poorest streamingtguali In the second simu-

Streaming Quality

o o & &

Netwark Size

W Optimal & Random m HMM

Quality

Fig. 1. Compared streaming quality withftkrent selection methods

lation, we examine overhead of these three algorithms.réigushows the compared
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results of communication overhead. By overhead, it meaatshtbw many requests (or
probing message)a requesting peer would issue duringrstrgalt also indicates that
how accurate a selection algorithm would select a suitabé. 'he lower the value,
the more accurate the algorithm is, since such algorithmldvbave had selected the
most suitable peer for requesting peers. As shown in Figuttee2HMM streaming al-
gorithm has the lowest overhead. And its overhead is aldalslesas the network size
is increasing.

Request Overhead

f

& a‘fﬁ“ o i ».5)@#‘

Metwark Size

W Optimal @ Random @ HMM
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Requests
-
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M

o

Fig. 2. Compared selection overhead wittiftdrent selection methods

In the third simulation, we investigateftirences of quality amongftirent layers
using the HMM streaming algorithm. Figure 3 shows the comgaesult among five
layers. As shown from the result, the highest layer, thelffgler, has the highest stream-
ing quality and the lowest layer, the first layer, has the kivegiality on average. Such
expectable result comes from that a priority mechanismpéieghin the HMM stream-
ing algorithm. It also shows that the proposed algorithrmidosved with fairness, since
the more bandwidthfeered to the network, the higher streaming quality would be ob
tained. The fourth simulation examines the impact of nedghlsize using HMM

Streaming Quality
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Fig. 3. Compared streaming quality withfiérent layers using HMM streaming

streaming algorithm. Figure 4 shows the compared resuliftérént neighbors size.
Two different neighbors size are compared, namely 3% of the netwaeland 10% of
the network size and the network size is of pers. The size of neighborfect how
many selectable peef would examine when performing algorithm, i.e. how many
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HMMs would be calculate. As shown from the result, largee st neighbors would
result in a better streaming quality since there are largdiMd would be examined
and would provide a more precise selection. However, lattMs would contribute
considerable computations when calculating observatiobgbility.

Streaming Quality
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Netwaork Size

Quality

Fig. 4. Compact of neighbors size using HMM streaming

In the fifth simulation, we show the robustness of our apgroaleen peer failures
occur frequently. Figure 5 presents the compared resulifirdnt ratios of peer fail-
ure. When there is no failure in the network, the average mirgaquality is the high-
est among all others. However, under the situation that fadleres are possible, the
streaming qualities of éierent failure ratios are still stable figures. Such resutae
from that when a requesting peer detect that a sender cagptysdata anymore, the
requesting peer would decreagg1) and increasegg, acg andng of this sender, that
would made this sender less chance to be selected when thestewy peer perform
peer selection next time. Therefore, our approach is rolmdér the situation where
peers may fail frequently.

Streaming Quality
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Fig. 5. Robustness of the HMM streaming model

5 Related Work

There are two possible mechanisms when mentioning layeeglibnstreaming, namely
cumulative streaming and noncumulative streaming [15}hla paper, we adopt the
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cumulative layering approach in which the media data is dedanto one base layer
and one or more enhancement layers. The base layer can bgedeiodependently,
but enhancement layers are decoded cumulatively suchahpetk can only be de-
coded when the layer 1 to the layler- 1 are decoded. In a non-cumulative streaming
case, each layer is independent and the peer needs onlyibektecone layer. Peers
in [16] decide which layers to request according to cond&ion congestion and on
spare capacity. PALS [17] allows requesting peers to otcdiescoordinated delivery
by monitoring the overall throughput and periodically detming what is the target
overall quality that can be delivered from all sending pe&rsNahrstedt et al. [14]
introduce requesting times of peers to determining a setalified sending peers for a
requesting peer.

Other possible solutions to address the problem of pepe&r-media streaming
are by organizing network into structured hierarchicale afi them is called appli-
cation level multicast(ALM). In an ALM-based streaming ®m, a multicast tree is
constructed for media delivering over the network. Suchticast tree solves the peers
selection in the sense that the requesting-sending retatice defined by the child-
parent relations. However, how to build and maintain a roati tree #iciently and
with scalable control overhead is a critical issue. Nicd |l Zigzag [11] both adopt
hierarchical distribution trees in which peers are orgamiin a hierarchy of bounded
size clusters but are fundamentallyffdirent due to their own multicast tree construc-
tion and maintenance strategies. SpreadIt [7] builds desitigtribution tree in which
a joining process is done by traversing the tree nodes dovehfram the source until
reaching a node that is unsaturated and could accommodatedhest. A deleting pro-
cess is performed with a redirect process while a child detbe parent failure.

Three possible solutions to the peers selection are baseffered bandwidth of
peers and take into account of network condition. B. Bhagav al. [2] proposes an
optimal media data assignment algorithm which leads to tilnmim butering delay
for a requesting peer. In their works, peers are classifi@iNrclasses according to the
N possible values of theirffered bandwidth to the network and data assignment is done
under considering the available set of sending peer anduffiered size. B. Bhargava
et al. [8] studies three possible peers selection techajquaamely random, end-to-end,
and topology-aware with fferent goodness estimations for sending peers.

6 Conclusion

In this paper, we study the problem of peer selection andesbkr problem using HMM
based a layered streaming model. Simulation results shatvethr algorithm can obtain
a superior streaming quality. Our algorithm is also endowil fairness and scalabil-
ity, these being important characteristics of peer to pgeaming. The fairness comes
from the feature that the more bandwidth a peer contribwtdiset network, the higher
streaming quality this peer will obtain. And the scalapiibmes from the fact that the
streaming quality also remains at a superior level as thgorktsize is increasing. The
contributions of our work are:

— We present an HMM streaming model to solve the peer selegtioblem and
define parameters of HMM to model the status of bandwidth.



10 Sheng-De Wang and Zheng-Yi Huang

— Our method is distributed and is with scalability and faggiewhich are all impor-
tant factor to a distributed network.

— High streaming quality would be obtained when using the HMMaming model
and only small communication cost is introduced by our meétho

In our approach, however, each peer is simply classifiechimbcstates, namel@OOD
andBAD, which is prone foP, to misjudge a peer’s state. In our future work, we will
model states of peers as multi-states in order to get an exediction of bandwidth
usage. And we will also find a statistic model to define the nlag®mn symbol prob-
ability distribution rather than rely on a random behavlaraddition to defining the
initial values of parameters of HMM more precisely, we wil@develop an algorithm
to re-estimate these parameters when the issued requasedstb be satisfied in our
future work.
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