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QLectives introduction

QLectives is a project bringing together top social modelers, peer-to-peer engi-
neers and physicists to design and deploy next generation self-organising socially
intelligent information systems. The project aims to combine three recent trends
within information systems:

• Social networks - in which people link to others over the Internet to gain
value and facilitate collaboration

• Peer production - in which people collectively produce informational prod-
ucts and experiences without traditional hierarchies or market incentives

• Peer-to-Peer systems - in which software clients running on user machines
distribute media and other information without a central server or admin-
istrative control

QLectives aims to bring these together to form Quality Collectives, i.e. functional
decentralised communities that self-organise and self-maintain for the benefit of
the people who comprise them. We aim to generate theory at the social level,
design algorithms and deploy prototypes targeted towards two application do-
mains:

• QMedia - an interactive peer-to-peer media distribution system (including
live streaming), providing fully distributed social filtering and recommen-
dation for quality

• QScience - a distributed platform for scientists allowing them to locate
or form new communities and quality reviewing mechanisms, which are
transparent and promote quality

The approach of the QLectives project is unique in that it brings together a highly
inter-disciplinary team applied to specific real world problems. The project ap-
plies a scientific approach to research by formulating theories, applying them to
real systems and then performing detailed measurements of system and user be-
haviour to validate or modify our theories if necessary. The two applications will
be based on two existing user communities comprising several thousand people
- so-called ”Living labs”, media sharing community tribler.org; and the scientific
collaboration forum EconoPhysics.



Executive summary

BitTorrent as an internet based technology is relatively old. In the decade since
its appearance, research has focused on its technical strengths and its weaknesses
to attacks, aiming to improve the protocol. This literature is not much concerned
with the behaviour of users. Most of the models consider a static user whose
behaviour remains unchanged despite changes in the system’s performance. In
this deliverable we put the focus on two dynamical effects that a more complex
approach to users in the BitTorrent system introduces. First, we consider the
possible changes of social roles that users can take in the BitTorrent community.
The second model attempts to reproduce the sharing behaviours of users as the
performance they experience evolves.

The first agent-based model introduces behaviours that are more related to the
role that users play in BitTorrent as a community. Every user has a main role
related to his attitude towards content (from pure producer to pure consumer).
In parallel, users can also take a role in the community, giving respect to users
who produce content and share. Then, the decision rules for the main role are
partially based on the respect generated by the community.

This first model is very abstract and can only represent reality in a metaphoric
way. Nevertheless, we see that it approximates reality. More significantly, it al-
lows us to identify some important structural facts. We highlight the crucial im-
portance of the content creators, for without them the system cannot run. Also,
we see that there must be enough community activity to motivate them or moti-
vate others to become content creators.

The second model consists of an agent based model of BitTorrent as a techno-
social system. A detailed model of the protocol is composed with a decision
model of the users. The model of the protocol focuses only on the technical as-
pect of BitTorrent – the exchange of data – and needs to be informed by the be-
haviour of users. While we use a data driven method as the source of choices
that users make relative to the content they provide or consume, we model their
sharing behaviour. We assume two general types of sharing behaviour, either
users contribute a lot to the community or they contribute as little data as possi-
ble. The decision process of users is supposed to follow an aspiration-satisfaction
mechanism. This assumption is similar to what was used in Stream 2 research,
in particular in deliverables D2.1.1 and D2.1.3. A dynamic effect is introduced as
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the sharing behaviour influences the performance of the system, which then has
repercussions on the behaviour of users.

The resulting model should obey the macro social behaviour we observe in real
communities. We use measurements of the performance of actual systems, an
upgraded version of a dataset from deliverable D3.1.1, to calibrate the parameters
of the model. Unfortunately, the comparison shows that there is no region of the
parameter space where our model reproduces reality. We identify two possible
sources of the failure. The assumption – two single behavioural types – might be
too simple. Or the decision model might be too sensitive to random fluctuations.
Our next step will be to gain insight in the system from data. This analysis of
user behaviour will be presented in Stream 3 deliverable D3.3.1. Then, these new
insights should allow us to reformulate our hypotheses and build a better model.
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Chapter 1

Introduction

The current literature on BitTorrent is not much concerned by the behaviour of
the users of the system. The reseach focuses on the strength and weaknesses of
BitTorrent as a protocol. Often, researcher use measurements of the behaviour
of actual users to test their new protocols. This data driven methodology has an
important drawback — it ignores dynamical effects the changes of the protocol
induce on the user behaviour. In this deliverable, we try to provide two different
approaches that complements purely data driven models with models of user
behaviour.

The first model focuses on the role that the sense of community might have on the
motivation of users. The model is built sucht that users have a type of behaviour
in relation to BitTorrent as a community. His type or role determines if he user
shares the content he downloaded, creates new content and is active not only the
file sharing aspect of BitTorrent, but also in the discussion board, the community
at large. The dynamic aspect appears as users can change their type depending
on the behaviour of other users.

The second model ignores the influence that BitTorrent as a community has on the
behaviour of users. BitTorrent is described there as a pure techno-social system
where the only interactions users have are mediated by the BitTorrent protocol.
As the interaction in forums is ignored, users behaviour is supposed to depend
only on the performance of the system they experience. Also, a detailed model
of the protocol is used to reproduce the performance accurately. The aim of this
model is to offer a dynamical framework for the evaluation of new reputation
systems that can be added to BitTorrent.

1



Chapter 2

BitTorrent as an evolving community

This chapter introduces the first model of user behaviour that we studied. In this
model, the focus is on user roles, that is a classification of users according to their
behaviour, and the consequences of the activity of the users on the dynamics of
peer-to-peer communities. In this preliminary model, we are not so much con-
cerned with accurately reproducing any empirical example of peer-to-peer file
sharing, but rather investigating the emergent properties of the model. In later
chapters, we describe a more sophisticated version that incorporates a model of
the BitTorrent protocol, which here is glossed over, and that is capable of being
calibrated against network data.

2.1 Objectives

The aim of this initial model was to gain a better understanding of three issues:

1. Who (what type of user) is most important for the dynamics of peer to peer
systems?

2. How can we increase altruism i.e. seeding?

3. What are the dynamics and interrelation of swarms?

To begin, we assume that those involved in peer-to-peer (p2p) networks may be
classified into four roles: ‘pros’, ‘seeders’, ‘lurkers’ and ‘leeches’. ‘Leeches’ are
those who download but, because of technical limitations or ignorance, do not
upload, even while they are downloading (the BitTorrent protocol penalises such
users, as noted in the next chapter). ‘Lurkers’ are the great majority of users,
those who download, and while doing so and possibly for some time thereafter,
uploads content to the rest of the swarm. Most work on p2p protocols is aimed at
maximising the time that lurkers spend uploading, an activity that gives them no

2



QLectives Deliverable D1.4.1

direct benefit and can cost them convenience or even bills for bandwidth. ‘Seed-
ers’ in the model are those who actively participate in making content available,
even when they are not downloading; they may for example have a server that
is always on and available. Pros are the experts who initiate and supply the net-
work with content and we hypothesise that their presence, even if only in small
numbers, is crucial to the functioning of the network.

In this chapter, we are primarily interested in the ‘Pros’ and ‘Seeders’. Leeches
are the main centre of attention in the subsequent chapter. Here, we are interested
in what could motivate Pros and Seeders. For Leeches, the motive for allowing
uploads is that the BitTorrent protocol ensures that they then get faster down-
loads. But this motive does not apply to Pros and Seeders, who are not in general
interested in downloading content. Instead, we propose that these users are mo-
tivated by the ‘respect’ that other users offer them1.

Not all users offer respect; to do so, they need to be knowledgeable about p2p
networks and interested in those who provide content. But some users, whom
we call ‘Clubbers’, do. They may identify themselves with the network, recognise
the nicknames of prominent seeders and pros, contribute comments to bulletin
boards and feel themselves to be ‘members of the club’ (hence the name). Holders
of any of the roles may be Clubbers, although Leeches are very unlikely to be
Clubbers.

In the following section, we specify the outline of the model more precisely.

2.2 Model specification

2.2.1 Objects

There are three basic types of objects: people (‘agents’), collections of peer to peer
transactions (‘swarms’) and items for transfer (‘files’).

Agents

Agents represent the people who engage in p2p activity. They can take on one of
several roles:

• Pro (also known in the literature as a ‘first seeder’): someone who intro-
duces new material into the network from outside. A Pro creates a file and
then offers it for download in a new swarm (i.e. seeds the swarm). The

1Note the contrast between this and the assumption often made that it is necessary to design
the underlying protocol in a way that seeders will be incentivised.

3
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Pro continues seeding until interest in the file fades away (it’s attractive-
ness has dropped to zero). Then after a random interval (controlled by the
ripping-rate), they introduce another new file, and so on.

• Seeder: someone who uploads a file from their collection of files (obtained
previously by downloading the file from a swarm, since seeders start with
empty collections). They continue to upload until the file loses its attrac-
tiveness. They may then either upload another file, or download a file from
another swarm to add to their collection.

• Lurker: someone who downloads a file from a swarm. After it has been
downloaded, the Lurker uploads the file again to the swarm, for the benefit
of other members of the swarm, until seeding-ratio per cent of the
file has been uploaded. The seeding-ratio that an agent uses is drawn at
random from a Gaussian distribution with mean mean-seeding-ratio
and variance 1. The Lurker then waits for an interval controlled by
activity-rate before joining a swarm and downloading another file.

• Leech: someone who just downloads files, contributing nothing to a
swarm, or waits doing nothing (the proportion of each is controlled by
activity-rate).

Agents are either not members of any swarm, or a member of just one. Agents
cannot interact with more than one swarm at a time (although they can join sev-
eral swarms one after the other).

As well as a role, agents know about the swarm they belong to (if any), the files
that they have gathered into their collection, and the proportion of the current
file that they have downloaded or uploaded (if any). Each agent has a maximum
bandwidth, which controls how quickly data can be uploaded to the swarm (it
is assumed that download speeds are not bandwidth limited, although upload
speeds are, which is the case for most users).

Some agents are Clubbers, and all agents have a motivation level, although this
is only important for Pros, Seeders and Lurkers.

Swarms

A swarm is represented by an object that tracks the file that is the subject of the
swarm, the agents that are currently uploading the file, and those that are down-
loading it. A swarm is created by a Seeder or Pro, at which time there is just
one uploader (that agent) registered with it. Other agents may join the swarm to
upload or download the file. A swarm dies when there are no longer any agents
uploading to or downloading from it. The same content may be the subject of
more than one swarm.

4
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Files

Files are created by Pro agents, for example, by ripping a movie or a song. Each
file has a volume (the size of the file in some units), a creation date, and an as-
sociated attractiveness. The file’s attractiveness (a number greater than or equal
to zero) depends on a number of factors, including how many times it has been
downloaded, the number of ‘seeders’, i.e. those uploading the file, and how old it
is. Its attractiveness is also affected by exogenous shocks (e.g. the movie winning
an Oscar). The attractiveness of a file varies through time as these factors change.

2.2.2 Agent behaviours

Agents are generally ‘busy’ up or downloading files to and from swarms and
while there is still some content to up or download, they continue doing that.
What agents do when they are not busy depends on their role. If they are Pros,
they create new files and swarms, at the ripping-rate. If they are seeders, they
start a new swarm with one of the files in their collection. If they are Lurkers or
Leeches, they join a swarm with a chance of activity-rate at each time step.

The swarm chosen by Lurkers and Leeches to join depends on the attractiveness
of the file that they can download from swarms. This is done randomly, but with
a bias towards more attractive files.

Leeches and Lurkers continue downloading a file until they have the whole file
(the speed of download depends on the number of uploaders and downloaders
in the swarm: the greater the sum of the bandwidth provided by uploaders and
the fewer downloaders there are, the faster an agent is able to download). Seed-
ers continue to upload until they observe that the attractiveness of the file has
decreased to zero. At this point they get discouraged and exit from the swarm.
It is possible for the number of uploaders to a swarm to drop to zero while there
are still some partially completed downloads in progress. In this case, the down-
loaders remains in the swarm in the hope that sometime, an uploader will rejoin
the swarm.

Agents change roles according to their current motivation level. Their motivation
is increased by:

1. downloading, because they are gaining a file;

2. if they are seeding, having a large number of Clubbers in the swarm, be-
cause they get ‘respect’ from the Clubbers.

Motivation is reduced when:

1. they are uploading to a swarm, because the uploading costs them time and
bandwidth that they could be using for downloading;

5
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2. and to a lesser degree, while they are waiting, neither uploading nor down-
loading.

As the agents’ motivations increase, they become successively a Lurker, a Seeder
and then a Pro. Correspondingly, as motivation decreases, they drop through this
hierarchy of roles, with those with the lowest motivation becoming a Leech.

2.3 The model

The model was developed using NetLogo 4.1.2, an open source programming
environment designed for prototyping agent-based models. The code is available
on the QLectives web site. The user interface is shown in Figure 2.1

Figure 2.1: The user interface of the model

The Figure shows sliders that can be adjusted to set the various rates, a panel
showing the agents, coloured according to their roles, with swarms shown as
black dots and files as red triangles (the location of agents, swarms and files is of
no consequence in this model; swarms and files are placed on top of the Pro agent
that started them for convenience). On the right are plots and monitors showing
(clockwise from top left):

1. a histogram of the size of swarms

2. a histogram of the motivations of agents

3. a plot of the average instantaneous download speed achieved (this depends
on the number of those downloading from a swarm and the bandwidth of
those uploading)

4. the sharing ratio: the total each agent has uploaded divided by the total that
the agent has downloaded (0 for those who have not up or downloaded
anything)

6
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5. a histogram of the attractive scores of files

6. a plot of the changes in roles over simulated time.

Below these are monitors showing the number of each agent in the model and
above, the number of swarms and the proportion of agents in a swarm.

2.4 Results

With the parameter settings shown in Figure 2.1 and Table 2.1, the system quickly
reaches a steady state, with around 90 Leaches, 750 Lurkers, 155 Seeders and 20
Pros. This occurs by tick 500, a ‘tick’ being an arbitrary time unit such that the
average file takes 50 ticks to upload by the average agent. Most agents (around
90%) find a swarm to join. The swarms vary in size from the largest at around
1205 members down to those with less than 10 (the most frequent). Pros are
well rewarded for their activity by Clubbers and their motivation scores steadily
increase.

Parameter Value

Number of agents n-of-agents 1000

Rate at which Pros input files ripping-rate 5%

Activity rate activity-rate 30%

Likelihood of becoming a Clubber clubber-rate 30%

Proportion that Lurkers upload

after downloading a file mean-seeding-ratio 1.0

Motivation to become a:

Lurker lurker-threshold 50

Seeder seeder-threshold 500

Pro pro-threshold 800

Table 2.1: Baseline parameter settings

After a substantial time (more than 10,000 ticks), some Lurkers become Seeders
and thus the number of Seeders gradually increases, while the number of Lurkers
decreases.

Given this baseline, we can compare the behaviour of the model when some of
the parameters are changed.

7
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2.4.1 The importance of Pros

If the pro-threshold is increased to 1000, the initial state of the simulation
includes no Pros, because no agents are created at the start with a sufficiently
large motivation score. The result is easily predictable: with no Pros, there are
no files entering the system, and so no uploading or downloading takes place
and there are no swarms created. If the threshold is reduced so that there is just
one Pro, activity starts but its continuation relies on whether Seeders ‘graduate’
to become Pros before the solitary Pro loses motivation and is transformed to
a Seeder, and Seeders (with only one file to upload) become discouraged and
become Lurkers. When that happens, all activity ceases as there are no swarms
to join.

2.4.2 The importance of motivation

If the number of Clubbers is reduced (by reducing the clubber-rate from 10%
to 5% and therefore the number of Clubbers from about 100 to about 50), thus
reducing the motivation afforded to Pros and Seeders, the numbers of Pros and
Seeders rapidly drops to zero. Again, this has the effect of removing all active
swarms from the system and stifling any activity.

2.4.3 The dynamics of swarms

The sharing ratio (the ratio of uploaded to downloaded content per agent) de-
pends in a complicated way on the individual agent’s seeding ratio (the time
a Lurker spends uploading after downloading a file), the relative upload and
download speeds, and the number of upholders in a swarm. Empirical evidence
taken from a ‘private’ p2p network (see Figure 3.3) suggests that the sharing ra-
tios should be roughly Poisson distributed, with λ = 1. Figure 2.1 shows that the
model does approximately have such a distribution.

2.5 Extensions

The model was designed to be a simple way of developing intuitions about the
roles of various types of user behaviour, as encapsulated in the model’s agent
roles. In contrast to much research on p2p, including the BitTorrent protocol it-
self, in this model the motivation of agents is not determined by some kind of
social dilemma game (e.g. the Tit-for-Tat strategy employed by BitTorrent), but
rather by the simpler but also possibly more realistic assumption that some par-
ticipants are motivated by a desire for respect from others. Of course, both this
and the more usual game theoretic assumptions are ideal-types, that is, simplifi-
cations of the social world to assist in analysis and understanding. Neither set of

8
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assumptions can be said to be ‘correct’—indeed, both must be wrong if we expect
them to apply exactly and equally to everyone involved in peer-to-peer activities.

The advantage of the simple model described in this chapter is that it can eas-
ily be modified to experiment with different assumptions, including, for exam-
ple, game theoretic strategies. Other possibilities are to make the seeding ratio
depend on the agent’s role and history, instead of bring fixed as in the current
model, and to try various rules for penalising or encouraging uploading, includ-
ing various designs for increasing the number of Clubbers and their influence.

2.6 Conclusions

An agent-based model of users’ behaviour in p2p networks has been formulated
to examine the efficacy of behavioural assumptions that do not depend on game
theoretic strategies. A set of roles and their behaviours was defined and the
model showed that with these, network dynamics that approximated to those
found in the target p2p networks could be obtained. However, this model is
merely a proof-of-concept. If work on it were to be continued, it should be com-
pared more closely with empirical data, subjected to sensitivity analysis, and then
used to study the effect of alternative behavioural designs.

Rather than do this, we decided to implement a more sophisticated model that is
able to simulate an actual BitTorrent protocol, as used in QPlatform, and this is
described in the next chapter.

9



Chapter 3

BitTorrent as a techno-social system

In the previous chapter we explored the possible influence of the community of
the evolution of a system similar to BitTorrent. This chapter focuses on the sharing
behaviour of users, how much data users give to the community compared to how
much they use the system. This work results from a close collaboration between
TUD and ETH Zurich. Each of the partner provided knowledge either in the
BitTorrent protocol (TUD) or in human behaviour modelling (ETH Zurich).

In the first section we explain the basic reasoning behind this study. Then we
expose a detailed agent based model of BitTorrent as a techno-social system. The
resulting model should reproduce the macro social behaviour we observe in real
communities. In the fourth section we discuss how the use measurements of the
performance of actual systems can calibrate the parameters of the model, as well
as the first results we obtained.

3.1 Motivation and theoretical considerations

This section introduces the general problem our model attempts to solve. We
suppose the reader already has a good understanding of peer-to-peer systems,
and more precisely BitTorrent. We first distinguish the concepts of peers and users.
Then, we sketch a model articulated around those concepts. We finally discuss
how this projects integrates in QLectives.

We give here the necessary definitions of BitTorrent for the further discussion.
The BitTorrent protocol allows users to join a swarm of hosts (or torrent) to down-
load and upload from each other simultaneously. Each swarm consists of two
type of users: seeders who are only uploading (they do have the full content) and
leechers who are downloading (and uploading at the same time to other leech-
ers as well). Content files are split into pieces, allowing leechers which are still
downloading to serve the pieces they already have to others.

10
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3.1.1 Users and peers

The BitTorrent protocol is complex, and most of its users have a mental model
different to what the protocol actually does. We want to distinguish two types of
agents who correspond to two separate levels of functionality in BitTorrent as a
system:

• The User Interface

• The Protocol

On one hand, the User Interface corresponds to how the agent we call the user
interacts with BitTorrent. The current mental model of BitTorrent users is simple.
We start with a user who is interested in some content. She finds a torrent file that
corresponds to the content she is interested in. She loads this file in the BitTorrent
client, which starts the download of the content. When the download finishes
she chooses to continue sharing (cooperation) or to close the connection to this
swarm (defection). The information the client gives the user consists mostly of
the download speed and her sharing ratio (total upload amount divided by the
total download amount).

The Protocol, on the other hand, describes how the client (we call this agent the
peer) deals with other peers on the network. In the standard BitTorrent protocol,
a Tit for Tat (TFT) strategy is implemented to establish the priorities of the peers
to be shared to. The decisions of the peers do not depend on an explicit input of
a user. The user is not asked who to share to. The details of the sharing exchange
depends only on how the software is implemented.

Note the difference of level at which users and peers interact. Users are humans,
who can have many ways of making decisions. They all have different prefer-
ences, which results in variability of behaviour. On the other hand, peers are
bits of software. They only implement the algorithm the designer of the protocol
intended.

3.1.2 Users, peers and Bartercast

A part of the QLectives project focuses on improving the cooperation in P2P sys-
tems. Particularly, the Bartercast reputation system and its improvements [1,2]
have been implemented to enhance cooperation in P2P systems. In the original
BitTorrent TFT strategy users are not incentivised for seeding. Most of the effort
has been made to change the protocol, adding mechanisms to fill this gap. The
proposed incentive scheme implemented in Bartercast is peer indirect reciprocity.
A decentralised system of reputation informs peers about the behaviour of other
peers. Based on this information peers can decide whom to upload to. For in-
stance, it can be based on a simple rule: peers with higher reputation get higher
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preference. It has been shown that using this modified protocol, peers who share
more have a better performance (download speed) than the freeriders.

The efficiency of this family of new protocols has been tested thoroughly. Never-
theless, the tests have focused so far on the effects that Bartercast have on peers.
The efficiency question focuses on the difference in download speed that peers
experience (by opposition to users). Also, these tests use a static user behaviour.
In the test models, the user’s decisions (when a download starts, if the user is
a seeder or only a leecher) are a given1. In other words, the user behaviour is
completely data driven. The choices made by the agents representing the users
do not change with the introduction of incentives.

The aim of introducing an incentive scheme such as Bartercast is to change the
user’s behaviour. But, as we have argued here, the current literature does not give
any information on the influence of incentives. It is only assumed that they in-
duce a change in behaviour, but the scope of this change is not quantified. More-
over, if this happens, it is not clear how the induced dynamics could alter the
general behaviour of the system.

3.1.3 Introducing “the social” in BitTorrent models

In our previous section a difference between the peers and users has been elabo-
rated. The structure of the model of BitTorrent we propose here is also based on
this distinction. We build a techno-social model, by integrating two submodels, a
model of peers and a model of users behaviour.

First, a model of BitTorrent built by TUD renders the peer level. We use the simpli-
fied model of the BitTorrent protocol that was developed in the context of QLec-
tives [3]. A similar model has been used for testing Bartercast [2]. The simplified
model has been chosen because it allows a faster computation. Section 3.2.1 dis-
cusses with more detail the model and the reason for our choice.

Then, in addition to the model proposed by TUD, which focuses on the peer-level,
our extension explicitly incorporates the changing behaviour of users. The start-
ing assumption underlying our considerations concerns users sharing behaviour
(whether they contribute to the public good or not). We assume it depends on
the download speed previously experienced by the user. Also, we suppose that
users do not exchange directly information. These assumptions lead us to pick
an aspiration-satisfaction model of user behaviour [4,5]. Users choose to change
their behaviour according to a learned aspiration towards the system. We discuss
this model in detail in section 3.2.2.

1Data extracted from measured traces informs the simulation of the user behaviour.
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3.1.4 Integration in QLectives

The general QLectives plan introduces a loop between data and models (stream
4 to stream 1). We aim to use such a loop in our model. We use data from from
measurements of actual systems (we call them traces) to calibrate the model using
these traces.

The QLectives project also plans that models should inform the development of
new algorithms for quality collectives (stream 1 to 2). Once parameters of the
model are calibrated to reflect the observed amount of user sharing behaviour
well enough, we can change the underlying protocol. The new model, with, for
instance, Bartercast as the peer protocol should evolve differently from the model
with the original protocol.

One of the greatest difficulties of an interdisciplinary project like QLectives con-
cerns the interest that different partners can have in a same question. Even when
the broad project appeals to everyone, particular questions can often have appli-
cations only for one partner. In this dynamic model of BitTorrent communities
we spent a special care on this aspect. Both main partners, TUD and ETH Zurich,
can get interesting results for their own fields.

3.2 Implementation details

In the first section we described our model as a composition of two parts, rep-
resenting the peer level as well as the user level. In this section we spend some
time explaining the detailed implementation of the models of both parts, as well
as how they fit together.

3.2.1 The BitTorrent model

First, a model of the BitTorrent protocol stands for the peer level. In order to speed
up the computation, we use a simplified model of the exchange of pieces, as
described by Meulpolder et al. [3]. An important assumption of the model is that
peers always find a piece to download in other peers2. We use an implementation
of the analytical model for our needs.

Model inputs

The implementation of the model, the simulation, needs specific information
about the general behaviour of users. We can distinguish two kinds of decisions
users take, decisions about:

2This hypothesis is valid for files with a high number of pieces. See [6] for a justification of
the hypothesis.
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• which file to download and when (torrent choices)

• when to stop seeding a file (sharing behaviour).

We are not interested equally in both kinds of decisions. Our goal is to improve
the sharing behaviour of users. We assume that the torrents choices are indepen-
dent of any mechanism that influences sharing behaviour. Also, we suppose that
the dynamic effects of incentive schemes should not influence the choice of con-
tent3. This means that the model we build focuses on the sharing behaviour of
users related to seeding and not providing new content.

Two different sources of information provide the two kinds of inputs. On one
had, torrents choices, as in the classical implementations, are completely data
driven. We use traces, measurements of actual BitTorrent communities. They
define the existing swarms, which users join them, and at which time in the sim-
ulation.

Furthermore, the sharing behaviour of users is driven by a user model we de-
velop. The original implementation of the simulation has been adapted in or-
der to allow various types of sharing behaviour. In the first model we present
here, the sharing behaviour allowed to users is simple: freeriding or sharing4. A
freerider has a hit and run strategy, she leaves the swarm and stops sharing as
soon as her download is finished. A sharer stays in the swarm for 18 hours after
his download ends5.

Finally, we need to specify the technical limitations on speed of download and
upload. As the user sharing behaviour does not influence his technical limita-
tions, we do not need to model them. In first approximation, we fixed the upload
speed at 50kB/s and the download speed at 200kB/s. This corresponds to the
standard values for a DSL connexion in 20066.

Use of traces

As input for the torrent choices we use a four month long trace of the FileList.org
BitTorrent tracker collected at the beginning of 2006. The detailed description
of the measurement method can be found in Roozenburg [7]. It is important to
note that FileList is a closed community, with a ratio enforcement system — users

3These assumptions differ totally from the approach of chapter 1.
4The sharing behaviour will also be called strategies or types in this chapter.
5The 18 hours number is a rough estimate from the data. The sharing times form a continuous

distribution. As we have only one type of user who shares, we can approximate the time for
sharer from a central measure of the distribution. The mean seeding time of all downloads in
the FileList trace is around 30 hours, the median 10 hours. We choose the arbitrary number of 18
hours.

6The traces we used have been measured between December 2005 and March 2006 for the
FileList trace.
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are forced to share to a minimum sharing ratio (upload volume divided down-
load volume). The system also requires users to have a common identity across
swarms. Because of the nature of the protocol, measurements of open BitTorrent
communities cannot have user based information, only peer based. Because our
model needs input about the user behaviour, we need to use a measurement of a
close community such as FileList.org.

A great technical difficulty of modelling the evolution of a BitTorrent system de-
rives from the number of users of the system at anytime. In both traces we have
access to, the simultaneous number of peers at anytime is between 40 000 and
65 000. The computation of the whole system is therefore very slow. For our
practical purposes we therefore need to work with subsets of the trace. We build
subsets of about 100 users interacting over one week.

The creation of these subsets requires caution. As a first selection algorithm we
would choose randomly a subset of users active during a period of interest. This
naive algorithm has an important drawback: it does not reproduce the actual
structure of the system. Imagine that the system is composed of 200 swarms with
2 peers in each and another unique swarm with 100 peers. A random selection
of 50 peers will, on average, select only 10 peers in the main swarm while most
of the 40 other will be alone in their own swarm. The performance of this sys-
tem will be very different from the original system (most of the peers will not
exchange anything). The non-uniform shape of the distribution of number of
peers in swarms makes this effect important in the normal system and forces us
to choose a better algorithm.

Selected users, and therefore their peers, must interact with each other. Our al-
gorithm should provide a few torrents where most of the users are active. The
algorithm we have developed is the following, for obtaining a subset of N users
(for instance N = 100):

1. select a subset of torrents (for instance 10 torrents) which has a cumulative
number of different user greater or equal to N .

2. choose one of the torrents, add all the users of this torrent

3. do the previous step until N users are selected.

4. remove all torrents with less than a minimum number of agents (for in-
stance 4).

We test the validity of the algorithm with the Q-Q plot presented in Figure 3.1.
The distributions of average download speeds for subtraces and the full trace are
compared. We see that both distribution are similar. There is an important dif-
ference between the distributions for small download speeds. Also, the smaller
traces tend to have more users who have a speed multiple of 50kB/s. This is due
to the fact that the subtraces do not have enough users to have many cases where
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Figure 3.1: Comparison of the distributions of download speeds between 100
runs of the BitTorrent simulation with subtraces of 100 agents versus one simula-
tion driven by the full trace. Both simulations are run with half of the population
constituted by freeriders.
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many users share to many other users (many-to-many). We have a integer mul-
tiples of the maximum upload speed, derived mostly from one users to many
others (one to many) of a few users (some to many). We consider nevertheless
that the general distribution is similar enough for our purposes.

3.2.2 The user decision model

Modelling the decision process of BitTorrent users is non-trivial. Different users
certainly have different processes. One can think in terms of sharing ratio and an
other in seeding time7. Also, an occasional user do not have the same expecta-
tions from the system than a heavy user. The technical sophistication of users is
also important. For instance, not all users know what a sharing ratio is, and that
their BitTorrent client has an option to automatically seed until a default ratio is
obtained. Only if he does, has he the possibility to always seed to a certain ratio.

In the model we propose, we decide to ignore most of these complex factors.
We want to build a model that captures enough of the general behaviour of the
system as a whole. We hope that the choices we make are sensible enough in
order to capture the evolution of a real system. So, our aim is not to reproduce
the detailed process of all the users.

An analysis of some communities shows that users with a medium use of the
system (1–5 downloads a week) are responsible for more than half of the volume
of downloaded data8. We suppose that these users are generally sophisticated
enough to decide if they want to to be a sharer or freerider. Sharers stay 18 hours
in the swarm after the download finished, freeriders use a hit and run strategy.
We further suppose that the decision is taken on the basis of performance. In
other words, the past speed of downloads determines the future behaviour. Fi-
nally, in BitTorrent systems users interact only rarely directly, we therefore as-
sume that the performance of the system is the only input users rely upon.

The different assumptions we have made in the previous paragraph, orient us
towards aspiration based decision models. Recently, one implementation of this
model has been used by Roca and Helbing [5]. This decision model is part of a
greater class of decisions, learning rules [4,8]. Users learn what they can expect
for the system, we call this their aspiration. With time, this aspiration evolves.
The learning process is parametrised by α such that:

Ai(t) = αAi(t− 1) + (1− α)πi(t− 1) (3.1)

with πi(t) the performance of the system at time t. The parameter α is understood

7The sharing ratio is defined as the division of volume of uploaded data by the volume down-
loaded. The seeding time is the time a user stays connected (and shares) while his download is
finished.

8This follows a study of FileList dataset we used for the analysis in section 3.3.1.
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as a memory factor. The higher the parameter, the more important the past is to
the expected performance.

Aspiration then drives the behaviour of users. They change their behaviour when
they are dissatisfied. We define satisfaction the following way:

si(t) = πi(t)− Ai(t) + ηi(t) (3.2)

where ηi(t) is a normally distributed noise factor. When the satisfaction is greater
than 0, users keep their strategies. When the satisfaction is lower, the strategy is
flipped with probability:

pi = tanh(−si)

This model is very simple and treats all users identically. We add a term in the
expression of the satisfaction, the individual bias βi. This term captures the vari-
ability in the preferences of the user. For instance, some users are more altruistic
and share even with conditions lower then their aspiration. Other consider the
costs of sharing as more important and prefer to leech. The revised equation 3.2
is then:

si(t) = πi(t)− Ai(t) + ηi(t) + f(βi, τi) (3.3)

Note that the bias function f depends on τi, the type of the user. For the case of
βi > 0 :

f =

{
βi τi is sharer
0 otherwise

(3.4)

In the case where βi < 0 we have:

f =

{
−βi τi is freerider
0 otherwise

(3.5)

3.2.3 Putting it all together

Many models of artificial societies rest on simplifying assumptions about both
the game structure (considering exchanges similar to a public goods game) and
on agent behaviour9. In the model of BitTorrent we propose, we keep simplifying
assumptions mostly for the user (and therefore agent) behaviour. But the game is
modelled with detail, agents play a BitTorrent game.

9See for instance [5,9,10] for research produced in the context of QLectives or also [11-13].
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Figure 3.2: Representation of the full structure of the model.

As we have described in this section, the model is composed in part by a simu-
lation of the BitTorrent protocol. This detailed simulation provides a certain per-
formance (download speed) to users. They learn what to expect from the system
and decide to keep their behaviour (sharer or freerider) according to their aspira-
tion. The population of users, more precisely their types, informs (and therefore
influences) the computation of the performance of the system.

The composition of the model, described in Figure 3.2.3, divides each turn in
two steps. The first step corresponds to the model of peers. The simulation of
BitTorrent is run, for a time corresponding to a week of data exchange between
peers. Data extracted from the traces determines the torrent choices of all users.
In the second step, we run the decision model of users. They are informed of
their average performance during the week. Their decision provides the sharing
behaviour to the peer simulation for the next turn.

3.3 Analysis of the model

This section focuses on the analysis of the result of the model. In a first section
we discuss the features of the system we want to use as a comparison means. We
will then use visual techniques to show that the model we proposed here does
not reproduce the real world behaviour of BitTorrent systems.
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3.3.1 Analysis of user behaviour

The data we use comes from the same trace that drives the torrent choices, the
FileList trace [7]. This trace comes from information provided by peers to a
central system. Some users may use modified software in which the peer lies. The
volume of data shared might have been inflated in some cases. In consequence,
we use a trace cleaned by the team in USZ in a collaboration with TUD [14].

The system of BitTorrent is complex enough to be characterised by a large set of
quantities. We will limit ourselves to quantities that matter for our model. It has
a twofold aim. First, it should captures most user sharing behaviour. Then, we
want to be able to estimate the influence the introduction of a new protocol on
the performance. We will discuss three quantities that characterize these aspects
(or features) of the system:

• the sharing ratio is an indicator of the tendency of users to share

• the time spend seeding is also related to sharing behaviour

• the download speed corresponds to the performance of the system.

First, we focus on the sharing ratio of the users. It is defined as the total volume
of data uploaded by a user divided by the volume he downloaded. Two different
approaches can be taken. We could use ratios to distinguish between sharers and
freeriders. If the distribution of ratios is bimodal, each mode corresponds to a
type. We find the model parameters for which the share of seeders is identical
to the measured one. This approach is not a good one. As shown on Figure 3.3,
the distribution is not clearly bimodal. It looks like two convolved distributions.
It is not possible to identify the two individual distributions without introducing
hypotheses about the distribution of ratios within a type.

On the other hand, we need more than a single point to match the model. In order
to have some confidence in the result of the calibration, we need to compare the
distributions of ratios and not a single value, being the share of freeriders, the
mean or the median. We can therefore see if the distribution of sharing ratios by
user reproduces the distribution of Figure 3.3.

The seeding time corresponds to the length of time that a user stays in the system
once his download is finished10. However, as presented in section 3.2.1, we use
a simplified model of users’ behaviours that rests on a fixed seeding time. The
distribution of seeding time as a result of the model will consist of two peaks, one
at 1 minute for freeriders and one at 18 hours for sharers. We therefore cannot use
this value as a comparison quantity.

Finally, the average download speed of any user represents the performance he
experiences. As the protocol does not distinguish between sharers and freeriders,

10We can obtain the volume of uploaded data by multiplying the seeding time by the average
upload speed. This concept is therefore related to the sharing ratio.
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Figure 3.3: Normalised distribution of the sharing ratios of users in the FileList
trace. The total surface, the sum of width times height of the rectangles of the
histogram amounts to 1 (as the width is smaller than 1, the height can be higher).
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the shape of the distribution should not present a convolution of distributions as
in Figure 3.3. The distribution in Figure 3.4 follows the single peak behaviour we
expect. Note that the distribution has speeds over 200kB/s. In the model we limit
the download speed to this value. We can expect some inconsistencies for high
average download speeds.

Figure 3.4: Normalised distribution of the average download speed of users in
the FileList trace. The total surface, the sum of width times height of the rectan-
gles of the histogram amounts to 1 (as the width is smaller than 1, the height can
be higher).

3.3.2 Results

Unfortunately, the model we built does not reproduce actual systems. Actually it
fails in two different ways. First, as we can see on Figure 3.6 and Figure 3.5 the
parameters of the model do not play an important part in its behaviour. Secondly,
and most importantly, Figure 3.7 shows that the distribution we are interested in
is not captured by the model.

Figure 3.5 consists of Q-Q plots of distributions of the sharing ratios of agents
with different parameters. The model in the ordinate always has parameters α =
0.1 bias = −0.9, while the values in the abscissa are explained in the title. On one
hand, we see that the points in top left graph are exactly on the 45 degree line,
as expected (we compare the model with itself). More surprisingly, variation in
the α parameter does not have an important influence on the sharing ratios at all.
We see that for higher values of the parameter, agents tend to freeride slightly
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more. On the other hand, the sign of the bias does not have any influence on
the distribution of ratios. The introduction of any bias changes the distribution,
making it broader.

The analysis of the distributions of download speeds is simpler. As shown on
Figure 3.6, they are not influenced by the parameters at all. We computed then in
the same manner as the sharing ratios.

The Figure 3.7 is very explicit about the fact that our model does not reproduce
the behaviour of the real system. In Q-Q plots between the distributions obtained
from the model and the measured trace, a perfect match would mean the points
should be on the line. We see a completely different graph, which indicates a
falsification of the model.

The negative results can be interpreted as resulting from a decision model that
is perhaps too sensitive, and therefore generates noise. A hint in that direction
is provided by the evolution of the share of freeriders in the population. It does
not converge in time, but the values have a nearly normal distribution around 0.5.
The basic BitTorrent system does not provide a stable performance. Two different
downloads can obtain different speeds just based on chance. The aspiration based
model interprets these variations as more than randomness. Therefore most user
behaviour changes are based on the noise generated by the BitTorrent system.

Also, the choice of strategies offered to the user might be too narrow. As we
discussed earlier, in real systems not all users think in terms of seeding time. By
forcing only two types (freerider or sharer) we introduce the big restriction that
users seed for either 1 minute or 18 hours and no other values between these two.
This might be too rough for the model to evolve towards a realistic behaviour.

In any case, the model is too flawed to be saved by some small, non-conceptual
modifications. We need a complete rethink of the users’ behaviour as well as their
decision model. There are several possibilities. We could:

• add new parameters on which users base their sharing behaviour. Analysis
of traces established that heavy users of the system share more than casual
users. The rate of utilization of the system (the number of downloads each
week) might be introduced in the decision process11.

• change the aspiration mechanism to make it less sensitive to small, random
variations of the performance.

• use continuous strategies, where users are not only sharers or freeriders but
share more or less on a predefined scale.

• introduce a fair type of user who tries to share as much as he downloads
(keep a sharing ratio close to 1).

11In our model, this value is driven by data and not modeled.
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Figure 3.5: Comparison of the distributions of sharing ratios for the simulation
with a wide range of parameters. All the distributions are compared with the
first distribution (α = 0.1 bias = −0.9). Each plot consists in the distribution of
the agents of 100 runs with 100 agents.
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Figure 3.6: Comparison of the distributions of download speeds (in kB/s) for the
simulation with a wide range of parameters. All the distributions are compared
with the first distribution (α = 0.1 bias = −0.9). Each plot consists in the distri-
bution of the agents of 100 runs with 100 agents.
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Figure 3.7: Comparison of the distribution of the important features between
measured data (from the Filelist trace) and 100 runs of the model with 100 agents
(α = 0.5 bias = 0). The features are computed for each agent over the whole
period (4 months in the measured data and about 1 year in the simulated data).
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Chapter 4

Further work

In reality BitTorrent users’ behaviours are not stable. Some users stop using the
system while other increase their consumption. The two models we presented
in this deliverable aimed for modeling how an evolving behaviour can introduce
dynamical effects in the system. Nevertheless none of them provided a model
that used these effects and reproduced well reality.

The intuitions we had about the decision process of BitTorrent users and, more
precisely, the assumptions we made are insufficient. They do not allow us to
capture enough of the reality to model, and even less predict the behaviour of
the BitTorrent system. Our next step will be to gain insight in the system from
data. This analysis of user behaviour will be presented in another work package
(deliverable 3.3.1). Then, these new insights should allow us to reformulate our
hypotheses and build a better model.

Once we find a model that reproduces measurements well, we can implement
the next step in the QLectives loop. As we sketched earlier in this document,
we will introduce a reputation system in the BitTorrent protocol. If the QMedia
community becomes important enough1, Bartercast could be implemented. We
could then estimate the predictive power of the method presented here in the
case of the BitTorrent protocol.

1The Bartercast protocol is a reputation system. As such it needs to be run on an large enough
population to work. If the population is small the number of exchanges between users of the
reputation system will be low. As a consequence, the reputation mechanism will not have any
influence on the performance of users.
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