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Abstract

BitTorrent is one of the most popular protocols for conteistribution and accounts for more than 15% of the
total Internet traffic. In this paper, we present an anafytimodel of the protocol. Our work differs from previous
works as it models the BitTorrent protocol specifically arat as a general file-swarming protocol. In our study, we
observe that to accurately model the download process ofTmfBént client, we need to split this process into three
phases. We validate our model using simulations and redbwiaces. Using this model, we study the efficiency
of the protocol based on various protocol-specific pararaetach as the maximum number of connections and the
peer set size. Furthermore, we study the relationship l@ivebanges in the system parameters and the stability of
the protocol. Our model suggests that the stability of Bitdot protocol depends heavily on the number of pieces a
file is divided into and the arrival rate of clients to the net

|. INTRODUCTION

BitTorrent is an example of a self-scalable P2P protocal thaised for efficient content distribution [1]. The
fundamental idea behind the protocol is to divide a file inecps and to make the downloaders of that file forward
(i.e., upload) pieces to each other. By sharing the cost lfaging among downloaders, the protocol allows hosting
of a file to become affordable. In principle, when there ldrdownloaders, the bandwidth of the outgoing link at a
host need only facilitate a single complete download, axbtef N file downloads as would be normally the case.

BitTorrent achieves fairness among peers by using a “titdt’ mechanism, by which a peer uploads a piece
of a file to another downloading peer only if the latter has & méece to offer. The BitTorrent protocol uses
decentralizeddecision making for selecting which peer to trade piece# \{fieer selection) and which pieces to
trade for (piece selection).

Despite the popularity of BitTorrent for distributing cemtt across a large number of users, relatively few attempts
have been made to analytically model the BitTorrent protoEarlier research on modeling peer-to-peer content
distribution systems assumed that each peer has global&dge/of other peers and the status of their downloads [2],

[3]. However, in the BitTorrent protocol, each peer makssoivn decision regarding the peer and pieces to select



based on a limited view of the complete network. Hence, assyiglobal knowledge is unrealistic and does not
really help in understanding the system dynamics and thiimeance of the protocol.

In this paper, we provide an analytical model with less retste assumptions that models the BitTorrent protocol
better. To this end, we first analyze the real world traceshef download process of BitTorrent clients. Our
measurement analysis reveals that the evolution of the lbadrnprocess of a BitTorrent client can be split into
three phases: theootstrap the efficient downloagdand thelast downloadohase. To accurately model this download
process, we model each of these phases separately. We @ltisatvour model can correctly capture the behavior
of real-world BitTorrent clients. An important distinctiowith previous works is that we validate our model using
real-world traces. To the best of our knowledge, we are trst fir do so. Using our model, we also analyze the
behavior of the protocol for different protocol related aareters such as the maximum number of connections and
the peer set size.

Our model also allows us to analyze stability of the protocol. A notable work on analyzing stability of endiar
system is done in [4], where the authors analyze the statufitcoupon replication systemsvhich approximate
the behavior of BitTorrent. We analyze the stability of th&TBrrent protocol itself. In our study, we observe that
stability of the BitTorrent protocol depends heavily on tmember of pieces a file is divided into and the arrival
rate of peers to the network. We show how the system can reacimstable state in realistic scenarios.

The contribution of this paper is threefold. First, we idBnthat in order to accurately model the BitTorrent
protocol, we need to divide the evolution of the downloadcess of a BitTorrent client into three phases. Second,
we are among the first to provide an analytical model of th@dient protocol that captures all phases and validate
them with real-world traces and simulations. Third, we pdevan accurate analysis of the efficiency and stability
properties of the actual BitTorrent system in contrast toeotresearch that has provided analysis of systems that
are only roughly similar to BitTorrent.

The rest of the paper is structured as follows. Section 2egmtssthe protocol background and related work.
Section 3 presents our multiphased download model and ddedtipresents the experimental validation of the
model. Section 5 discusses the impact of the number of ctionsocon system efficiency and Section 6 discusses
the stability of the protocol. Section 7 discusses the opsmés and the insights we have gained during our analysis.

Section 8 concludes the paper.

Il. BACKGROUND
A. BitTorrent Algorithms and Mechanisms

Currently, BitTorrent clients generate over one-third loé tvorld’s P2P traffic which accounts to more than 15%
of the total Internet traffic [5]. The data distribution mdaé BitTorrent is based on théle swarmingparadigm
which assumes that the file is sliced into pieces that areildlitéd independently of each other [4]. Swarming
allows peers to start providing data immediately after thaye downloaded the first piece in contrast to alternative

download protocols where sharing is possible only aftenioliig the complete file.



The key decision points that influence the download effigienicthe BitTorrent protocol are: (i) which peer
to trade your pieces with (peer selection strategy) andwfiijch pieces to trade for (piece selection strategy). In
BitTorrent, these decisions are performed in a decengdliashion by each peer based on a limited view of the
network. To enforce fairness in sharing, BitTorrent addptstit-for-tat mechanism which ensures that each peer
contributes (by uploading pieces to other peers) propaally to how much it receives (by downloading pieces
from other peers).

Before analyzing the impact of BitTorrent mechanisms on diognload process, we first outline the basic

terminology that will be used throughout the paper.

« Swarm: Swarm is the ad-hoc P2P network formed using the BitTorgatocol to distribute a file. All
peers interested in downloading a particular file join theusw and stay until they have downloaded the file
completely.

« Piecesandblocks: In BitTorrent, each file is divided into pieces, usually @es256 KBs, which are further
split into blocks of a default size of 16 KBs. Therefore, adilas a basic transmission unit in the system.
However, a peer can start serving a block only after the emiece is received and its correctness is verified
through a hash function.

« Leechersand seeds Peers in a BitTorrent swarm are divided in two categoriegchers and seeders. A
leecheror downloaderis a peer with a download in progress. A peer that has acqtiredomplete file and
still chooses to participate in the swarm is termed a®ed

« Tracker: A tracker is a server that keeps track of which seeds anché&scare in the swarm. Peers report
information to the tracker periodically and in exchangeeree information about other peers that they can
connect to. The tracker is not directly involved in the datasfer and need not have a copy of the file.

« Neighbor set (NS) Each peer maintains information on the pieces possessedlinyited number of peers,
which is referred to as iteeighbor set The neighbor set is a symmetric relation meaning that it geis in
the neighbor set of ped, then peemB is in the neighbor set of peé. Initially, the neighbor set contains a
list of random peers obtained from the tracker while jointhg swarm. The updates of the neighbor set occur
during successive, periodic contacts with the tracker ahdna peer is added to the neighbor set of another
peer. Whenever a peer obtains a new piece, it informs everjoits neighbor set about this fact.

« Potential set The potential set of a peer consists of the subset of pedts MS that have at least one piece
to trade with the peer at a given instance of time. For exampB is present in the NS oA andB has one
piece thatA does not have (and vice versa) at a given instant, Bidrelongs to A's potential set (and vice
versa).

« Peer selection strategyln order to exchange content, a peer contacts a member oéighbor set. We refer
to this process of contacting neighbors aseaounter The policy guiding the selection of peers to encounter
is calledpeer selection strategyn the BitTorrent protocol, the peer selection strateginiplemented by the

chokingalgorithm that prefers peers with the highest upload rates.



« Piece selection strategyAfter a successful encounter, the peer needs to decidehvigces to download. To
this end, BitTorrent uses twpiece selection strategie@) random piece first the piece is selected randomly
and (i) rarest piece first- the piece held by the fewest number of neighbors is seldotedownload.

« Entropy (E): The entropyis a measure of randomness of the piece distribution ovepdee set. The entropy
is maximal € = 1) if all pieces are distributed uniformly. On the other haedtropy is minimal E = 0), if
there is at least one missing piece within a set. This impliegparticular, that the file download cannot be

completed if the entropy of the swarm is equal to 0.

B. Related Work

The focus of this paper is to provide an analytical model f@ BitTorrent protocol. In the recent years, there
have been some notable works in this context that have pedpasalytical models for general file-swarming
systems and studied their efficiency and/or stability ctiargstics [2], [3], [4], [5], [6], [7], [8]. Before providag a
detailed review of these works, we first clarify two import@erformance-related metricEfficiency is defined as
the ability of the system to scale its service capacity whiih increase in the number of clients. In the file swarming
context, the efficiency depends on the fraction of peer uploandwidth utilized for content distribution (i.e., to
upload content). In generatability is defined as the existence of a steady state. In the contditTafrrent, this
means that the arrival rate of peers should be balanced frydégarture rate.

Fluid models have been used in [2], [3], and [9], to study tkeefgrmance of file-swarming networks. The
general notion of fluid models is to study the aggregate behat the system. In the file-swarming context, fluid
models discard protocol level details and study the systsimguaggregate parameters such as utilization of the
peer upload bandwidth, the peer abort rate, the average eunfilseeders, etc. In [2], the authors use a fluid model
to study the efficiency of file-swarming networks under twpdyg of peer arrival patterns: (i) in a flash crowd
phase where peers arrive simultaneously in a single but(ignin a steady-state phase where peers arrive as a
Poisson stream. The authors conclude that during the flastdcphase, the service capacity of the network scales
logarithmically with the number of peers, and during theadiestate phase the capacity scales in proportion to the
number of peers. In [3], the authors use a fluid model to sth@ystability of a BitTorrent network. The authors
consider two scenarios: first, when the download bandwisltthé bottleneck for the service capacity and second,
when the upload bandwidth is the bottleneck for the servagmcity. The authors conclude that in both situations,
the BitTorrent network is stable in the neighborhood of amilgfium point. In [9], the authors further develop
the stability results introduced in [3] to account for thedregeneous peer bandwidths. However, the fundamental
limitation of fluid models is that they hide protocol dynamiand instead rely on specific input parameters, which
are not trivial to obtain. In contrast, our objective in tigaper is to study the impact of protocol design on the
performance of the system. Therefore, we consider modeishwdiudy the system parameters in detail.

In [4], the authors model the impact of protocol dynamics lo@ performance of a file-swarming network, which
they call acoupon replication systernThe authors show that the efficiency of the coupon repbecasystem depends

only on the number of pieces a file is split into. Furthermahe, authors show that stability depends critically on



the exogenous arrival rate of the pieces. They prove thasyiseem is unstable when the arrival rate of a single
piece is greater than the sum of the arrival rates of othecgsieHowever, the fundamental limitation of their
work is that the design of the coupon replication system issiterably different from BitTorrent, and hence their
resultant dynamics is also different. In BitTorrent, a pgeintains a neighbor set and encounters only within this
limited view of the network. In the coupon replication systea peer randomly selects its encounters from the
entire swarm, and hence there is a positive probability dédaencounters if peers do not have pieces to trade.
Furthermore, the coupon replication system utilizes ongyngle connection for an encounter, whereas, as we show
later in the paper, the number of connections has a signifiogmact on the efficiency of BitTorrent. Other details,
like the impact of tit-for-tat mechanism, the download m@ss dynamics, and the evolution of the system entropy,
are also missing from the work in [4].

In [10], the authors propose the use of network coding forteendistribution. This technique enables each
peer in the swarm to generate and transmit a dynamicallytedlegiece that is significantly different from other
simultaneously transmitted pieces. This improves thézatibn of the upload bandwidth at the peers and the entropy
of the swarm. As shown in their work, network coding is parégly useful when the network connectivity among
peers is poor and the degree of outgoing connections of aipéaw.

The impact of fairness on the efficiency of the system is dised in [6]. The authors argue that the unchoking
mechanisms utilized in BitTorrent may lead to unfairnessl @mopose a bandwidth matching mechanism to
improve fairness which may decrease the efficiency. In tlaipep, we consider a strict tit-for-tat upload policy
and homogeneous bandwidth settings and hence their resaltsot directly applicable to our study. However, we
plan to address this issue in the future. In [7], the authtudysthe feasibility of BitTorrent style systems to stream
content over the network and suggest that BitTorrent canffeet&re for streaming content provided proper upload

scheduling policies are used.

I1l. M ULTIPHASED DOWNLOAD EVOLUTION MODEL

In this section, we model the evolution of the peer downloeatess as a Markov chain. For this purpose, we
assume that (i) peers exchange pieces with others only icat#tfor-tat fashion and (ii) peers have homogeneous
bandwidth connections. Even though these assumptions esaly Bmiting, our model captures the evolution of the
download process of a BitTorrent client with reasonableugacy. In particular, the model captures three phases
in the peer download evolution that occur in practice. Weuks the impact of the two assumptions and describe

how to extend our model in Section VII. A legend of our notads given in Table I.

A. Model Details

The evolution of the download process of a single peer ind@i&nt can be described by a three-dimensional
Markov chain. The state space is defined by the trifieh, i); wheren is the number of active connectiorisis the

number of downloaded pieces, anid the size of the potential set. We assume that a peer joinsytstem without



Symbol | Description

n number of active connections

b number of downloaded pieces

i size of the potential set

B total number of pieces to download

s maximal achievable size of neighbor set

k maximal number of simultaneous uploads

a probability that new peer with exchangeable pieces enteighbor set

Y probability that new pieces flow into the neighbor set

o(j) probability that a randomly selected node from the neigrd®irhasj pieces
pr probability that established connection does not fail wheencountering a peer
Pn probability of establishing a new connection

TABLE |

THE NOTATIONS USED IN OUR MODEL

any piece. Therefore, its initial state (8,0,0). In addition, we assume that a peer exits the system imnedyliat
after downloading alB pieces. Therefore, the process is absorbed in st 0).

The transition probability of moving from state, b,i) to state(n’,b’,i’) can be split into several functionfs
g, andh. These functions represent the probability of making tlagition tol’, i, andn’, respectively. Thus, the

transition probabilities are given as follows.
Pr{(n,b,i) — (n',0/,i")} = f(b'|n,b) x g(i’|n,b,i) x h(n'|n,b,i"),

for0<n,n <k, 0<b,b <B, and 0<i,i’ <s. Note that this also reflects the order in which the varialilethe
process are updated: first the number of downloaded piedgsipdated, then the potential set sizend finally
the number of connections (which depends oif). Recall that in the equation abov# represents the number of
pieces to be downloadel ,the maximum number of simultaneous uploads, atlte maximum achievable size of
the neighbor set.

When a peer joins the system, it acquires its first piece eiffm@ugh seeds or through optimistic unchoking
from other downloaders. Therefore, the process moves tate stithb’ = 1 whenb = 0. However, the download
progress for subsequent pieces depends on the number v @ctinnections that was established previously.
Thus, the number of downloaded pieces in the next statedaserebyn such that the total number of downloaded
pieces does not exced] i.e., the total file size. Hence, the state transition®,inletermined by the functiof,

are given by
1, b=0b =1,
f(b'In,b) =<1, b>1,b =min{b+n,B},

otherwise



The evolution of the potential set is determined by the nundfesuccessful connections that are set up with
peers in the neighbor set. There are various factors on wthishnumber depends.

First, upon joining the system, thus witht+ n= 0, the peer tries to setup a connection with each ofstheers
in the neighbor set with success probabily;;. The number of successful connections can then be modelad as
binomially distributed random variabl& with parameters and pjnj.

As explained, after this transition, the peer will acquisefirst piece, resulting i+ n= 1. However, if the first
piece is not tradable with anyone in the neighbor set (he potential set size is 0), then the peer has to wait until
a new peer with exchangeable pieces enters the neighbdalsaepresent the probability that this happens by the
parametenq.

The potential set size is determined by the instantaneadsy power of a ped?, which depends on the number
of complete pieceb+n> 1 thatP has when > 0. We consider two cases: (1) other peers who already have at
leastj > b+ n pieces, and (2) those who have equal or less.

For the first group we need to determine the probability thaearQ has at least one piece to exchange vidth
Q has nothing to exchange if all s b+ n pieces are already stored@t This probability is equal tcﬁbin)/(bin).

In other words, the probability th& has something to exchange with an arbitrary node with at leas pieces,

is equal to

j—b§n+1¢(j) {1_ <b4jrn)/<b"BFn)] ’

with ¢ the probability distribution function of the different mies, i.e.(j) is the fraction of peers havingpieces.
We return to this distribution in Section VI.
For a peeQ with j <b+n pieces,P will not be able to exchange pieces if all @fs j pieces are already stored

at P. This probability is equal t((t’*”) ( ), so that the probability tha® will be able to exchange pieces is

el ()]

As a consequence, the probability, ) that a randomly selected peer has a piece to exchange witarehpeing

b+ n pieces is given by

= 3 #0[1 (o 10) (6 20)] ¢ 5o (7)) @

Hence, in this case, the number of successful connectiogiseés by a binomially distributed random variabfe
with parameters and p(p..n)-

Finally, it could happen that a peBrhas pieces to exchange, i.e4+n> 1, but that the potential set sizelrops
to 0. This typically occurs wheR has acquired a lot of pieces, so that finding another Retr trade pieces with
becomes much harder. In this caBewill have to wait for new pieces to flow into the neighbor see Wodel the

probability of this event by the parameter



The evolution of the potential set, determined by the fuorct, can now be given as:

Pr(X1=m), b+n=0,i"=m,

a, b—i—n:l’i:o’iI::]_7
1-a, b+n=1i=0,i'=0,

- . Pr(Xo=m), b+n>1i>0,i'=m,

g(|/|n7b7|) - (2)

Y b+n>1i=0,i"=1,
1-y, b+n>1i=0,i'=0,
17 b:B’i/:07
0, otherwise

Let us now look at the transitions in the number of active @mions. These transitions depend on the re-encounter
probability pr, that an established connection does not fail, and on thkapility p,, that a new connection is
established. Clearly, upon entry, whbr-n = 0, the peer cannot establish new connections, since it hgseces
to exchange. Whebh+n > 1, the number of active connections due to re-encountershisi@nially distributed
random variablér; with parameters and p;. Since the potential set size has grown’tdhere can be at maximum
min{i’,k} connections of which mgxin{i’,k} —n, 0} are new. Thus, the number of new connections is a binomially
distributed variabley, with parameters makmin{i’,k} —n,0} and p,. Therefore, the transitions in the number of

active connections, determined by the functignrs given by

1, b+n=0,n =0,
) PrY1+Y2=m), b+n>1n=m,
h(n'|n,b,i") = ©)
1, b=B,n" =0,
0 otherwise

B. Multiphased Evolution

The evolution of the download progress in BitTorrent can védéd into three critical phases, which are depicted

in Figure 1.
a) Bootstrap phasein this phase, a peer acquires its first complete piece arftkeis teady to trade it with

the members of its neighbor set. However, if the first piecadstradable with anyone in the neighbor set (i.e.,
the potential set size is 0), a peer waits until a new peer aithangeable pieces enters the neighbor set. In our
model, the bootstrap phase is reflected by the transitias {0,0,0) to (0,1,i).

If i =0, the Markov process has a self-transition in the staté, 0) with probability 1— a and a transition to
the state(0,1,1) with probability a. The parameten is equal to"W"VS, whereA is the arrival rate of peersis the
neighbor set sizew is the probability that a newly arriving peer has a piece tohexge, andN is the number of

peers in the swarm.
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Fig. 1. Multiphased download evolution model.

Otherwise, ifi > 0, the process makes transitions out of the bootstrap pmsedhe trading phase, where the
download rate depends on the efficiency of the BitTorrentlhraaisms rather than the altruistic behavior of other
peers.

b) Efficient download phasén this phase, there is always someone in the neighbor seade pieces with
(i.e., the potential set size is always greater than oneg. ifiktantaneous size of the potential set constrains the
maximum number of connections a peer can establish. In owteinthis is demonstrated in Equation (3), where
Y1+ Y2 (the total number of connections) is constrained by (hi).

The potential set size is determined by the instantanead#ng power of a peer, which depends on the number
of completed pieces that a peer has. From Equation (2), tiharbal variableX; represents the distribution of the
potential set with parametessand p(p). The parametep,.,) represents the probability that a randomly selected
peer has a piece to exchange with a peer havingn) pieces. Note that the probabilityy, increases from &
for b+n=1 to its maximum ab+n= B/2, and decreases to®for b+ n=B— 1. Therefore, on average more
than half the peers in the neighbor set are ready to exchamgerd. However, once the potential set size falls to
0, the process makes a transition to the last download pkkerwise, the process is absorbed in st@td,0).

c) Last download phaseThis download phase occurs when the potential set sizetéals In this phase, the
download rate depends onthe rate at which new pieces flow into the neighbor set. Asatiegh in Figure 2, the
process makes transitions frof@, b, 0) to (0,b+ 1,0) with probability y and self-transitions with probability 2 y.

The process is finally absorbed in the stédeB,0).

IV. M ODEL VALIDATION

In this section, we present the experimental validation of model. We validate our multiphased download

model using two methods. First, we simulate the BitTorremitqcol and measure the impact of the neighbor set
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Fig. 2. Last download phase.
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Fig. 3. Effect of the peer set size on the download process.

size on the evolution of the potential set and hence the gwolwf the download rate. As a next step, we collect
real-world traces of the download process of a BitTorrergrtl for different kinds of swarms and validate these

real-world measurements.

A. Validation with Simulations

We implemented a discrete-event simulator in C++ that siatesl a BitTorrent swarm. In our simulator, peers
arrive to the swarm according to a Poisson process with aioerate and depart as soon as they have downloaded
all the pieces. The number of pieces in a fi®,(the maximum number of connections for a pely, the peer
set size §), and the time to download a piece are built as configurabtarpeters. During each clock tick of a
simulation, the simulator goes through the connectiorustaft all peers present in the swarm. If a peer has an idle
connection, then it picks a random peer inpistential setfor encounter. If the chosen peer has open connections,
the encounter is deemed as a success and the two peers exgheogs (which are selected based on the rarest
first or a random method depending on the chosen piece selestiiategy). Otherwise, the connection is unused
for the clock tick and the peer will try for a new encounter lre tnext tick. The active connections of a peer that
are in the middle of a download are untouched. If a peer hddfipished the download of a piece (in one of the
connections), then a peer tries to re-encounter with theegager provided both of them have a piece to exchange.
If they do not have any pieces to exchange, then the conmestioroken and a new encounter is tried in the next

clock tick. As can be seen, we implemented a strict tit-fdgrrhechanism for the piece exchange. To ensure that
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the bandwidth of peer remains the same irrespective of thebeu of connectionsj it uses, the time to download
a piece is set to the same valuekofThus, when a swarm is configured with= 2, the time to download a single
piece in a connection will also be 2 clock ticks.

We validate the model by comparing the download processrithescby the model with the one obtained from
the simulation. As previously discussed in our model, we ickmtify three phases in the download process. In
Figure 3 we observe that the bootstrap and the last downlbadepdo occur when the peer set size is small (both
in the simulation and the model). The reason for this is thatd is a high probability to lose a significant fraction
of the neighbors leading to a small potential set size. Thenttmad rate depends highly on the potential set size,
as the peers in this set are the ones with whom pieces are rg@thaHence, the potential set evolution and the
download rate are highly correlated. In the efficient dowadl@hase the graphs for a peer set size of 5 do not
match as accurately as for higher peer set sizes. The gapéetine two plots, obtained from the simulation and
the model for a peer set size of 5, can be explained as folldWe. functionp,,n), Which determines the size
of the peer set in the efficient download phase, is the domifaator in determining the duration of the efficient
download phase. It is not trivial to deduce an exact expoes&r this function from the data. The function in
our model serves as a first approximation, and exhibits tkesgmce of the bootstrap and the last download phase,
capturing the trends seen in the simulation results. As @sden from the figure, the model validates the results
with a high accuracy for higher values of the peer set sizee#tity, BitTorrent clients do have peer set sizes in the
range of 40-70. This leads us to believe that our model isulisefstudy the BitTorrent protocol in many realistic

scenarios.

B. Validation with Real-World Traces

In addition to evaluating our model through simulations, ma&e measured the real world BitTorrent swarms
and used the collected data to validate our modeling apprda the purpose of obtaining measurements we have
extended a popular BitTorrent software, the BitTornaderd with the functionality required to collect detailed
statistics on the download process. The modified BitToradient was injected into real-world BitTorrent swarms
and actively participated in logging download progressiinfation. Since our model assumes a strict tit-for-tat
piece trading strategy, during the measurements we did lfoat ¢he modified client to interact with the seeds.

An important aspect of the measurement setup is the swaeutisi criterion. To eliminate the possible influence
of starvation inherent to small swarms on the obtained tgsule have collected data for swarms of sizes varying
from a few hundred to a few thousand peers. These swarms legredelected based on manual inspection of the
statistics provided by the tracker. The tracker statistiosist of the number of peers involved in the download at
a one hour resolution. We were, thus, able to filter out swami$éash crowds (by observing rapidly increasing

numbers of peers) as well as dying swarms and concentrageoonthe stable ones.

Lhttp://www.bittornado.com.



9e+08

8e+08 [

7e+08

6e+08 -

5e+08 |

4e+08 |

Potential Set Size

3e+08 [

Cumulative bytes downloaded

2e+08 |

1le+08 [

0 Timeline 0 Timeline
(a) Download Process of a client (b) Potential Set Size of a client
with a smooth download with a smooth download
8e+08 14
7e+08 ol
o
8 cevo8 -
I 0}
2 [
[ N
§ 5e+08 %] ol
<5
§ 4e+08 9
= 8
g S et
2 3e+08 - 2
& &
=
ol
§ 2e+08
o
1e+08 20
0 Timeline ° Timeline
(c) Download Process of a client (d) Potential Set Size of a client
with a significant last phase with a significant last phase
8e+08 20
7e+08
o
8 cevo8 - 15 |
[
2 [
[ N
§ 5e+08 3
Q
§ 4e+08 9 10 b
> [
2 g
3 o)
2 3e+08 | 2
g &
=
§ 2e+08 5t
o
1e+08
0 Timeline ° Timeline
(e) Download Process of a client (f) Potential Set Size of a client
with a significant bootstrap phase with a significant bootstrap phase

Fig. 4. Plots of the download process and the evolution oémial set for different clients.



13

In Figure 4, we plot the download rate evolution and the aomding evolution of the potential set size for
three different peers. We selected these plots to demaoadtieee different instances of the download evolution
process. Figures 4(a) and (b) depict a download instandeoutitany predominant bootstrap and last download
phase. As can be seen in Figure 4(b), the potential set s@mgsgvery fast in the beginning and remains greater
than 15 throughout the download process, which implies ¢hpeer always has more th&n= 7 other peers to
exchange the pieces with. This results in a smooth downlagal from the beginning to the end as depicted in
Figure 4(a). Figures 4(c) and (d) depict a download instavitie a significant last download phase. This is because
the potential set size, as depicted in Figure 4(d), drops towhrds the later stages of the download. Therefore,
the download progress depends on whether a successfulat@mmwith this potential peer is established or some
new peers join the potential set. Figures 4(e) and (f) depidbwnload instance where a peer is stuck within its
bootstrap phase. This is because the potential set sizepageatkin Figure 4(f), is equal to 0 during the initial part
of the download process and hence the download rate remainsilGhe potential set size makes a transition out

of state 0.

C. Conclusion

We have demonstrated that a typical peer download in a B#horswarm evolves through three phases. The
performance of each phase is determined by different pobjoarameters and design strategies.

In the bootstrap phase, the performance is determined byawtors. First, the initial size of the potential set, i.e.,
the number of neighbors interested in exchanging piecds avjieer that has only one complete piece. If the initial
potential set size is 0, a peer remains with this neighbathottil new peers arrive. Therefore, the design of the
BitTorrent protocol should be such that the probability efmaining in the bootstrap phase is minimized. This can
be accomplished either by choosing the size of the neighttosidficiently high or by intelligent construction of
the neighbor set as described in [4]. In this paper, the asithuggest clustering of peers in terms of their download
status such that the probability of successful encounterde increased. However, feasible implementation of such
a technique is still an open question and should be consldesefuture work. Second, the important factor that
determines the performance in the bootstrap phase is teeataivhich new peers are arriving into the neighbor
set. To improve performance, the tracker can bias new pemaBrinto the neighborhood of the peers which are
trapped in the bootstrap phase.

The second phase of the download evolution is the tradingghslost of the pieces are downloaded in this
phase. Therefore, the analysis of this phase is crucialdrsthdy of the overall system efficiency. The potential set
size within this phase is always greater than 0. In fact, asvahin Figure 3, for a suitably chosen neighbor set size,
the fraction of neighbors in the potential set is close to Aeréfore, the performance of the download process in
this phase is determined by the number of active connectstablished with the peers in the potential set. Thus,
an important system parameter which determines the pediocs of the system ik (the maximum permissible
number of simultaneous active connections). We will study impact ofk on the efficiency of the system in the

next section.
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(1= X — Xi—1 + %)X

Fig. 5. Efficient download phase.

A peer makes a transition to the last download phase with taiogprobability. Once the peer enters this phase,
the rate at which the download process evolves is deterntigdtie rate at which new pieces are flowing into the
neighbor set. The last download phase or the last piece garohbs also been observed in the measurement study
conducted in [11]. However, we are the first to model the motalynamics that creates such a phenomenon.

Furthermore, we discuss the possible techniques that casdzbto alleviate the last piece problem in Section VII.

V. EFFICIENCY MODEL

In the previous section, we studied the download evolutiamdeh for a BitTorrent peer. In our model, the
efficiency of the download process depends on the averaligatitin of connections. Therefore, ¥ represents
the fraction of peers that haveactive connections, far=0,... .k, the efficiency is defined by = (1/k) TK ;i-x.

In this section, we study the impact &f the maximum permissible number of simultaneous connestion the
efficiency of the system.

The number of active connections at a peer evolves as a dgéoimthédeath process. The birth rates are determined
by the success rate of new encounters, and the death ratedeggenined by the expected length of active
connections. Therefore, to ensure a high download effigi@m@a BitTorrent swarm, both the expected length of
active connections and the success probability of new ermeaaishould be high. The success probability depends
on the fraction of peers that have at least one open conmec#o, a connection that is not active. However, if the
expected length of active connections is high, the fractibppen connections will be low and hence the success
probability will be low. Therefore, to study this intricatiynamics of connection establishment/failure, we esthbli
a Markov chain model as depicted in Figure 5.

The state space of the Markov chain is given{by, ...,xx}. Connection failures are modeled as transitions from
statex; to xj for all i > j, with transition rates given bWi,in, Wherevv} represents the probability thitonnections
out of thei active connections fail. Therefore] is given by the binomial probability!) (1 — pr)' pi~', wherepy, as
previously defined, represents the probability (averagest all peers in the system) that an established encounter
does not fail.

Connection establishments are modeled as transitions $tatex; to x;.1 for all i < k. This transition occurs

when a peer from classsets up a connection successfully with another pdwaving at least one open connection,
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thus j < k. However, whenj =i — 1, the peer in class moves to class+ 1 and the peer in clags- 1 moves to
classi, resulting in no effective change in the fractign Moreover, whenj =i, both peers move from classto
classi+ 1. Hence, the transition rates can be written(Bs X1+ X — Xx)X;.

This type of Markov chains are typical for modeling migratiprocesses. It is well known that a finite-state
Markov chain which is unichain and a-periodic has a uniqeadyg-state (or equilibrium) distribution [12]. Even
though our Markov chain satisfies the unichain property and-periodic, the lemma does not directly apply. In
our model, we have thag € [0, 1], thus we have a compact state space instead of a finite state.dpowever, let
N be the number of peers in the system, thers %N € {0,...,N}, and hence the lemma applies to the process
% . Consequently, the lemma applies to the original processedls since there is a one-to-one mapping between
X andx.

The equilibrium distribution of the Markov chain can be db&al from the solution of the so-called system of
balance equations. The balance equations describe thetiemobf the system in steady state. For the downward
transitions, the fractiom; decreases because of transitions out of statkie to failures irnx;, and increases because
of transitions into state; due to failures inx; for all j >i. The change in the first case is given kys|_;wi,
whereas the latter is given by}(:iHV\/Li)q. Hence, the evolution for the downward transitions is gibyn

i k
=X S W WX, 4
X = Xi >q|; |+ Z X 4)

I=1+1
For the upward transitions, the fractiorsare updated in increasing order so that we upadatérst, followed

by x1, x2, etc. When peer connects to a peer from claks< k (which occurs with probability), the peer from
classi moves to clas$+ 1, and the peer from clagsmoves to clas$ + 1. Thus, when =i—1 the number of
peers in clas$ remains the same, and wheg:-i two peers leave clads Therefore, the net change in the fraction
X is given by(>q N=1+14 13— 1{|:i})/N. Hence, the total change is given by
K21 o N — 1+ 27 1 — Ly
Xi:%XI i {,I\lll} {l I}"'kai
1=

Koxi-N=1+1 1 — Lp—iy + 1o
X N .

(®)

=0
The changes for peejjswith i # j < k are not captured by Equation (5). Changes occur only whenigeanects

to peers in clas$— 1 and clasg. In the first case, when# j — 1, only one peer enters clagswhereas two peers
enter in casé = j — 1. In the second case, a peer leaves cla3dus, the net change in the fractimnpis given by
(Xj-N+1p_j_13+ 152y — 15—j;) /N. Hence, the total change is given by

KX N+1oj 1+ 1=y — Lo
Xj = le J {I=] 1}N {I=i} {l J}’ (6)
1=0

for j #i andj < k. Note that the value of, remains the same, since peers in this class do not have opaea®ns.

The formulas given by Equations (5)—(6) form the system damee equations. Due to the complex state-
dependent transition rates, closed-form expressionfetuilibrium distribution are hard to obtain. Alternatiy,

by iterating this set of equations, the state of the systenverges to the steady-state distribution [12]. Note that
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Fig. 6. Effects of model parameters on the download process.

the order in which we iterate the equations provides an uppend to the efficiency). Since we start with the
classes with the least number of connections first, morespeer able to migrate to classes with a high number of
connections.

Figure 6(a) depicts the impact &fon the efficiency of the system. As we mentioned before, tderon which
we iterate the equations in the model gives an upper boundhemfficiency. Therefore, the model overestimates
the simulation results by over 8% fdr= 1. However, ak increases, the relative difference between model and
simulation results is less than 1%. Moreover, both the maahel simulation results provide conclusive evidence
that the efficiency of the system increases significantlyrmyaasingk from 1 to 2. Further, increasing the value
of k beyond 2 does not bring any significant improvement in thecieficy of the system. This result can be
explained as follows. Fok =1, the duration of a connection is determined by the numb&xohangeable pieces
at the start of the connection. However, for- 2, peers maintain multiple simultaneous connections. &foee,
new pieces are simultaneously arriving at the peers, whichaiso be exchanged. Thus, the expected duration of
connections increases significantly by increadirfgpom 1 to 2. Longer duration of established connections iegpl

low re-encounter probabilities, and hence a high efficienfcthe system.

VI. STABILITY

In this section we discuss the stability of the BitTorrerttprcol, where stability is defined in terms of the entropy
of the system. When; denotes the replication degree of e piece in the system, then the entroyis given
by
_ min{dy,...,dg}
max{ds,...,ds}"
The entropy is a measure of the skewness of the piece digtiibin the system. We call the system stable if

the long-run behavior of the system is such that the ent®mgoes to 1. Otherwise, if the entropy goes to 0, the
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skewness of the pieces prohibits the progress of peergirgsin large download times leading to instability. We
use our download evolution model and simulation experisiémsstudy the impact of system design parameters on
the stability. As discussed in the previous sections, thenttmad process is divided into three phases. We show
that each phase has an influence on the stability of the system

In the bootstrap phasethe parameten determines the probability that the potential set remamgtg. The
smaller the entrop¥, the smaller the probability becomes, due to the fact that the skewness in the system gives
a higher probability of obtaining more replicated piecesisTieads to longer expected sojourn times in the bootstrap
phase, since on average the time that a peer remains in taseph Ya. If the arrival rate is high enough, the
skewness increases since the new peers will also encounterreplicated pieces with a higher probability. Hence,
the skewness deteriorates the stability of the system.

In the trading phasethe BitTorrent protocol tries to stabilize the system cemgating for any initial skewness
in the bootstrap phase. The dynamics of the protocol is shahthe least replicated pieces are exchanged at a
faster rate than the more replicated pieces. Provided Hehtumber of pieceB is large enough, this creates a
drift of the entropyE towards 1 again, leading t¢ being a uniform distribution. In other words, the fractioh o
peers having pieces is the same for ajl When the number of piecds is too small, peers leave the system too
quickly and decrease the number of less replicated piecassegjuently, whem is too small, the expected time
peers remain in the trading phase is not sufficiently longushpthe entropy back to 1.

In the last download phasthe parametey affects the rate at which new peers enter the potential senvith
is empty. Whery decreases, peers with almost all pieces remain longer isybEm, since the expected time in
the last download phase igyl This improves stability of the system in the same way asampll in the efficient
download phase. Hence, smaller valuey @irovide a larger drift of the entropl towards one.

In Figure 6(b) and (c), we show using simulations the effédB@n the number of peers in the system and the
entropy when starting from an initial state with a high skessm As explained in the discussion, wH&ns too
small the system does not have sufficient time to reach gtabijain. The figures reflect this insight, since the
number of peers grows very large whBn= 3, whereas stability is achieved whé&n= 10. Similarly, the entropy
goes to 0 in the former case, whereas the latter case pushenttopy back to one.

An exact analysis of the stability of the BitTorrent protbcapturing the stability behavior (and its effects on all
the parameters) is a nontrivial problem and is left for fetwork. The difficulty arises from the complex dependence
between the parameters (that affect each other) at eacsitioanin our model. This intricate interplay requires
transient methods to deal with the nonstationary statextiégnt behavior of the parameters. For an overview of

transient methods we refer to [13].

VIl. DISCUSSION ANDFUTURE WORK

This section contains the lesson we learn from the analysisnaodels discussed in this paper.
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A. The Last Piece Problem

In our study, we recognize that the last piece problem oceatnesn the pieces missing at a peer are not held by
any other peer within its neighbor set. An obvious solutiorttis problem is to download the final pieces from
seeds (as they do not enforce the tit-for-tat mechanismjedser, in the event of retaining a strict tit-for-tat tradin
mechanism, we observe that continuous randomization of¢ighbor set can alleviate the last piece problem. To
demonstrate this, we ran a simulation experiment with ttlevidng modification to the BitTorrent algorithm: when
a peer completes 90% of its pieces, it removes all its neighlyoits current peer set and gets a new (randomly
chosen) set of peers from the tracker for populating its peer We call this process ahaking the peer sete
evaluated the impact of this modification to the traditioBélTorrent setup and plotted the download time for just
the last few pieces for the sake of clarity. The results of experiment are given in Figure 6(d). As seen in the
figure, shaking the peer set significantly reduces the daathtame for the last few pieces. Even though this is a

simple study, we believe this is a promising step to addresdast piece problem.

B. Effects of Seeding

A seed is a peer that has acquired a complete file and stillsgsoto participate in the swarm. Furthermore,
since seeds do not enforce the tit-for-tat piece tradingrdoaders can get new pieces for free. Previous models, [2]
and [3], incorporate the impact of seeding by assuming séedse a central piece distribution source with the
capacity of the source scaled by the number of seeds. In odelnhwe can incorporate the effects of seeds by
modeling extra connections, which do not require the stitefor-tat policy. However, several advanced seeding

techniques such as super-seedihgve been proposed and we plan to study seeding as a separataviuture.

VI1Il. CONCLUSION AND FUTURE WORK

In this paper, we presented an analytical model of the Bi€Frdr protocol. In our study, we observe that to
accurately model the download process of a BitTorrent tliae need to split the download process into three
phases. Our work differs from the previous works mainly irotaspects. First, we model the BitTorrent protocol
specifically and not as a general file-swarming protocol.ofd¢ we validate our model using simulations and
real-world BitTorrent client traces. Our experiments shihat our model validates the real-world behavior with
reasonable accuracy. Using this model, we studied the effigi of the protocol based on various protocol-specific
parameters such as the maximum number of connections ange#ireset size. Our analysis shows that the gain
in system efficiency rapidly decreases beyond two connestiBurthermore, we studied the relationship between
changes in the system parameters and the stability of thteqoio Our model suggests that the stability of the
BitTorrent protocol depends heavily on the number of piezdite is divided into and the arrival rate of clients to

the network.

2http://en.wikipedia.org/wiki/Superseeding.
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As an immediate next step, we plan to include the impact oflisgebehavior in our model. Furthermore, we
would like to do an exact analysis of the overall protocobsiiy including transient effects for different protocol

specific parameters.
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