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Abstract

The performance evaluation of Personal Clouds (e.g., Dropbox, Google Drive, Box)
is challenging due to their fat-client architecture and the absence of realistic workload
generators that reproduce the disparate types of user behavior.

In this thesis, we propose a novel storage benchmarking methodology in which the
workload is generated by emulating groups of users that exhibit a similar behavior,
namely, user stereotypes. We instantiate this methodology in BenchBox, a distributed
performance analysis tool that integrates: (i) A practical yet accurate model that locally
reproduces the aspects of user behavior that matter to the performance of desktop
clients (e.g., types of activity, data contents); (ii) A centralized management and real-time
monitoring system of Personal Cloud desktop clients. (iii) BenchBox also uses compact
files to represent user stereotypes, enabling researchers to share only the behavior of users
without disclosing private traces.

We show the benefits of BenchBox by exercising public and private Personal Clouds.
We show how distinct types of users impact on the performance and efficiency of these
systems, which may guide their optimization.

Keywords: Personal Cloud Storage, Performance Analysis, Workload Generator,
Stereotype.
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1
Introduction

In the last decade, the concept of Personal Cloud has been materialized by several suc-
cessful commercial services, ranging from public vendors to on-premise private systems.
To wit, companies like Dropbox, Box or ownCloud, provide online storage, file syn-
chronization, sharing, as well as accessibility from a variety of mobile devices and the
Web [1, 2]. Personal Clouds are also becoming a popular platform to deploy external
applications, such as photo viewers or document editors, that give added value to the
personal storage service itself. According to market reports, these services are meeting
well users needs; for instance, Dropbox has reached 500 million users in 2016 [3].

In a nutshell, most Personal Clouds exhibit a 3-tier architecture consisting of meta-
data service, data store and desktop clients [1, 2]. At the server side, their design explic-
itly decouples the management of file contents (data) and their logical representation
(metadata); such a clean design separates the concern of metadata management, which
may be stored on premise, from storage management that can be delegated to a third-
party cloud service (e.g., Amazon S3). At the client side, Personal Cloud desktop clients
provide users with automatic file synchronization across several devices, as well as in-
tuitive data sharing capabilities. These clients transparently communicate with back-
end servers via a storage protocol for mirroring local changes that users perform in
their synchronized folders.

However, the growing popularity and user basis of Personal Clouds also entails
stringent system design requirements towards efficiency, performance and scalability.

An attractive innovation path to optimize these systems relies on integrating of
data management techniques within the system’s workflow [4, 5]. Concretely, em-
bedding storage optimization mechanisms in the client-side has proven to be a feasible
strategy given the fat client design of Personal Clouds. The objective of client-centric
data management is to minimize resource consumption at the server-side by trading-
off higher load at client machines. As previous works have recently demonstrated,
desktop clients may adopt a mix of compression, deduplication and advanced sync-
ing techniques on users’ requests [6, 7, 8].

In this sense, a key aspect for the design refinement of desktop clients is their
performance evaluation, which can validate whether a new optimization technique is
beneficial or not to the system via real-world experiments [9]. Nevertheless, extract-
ing categorical conclusions from simple synthetic experiments may be risky due to
the central role that the workload of users plays on performance [6]. In particular, the
activity of users and the types of contents managed may significantly influence the
operation of desktop clients.

Unfortunately, generating realistic workloads for evaluating a Personal Cloud is a
non-trivial problem that may lead to bad practices. To inform this argument, Red
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Figure 1.1: In the left, we show the classification of users in DropBox and UbuntuOne
populations (occasional (OC), download/upload only (UO/DO) and heavy (HV)). The right
figure shows the distribution of storage operations of 1K active U1 users belonging to
UO/DO types (2 weeks).

Hat has recently reported a performance evaluation of an ownCloud1 deployment,
in which the system is claimed to support 25K users [10]. However, the synthetic
workload used to sustain such a claim was an extreme simplification of the reality:
homogeneous user behavior, regular operations (2 uploads/1 download per hour),
etc. Clearly, the workload employed does not represent the behavior of users, which
poses doubts about the performance of the system under test. Moreover, this evalua-
tion was exclusively server-oriented; the behavior and resource consumption of desktop
clients was omitted from the conclusions of this study, despite of being an important
part of the architecture. This paradigmatic case exemplifies the problems that we ad-
dress in this work.

1.1 Motivation

To motivate the importance of user behavior to generate realistic workloads, we in-
spect the role of users in the workloads supported by Dropbox [1] and UbuntuOne
(U1) [2]. Specifically, in Fig. 1.1 we grouped users by resorting to the classification
proposed by Drago et al. in [1]. We distinguished among occasional, download/upload
only and heavy users. A user is occasional if he transfers less than 10KB of data. Users
that exhibit more than three orders of magnitude of difference between upload and
download (e.g., 1GB versus 1MB) traffic are classified as either download-only or
upload-only. The rest of users are in the heavy group.

We draw the following observations from Fig. 1.1:

• System-dependent user behaviors: Fig. 1.1 confirms the existence of different
types of users in a Personal Cloud and their different distributions depending
on the system at hand. This yields that replaying a workload of one system to
evaluate another may be inaccurate, leading to biased insights. This calls for a
flexible workload generation in terms of user behavior.

• Impact of user behavior on desktop clients: The distinct types of users in Fig.
1.1 exhibit heterogeneous local behavior, in terms of types of issued operations,

1http://owncloud.org
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activity intensity or the stored files sizes/contents [1, 2], to name a few. This
may impact on the performance and overhead of desktop clients and the interactions
with the back-end in various ways [4, 6].

These observations raise the need for client-centric performance evaluations in Per-
sonal Clouds that cover: i) classifying user behavior, ii) locally reproducing user interactions
with desktop clients, and iii) monitoring client resources. Unluckily, today’s benchmarks
are mostly server-oriented and do not reproduce user behavior in such fine grained
manner.

1.2 Problem Statement

Most of today’s standard storage benchmarks generate synthetic workloads to stress
the system under configurable requests rates [6, 11, 12, 13]. They enable practitioners
to perform what-if testing, but not to understand the system’s operation under realistic
conditions. There exist another family of advanced benchmarks that focus on model-
ing system-wide workload properties instead of emulating the behavior of users; for
instance in the case of file systems [14], cloud services [15], graph databases [16], or
recently in Personal Clouds [17].

However, these tools fall short when modeling and reproducing the behavior of
Personal Cloud users in a distributed, fine grained manner. This poses several draw-
backs: i) The workload generation is not client-centric, as scaling the intensity of a work-
load is done in a coarse, system-wide manner; i) Lack of flexibility, as it is unfeasible to
generate workloads with different distributions of user types; iii) Moreover, most tools
lack from client-side monitoring metrics to assess the effectiveness of data management
techniques.

In summary, in this thesis we face the problem of generating user-driven stor-
age workloads in a client-centric manner to evaluate Personal Cloud desktop clients.
Clearly, solving this problem calls for a general methodology that enables researchers
to design and integrate a new client-centric workload models in a performance evalu-
ation, as well as providing them with means to analyze the results of such evaluation.

1.3 Contributions of this Thesis

The contributions of the present thesis are the following:

• We present a client-centric benchmarking methodology based on user stereotypes.
An stereotype describes the behavior of a group of users with similar storage
activity, which enables flexible and realistic performance evaluation of Personal
Clouds.

• We contribute a practical yet accurate generative model that reproduces the be-
havior of user stereotypes. Technically, the model captures a set of dimensions
that matter to the performance of desktop clients (type of requests, file system
contents, etc.).
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• We design BenchBox: A client-centric benchmarking tool. BenchBox enables
practitioners to generate workloads consisting of variable rates of user stereo-
types, as well as to monitor the activity of desktop clients. BenchBox also gives
practitioners the ability to share compact stereotype recipes that describe the be-
havior of users without disclosing private traces.

• We demonstrate the potential of BenchBox by comparing public Personal Clouds.
BenchBox sheds light on the performance effects induced by disparate user be-
haviors, which can help designers to optimize the system.

1.4 Thesis Structure

The remaining part of this thesis is structured as follows. In Chapter 2, we present the
necessary background and concepts used through the remainder of the thesis. More-
over, in the last part of this Chapter we overview the related work.

In general terms, Chapter 3 describes the client-centric performance evaluation
methodology proposed in this thesis. We instantiate our methodology with a practical
workload generation model build upon an analysis of real users of UbuntuOne, the
Personal Cloud of Canonical. Moreover, we present the design and architecture of our
benchmarking tool, BenchBox.

Chapter 4 presents a battery of real performance evaluations carried out with
BenchBox against several public Personal Cloud systems. The objective of such eval-
uation is to demonstrate how the local behavior of users impact on Personal Cloud
desktop clients, which can guide their optimization.

Finally, we draw some conclusions and future research directions in Chapter 5.

1.5 Publications

The results of our work are reflected in the following publications:

• Raúl Gracia-Tinedo, Chenglong Zou, Pedro Garcı́a López, Marc Sánchez Arti-
gas. “BenchBox: Client-centric Evaluation of Personal Clouds via User Stereotypes”.
(To be submitted to IEEE Transactions of Parallel and Distributed Systems).



2
Background and Related Work

In this Chapter, we aim at providing an overview of Personal Clouds, as well as the
necessary related concepts and definitions to facilitate the understanding of the rest of
this thesis.

2.1 Personal Clouds: Concept & Landscape

Personal Clouds services are cloud storage services that provide users with three main
functionalities: storage, file synchronization and sharing (3S). Moreover, today’s Per-
sonal Cloud also provide users with desktop, mobile and Web clients that allow them
to manage their data in a wide variety of Operating Systems (OSes) and platforms [18].

Figure 2.1: The left figure shows the increasing share of personal cloud traffic, and the
right figure shows the increasing amount of users of Dropbox

This concept has revolutionized the way users manage their data. Nowadays, Per-
sonal Cloud services like Dropbox, Google Drive or Box support millions of users over
the globe, and their user populations are still growing. The amount of traffic per year
of these services has to handle is estimated over 15 EBytes (15 * 1018 Bytes), which
is equivalent to 41, 095TB everyday. See figure 2.1. This milestone has been satis-
fied with the improvement of the overall Internet connection, and the cloud providers
infrastructure, which aim at improving their performance in parallel with cost reduc-
tion.

There are many reasons that have contributed to the success of Personal Cloud
storage services, with the emerging of countless personal cloud services, leaded by
Dropbox, OneDrive, Google Drive, Box, Amazon Cloud Drive. Overall, facts such as
the ongoing trend where people own many devices, their need to access their data
from several spots, or even to share them in an effective way are the primary rea-
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sons. This is possible greatly because the reduction of resource cost, such as network
bandwidth, storage fees and the availability granted by the cloud providers with wide
accessibility.

Figure 2.2: The table displays a comparison of some public cloud data store plans.

Comparing figures 2.2 and 2.3 we can notice that there are over two order of mag-
nitude of benefit margin from the subscribed client, and the cost to maintain free user
accounts is marginal.

2.2 Personal Cloud Architecture

The architecture of Personal Cloud has changed over time. From its origins with an
architecture of single server that contains all the service dependencies (web server, app
server, mySQL database, sync server) serving few clients. As visible in Fig. 2.4, the
architecture of Personal Clouds nowadays contains additional services such as load
balancers and caching to speedup the performance and improve the user experience.
The current trend is to replicate several instances horizontally to handle the amount
of simultanious connections and requests.

An overview of the current personal clouds services core components from the
client and server perspective is depicted in 2.5.

• Front-end: Desktop Client. The desktop clients are software applications that
run at the client machine and acts as a manager of the file synchronization pro-
cess of Personal Cloud storage services. This process is hold in background and
submits automatically once the clients goes online, if the sync folder has been
modified, the client might push the editions to all the clients to whom it share the
content with. Additional features allow users to selectively bind folders to sync
them automatically with the cloud storage service data store. It might also index
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Figure 2.3: The figure displays a comparison of the current cloud storage services pricing
for additional storage.

locally the remote cloud storage container, allowing the client to download files,
or share them generating a direct access link. In addition to the basic features,
desktop client can implement, file compression, file encryption, file deduplica-
tion, file versioning and it may also notify remote file updates or simultaneous
file edit conflicts.

• Back-end: Storage Back-end and Data Synchronization Service. Desktop client
interacts with the synchronization server to submit the events that take place
in the synchronization folders. This events use to be communicated through a
middleware that handles the events and stores the client current state as meta-
data. The meta-data generated are processed by the synchronization service and
converted into operations at the data store back-end as file system operations.

On the one hand, the main role of the synchronization server is to provide the
distributed file synchronization. It forwards the notification events through other
clients that share the file and secures the consistency of the shared data within a
container.

On the other hand, the task of data store back-end is to store the content of the
Desktop client, this service infrastructure might be outsourced using public stor-
age (public cloud), it might be hosted within local facilities (private) or using
both approaches (hybrid cloud).

2.3 Personal Cloud Data Management

Data management techniques attend to improve the performance or efficiency of Per-
sonal Cloud services. Fig. 2.6 illustrates the currently trending data management
techniques implemented in desktop clients of several providers.
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Figure 2.4: The figure displays the Dropbox deployment at 2008 which was able to handle
up to 50 million users, the three tier Personal Cloud architecture: Cloud Storage, Desktop
Client and API server with Metadata store.

Figure 2.5: In the left figure shows the front-end Desktop Client notification icon and
back-end components of StackSync.

• Chunking: Split large files into fixed size data units, where the unit refers to the
unit of deduplication, delta encoding and compression. This feature simplifies
fault recovery, which allows partial transmissions of missing or corrupted chunk
but each chunk submission is delimited by a pause, introducing delay to the
delivery.

• Bundling: Send multiple small files as one chunk, this might improve the through-
put, needing less connections and sending more compact data packets.

• Client side deduplication: This feature avoid the client sending chunks that are
already stored on servers, this feature spare the client to upload once same files
located at different folders.

• Delta encoding: When a files is modified the client will send only the diff of old
and new chunks, this feature might spare network traffic uploading only the
modified chunks instead of the whole file.

• Data compression: The client compress the file per chunk before sending them to
the server, this process might reduce the file size to be uploaded, thus reducing
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Figure 2.6: The table shows the supported features of current most trending public per-
sonal clouds services.

the synchronization time and network traffic, but it imply processing to com-
press as drawback, which may drain the battery live if it is a portable device.

2.4 Personal Cloud Storage Developer API

The personal cloud storage APIs(Application programming interfaces) provide access
to the personal storage content, some common feature is providing a RESTful Web
service API, which enable service customers to create applications to collect or serve
their personal cloud data.

During our experiments we use these APIs at the workload generator for pushing
files to the personal cloud container to simulate Download behaviors of the desktop
client under experiment.

2.5 Related Work

Benchmarking tools. The performance evaluation of cloud and storage systems has
been an active research topic in the last years [19, 20]. An excellent survey of Traegger
et al. [9] provides a comprehensive taxonomy of a decade in benchmarking literature
(see references thereof).

Roughly speaking, we can distinguish between non-informed and informed bench-
marking tools; non-informed benchmarking tools provide practitioners with means to
perform what-if tests based on “turning knobs” [15, 21, 22, 23, 24, 25, 26, 27, 28]. In
other words, these tools facilitate to synthetically generate workloads guided by de-
finable parameters (i.e., operations/second, file size) for exploring the system perfor-
mance under controlled conditions. Non-informed benchmarks represent a necessary
first step to evaluate a system, but they are not devised to reproduce realistic workload
conditions.

To overcome this limitation, informed benchmarking tools guide their workload
generation based on trace replays or models (e.g., Markov chains) that approximate
workloads found in production environments [16, 29, 30]. Seminal works in the field
identified structural aspects of workloads to enable their synthetic generation, such
as self-similarity and burstiness [31, 32, 33]. Recent efforts advocate to build a con-
trol loop to automatically infer workload models for their subsequent execution [34].
Clearly, informed benchmark models represent a significant advance towards better
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understanding the performance of a system in the wild. In fact, BenchBox enables
practitioners to easily deploy new workload models that reproduce the behavior of users.

However, to our knowledge, most informed benchmarks are exclusively server-
side oriented; that is, a set of generation instances generate a synthetic workload that
matches a real one in aggregated terms. Despite this model is suitable to many thin
client services (e.g., Web servers, K/V stores), the fat client architecture of Personal
Clouds calls for enacting clients as the subject of the benchmark [35]. Otherwise, the
system’s evaluation would be partial and incomplete [36].

Closer to this work, there are only few efforts in the literature that targeted the
evaluation of Personal Clouds. On the one hand, Bocchi et al. [6, 8] and Li et al. [7]
presented deep analyses of various desktop clients based on synthetic non-informed
benchmarks. Similarly to BenchBox, these works measured performance metrics and
traffic overheads at desktop clients; in fact, BenchBox extends these efforts by also
monitoring resources at client machines (CPU, RAM, etc.). However, a key difference
between these works and the present one lies on the evaluation methodology; [6, 7, 8]
resorted to artificial workload patterns to infer the behavior of desktop clients, but
providing no answers on their performance under user-driven activity.

On the other hand, the only informed Personal Cloud benchmarking tool is that of
Gonçalvez et al. [17]. Authors propose CloudGen, a server-oriented benchmark that
generates Dropbox-like workloads based on hierarchical model. Hence, despite fitting
the aggregated workload of Dropbox users, authors in [17] do not involve desktop
clients in their benchmarks, making it impossible to assess client-side data manage-
ment optimizations. Conversely to CloudGen, BenchBox enables to orchestrate and
monitor a set of desktop clients driven by different behaviors (i.e., stereotypes), paying
special attention to the fidelity of contents generated during the evaluation process
(data compression, deduplication, folder structure, etc.) [37, 38].

Personal Cloud measurements. BenchBox is designed to facilitate practitioners
measuring the performance of Personal Cloud desktop clients under user-driven ac-
tivity. In this sense, several efforts have been devoted to analyze these system, which
can be divided into active and passive measurements. In general, active measurements
try to infer the interactions of desktop clients and the server as well as the different
data management techniques embedded on them [4, 6, 7, 8] —despite some works also
actively evaluate server side components [39]. The first work in this sense is [40], in
which authors evaluated simple transfer desktop client backup/restore times in sev-
eral vendors depending on types of backup contents. More extensive efforts [4, 6, 7, 8]
revealed that Personal Cloud desktop clients currently integrate combinations of tech-
niques like compression, deduplication or file bundling, to name a few. Thus, de-
pending on the workload intensity, file contents and even the size of sharing groups,
desktop clients exhibit different performance trade-offs, which can impact on the user
quality of experience (QoE) [41]. Therefore, our work aims at complementing existing
efforts with a flexible way of reproducing the behavior of users at desktop clients.

Regarding passive measurements, Drago et al. [1] presented an external measure-
ment of Dropbox in both a university campus and residential networks. They ana-
lyzed and characterized the traffic generated by users, as well as the workflow and
architecture of the service. [42] extended that measurement by modeling the behav-
ior of Dropbox users. Similarly, Mager et al. [43] uncovered the architecture and
data management of Wuala, a peer-assisted Personal Cloud. More recently, a back-
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end measurement of UbuntuOne was presented in [2], unveiling relevant aspects of
the service that are impractical to measure from outside (e.g., global population dy-
namics, attacks). In our view, these works provide capital insights about how users
behave in a Personal Cloud. We aim at exploiting such information to extract different
user stereotypes, which can then be plugged-in and reproduced by our benchmarking
tool.

User behavior & workload modeling. In contrast to benchmarks that reproduce
system-wide models, few prior works focused on generating workloads at the user
granularity [22, 29, 44]. In this regard, most of these works target to generate realistic
HTTP traffic for Web applications. For instance, authors in [29] presented SURGE, a
synthetic workload generator for testing request-based systems. They are the first to
present the notion of user equivalent, which is defined as a single process in an endless
loop that alternates between making requests for Web files, and lying idle. Authors
in [22] extend the notion of user equivalent by taking care of dependencies among
user operations, which is achieved by replaying user sessions with similar sequences
of operations. Similarly, Walty [44] is a benchmarking tool that resorts to user-level
workload modeling and aggregates similar users into profiles to generate Web traffic.

Conceptually, the notion of user equivalents or profiles resemble the idea of stereo-
types, as they aim at grouping user behaviors together under some criterion of sim-
ilarity [45]. However, we find key differences with prior works: i) User stereotypes
instances are executed individually per client machine to analyze the performance of
desktop clients, instead of being a executed as a collection of processes loading the
server. ii) User stereotypes do not only reproduce the types of user activity, but also
the contents related to user types. iii) Finally, our methodology enables stereotypes to be
expressed as a recipe, enabling researchers to share only the behavior of users, instead
of large and potentially private traces.



12 2. BACKGROUND AND RELATED WORK



3
BenchBox: Personal Cloud Benchmarking
via User Stereotypes

3.1 User Stereotype Benchmarking

In sociology, a stereotype is defined as a “set of simplistic generalizations about a
group that allows others to categorize them and treat them accordingly” [46]. Simi-
larly, in terms of storage, this work we focuses on identifying stereotypes that describe
the behavior of users that share common workload characteristics in a Personal Cloud.
As we show later on, this approach enables practical and realistic workload genera-
tion, as well as flexibility to evaluate the system under different user populations.

3.1.1 Goals

As occurs in other fields [35], today’s Personal Cloud benchmarks advocate either to
exercise desktop clients in a simplistic manner [6, 7, 8] or to generate aggregated syn-
thetic workloads for the server-side [17]. The unintended consequence of this situation
is that it leaves an important gap: Practitioners lack from a methodology for identify-
ing, reproducing and sharing user behavior at fine grain to evaluate its repercussions on
desktop clients. We interpret the term “repercussions” in a broad sense, ranging from
performance effects to the perceived user QoE.

A benchmarking tool implementing such methodology may benefit practitioners
and researchers in several ways. For instance, it would represent a client-centric ap-
proach for exercising and monitoring desktop clients under user-driven workloads. Sec-
ond, it can be seen as a general way to model and share user behavior; that is, researchers
can design new workload generators that take as input concise recipes of user stereotype
behavior, thus avoiding to share large and potentially private traces. Even more, con-
sidering on premise Personal Cloud installations, administrators may also evaluate
the overhead that certain types of users incur in the server side, which may lead to the
enforcement of specific storage policies or even help in capacity provisioning.

3.1.2 Benchmarking Methodology

Next, we describe our benchmarking methodology based on user stereotypes. It con-
sists of the following stages:

Stereotype identification: The first stage in our methodology is to groups users into a
stereotype according to some criterion, such as the similarity of their activity or data
sharing relationships. Naturally, the grouping criterion may depend on the practitioner,
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the technique used to cluster users, or even on the evaluation’s goals. Ideally, stereo-
types should have clearly differentiated behaviors in terms of storage to evaluate desk-
top clients under disparate situations.

Sharable workload model: Once groups of users are classified, the next decision to take
is selecting the aspects of their behavior that matter for an evaluation. Naturally, there is
not a universal model; for instance, one practitioner might be interested on modeling
in high precision the inter-operation times of users and the types of files being man-
aged, whereas another may aim at capturing their connectivity patterns (e.g., non-
stationarity). Overall, the behavioral aspects extracted of each user stereotype should
be described in a recipe; it is a quantitative representation of the aspects of user behav-
ior to be reproduced (e.g., fittings, activity rates).

Stereotype workload generation: At each desktop client, workload generation processes
take as input stereotype recipes to execute an evaluation. The objective is to build
a generation process able to behave similarly to the stereotype built from real users.
Thus, the decision of “what” dimensions to model is inherently related with “how”
they are modeled, despite multiple implementations are possible. In our scenario,
we also differentiate two layers involved in workload generation: i) the activity layer,
which dictates the operations to be executed and when these events occur, and ii) the
data layer that mimics the management of user files and the structure of synchronized
folders.

Client-centric performance evaluation: The last step of our methodology is to execute one
or many workload generation processes, one per each desktop client. This stage also
embraces the monitoring of metrics at the client side, such as resource consumption,
performance of storage operation or even traffic overheads. To this end, a benchmarking
tool should provide practitioners with means of orchestrating workload generators to
be executed on desktop clients, managing stereotypes recipes to feed generators and
performing extensive client-side measurements.

Next, we proceed to instantiate this methodology.

3.2 Towards Personal Cloud Stereotypes

Perhaps, the first question to formulate in our methodology is how to define user
stereotypes within a system. As happens with user identification in other domains [45,
47], it is hard to have absolute definitions of user types.

To inform this argument, we analyzed the behavior of users in U1. Specifically, in
Fig. 3.1 we resorted to two different clustering algorithms —K-means (distance-based)
and DBScan (density-based)— in order to automatically classify users into stereotypes.
To this end, we picked two aspects of user behavior that impact on desktop clients: up-
load and download traffic. Fig. 3.1 confirms our intuition: There is not a universal way
of classifying users. That is, K-means groups users depending on the types of operations
(more upload or download oriented), whereas DBScan forms clusters depending on
the intensity of user activity (data transferred). Naturally, other algorithms may ex-
hibit different results, specially if we consider more dimensions to cluster users.

Overall, despite these algorithms may not provide universal classification rules,
they can tell how to group users based on specific aspects of their behavior. To wit,
Fig. 3.1 yields that we can create meaningful user groups based on the type of traffic
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Figure 3.1: Clustering U1 users with DBScan (density-based) and k-means (distance-
based). DBScan groups users depending on their workload intensity, whereas K-means
clusters users based on their workload type.

and the intensity of user activity. Thus, we only need to define quantitative criteria to
generate these groups. Regarding the former aspect, we classified U1 users into the
following stereotypes:

Back-up users: Fig. 3.1 shows that there are users that exhibit a much higher volume
of upload traffic compared to download traffic (i.e., backup activity). Our criterion
to classify a user as a backup user is that he/she exhibits more than two orders of
magnitude of difference between upload and download operations.

Sync users: We detected that there are users exhibiting backup activity that is mainly
due to file updates. As updating file involves complex synchronization activity of in-
terest for a performance evaluation, we aim at classifying such users within a separate
stereotype. Thus, we defined that a use exhibiting a number of file updates more than
twice the number of unique files is a sync user.

Content distribution users: Due to desktop client syncing or sharing activity, there
are users that exhibit high amounts of download traffic. In particular, we classify a
user whose download operations are two orders of magnitude higher than his upload
operations as content distribution.

As pointed out by Fig. 3.1, we observed that the activity of users in a Personal
Cloud is highly skewed, showing a form of Pareto principle [2] (i.e., 80/20 law). That
is, there is an small amount of users exhibiting high activity, whereas the activity of
most users is modest. We detected that this phenomenon is orthogonal to any user
type. Thus, we augmented our stereotypes with heavy or occasional sub-classes;
heavy stands for the 20% of most active users in a sterotype, whereas the remaining
80% are occasional.

Moreover, the concept of user stereotype may not only refer to individual user
characteristics, but also to ones related to group dynamics. This is the case of classify-
ing sharing groups in a Personal Cloud. That is, considering a data sharing interaction
between two users as a link, we recently found that users are organized into sharing
groups exhibiting different topologies and degrees of connectivity [48]. To capture this
phenomenon in our evaluation, we propose to form groups in which users are highly
interconnected (clustered) and groups in which a single hub user capitalizes most of
the sharing links (non-clustered).

Although our methodology is open to more complex user classification, our ob-
jective is to show how the proposed stereotypes impact on the operation of desktop
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Figure 3.2: Activity states of a user in U1.

clients. To this end, we show next our workload generation model that translates users
stereotypes into storage activity.

3.3 Activity Layer: Modeling Active Users

In this section, we present a generative workload model to evaluate the impact of
user behavior on Personal Cloud desktop clients. As defined in our methodology, the
workload model takes as input user stereotype recipes in order to emulate different
types of user behavior.

Our workload model captures several aspects of user behavior that we deemed
most relevant for the performance of desktop clients: type and intensity of user oper-
ations. This demonstrates how our benchmarking tool allows researchers to design
and deploy new workload models.

3.3.1 Workload Model State Definition

To model the activity of users, it is first required to define the states that we aim at
emulating from users [42]. In this sense, Fig. 3.2 illustrates how a user may interact
with the system in U1. Particularly, we distinguish 3 states: i) Active (a user is online
and executes storage operations against the system), ii) Idle (a user is online but he/she
does not exhibit storage activity), and iii) Offline (a user is disconnected).

In this work, we are interested on modeling the behavior of a user when she/he
is online to execute short/medium term experiments. For this reason, we focus on
modeling Idle and Active states, thus discarding offline sessions1. As we show later
on, a model considering Idle/Active states can satisfy the requirements imposed by our
stereotypes: First, it enables to generate different types of storage operations while in
Active state to emulate distinct types of stereotype activity (e.g., backup, sync); and
second, it allows to capture the activity rate of users (heavy, occasional).

As visible in Fig. 3.2, in Active state a Personal Cloud user may perform several
operations on his desktop client. Thus, similarly to the interactions with a file system,
we consider the following operations in our model: Upload, Download, Remove, Move
and Sync (i.e., update). The execution of such operations on files/directories within

1For long term evaluations, our model can be extended by considering disconnection periods, but
this goes beyond the scope of this work.
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Figure 3.3: Markov model for handling user operations. State transitions are denoted
tuples formed by the first letters of the source and destination states. To wit, (S,M) denotes
a Sync→Move transition and P(S,M) is the transition’s probability. These probabilities
build the transition matrix.

a sync folder trigger management tasks at the desktop client. Thus, we need a work-
load generator process to model these storage operations as well as for transitioning
between Idle/Active states within the context of a desktop client.

3.3.2 Semi-Markov Process for Modeling User Activity

We resort to a Semi-Markov Process (SMP) to guide the execution of a workload gen-
erator [49] (see Fig. 3.3). Formally, let us define S = {si} as a discrete state space in
which a user may transition. Let us also consider a vector p = [pi : i, i ∈ S] that defines
an initial distribution of the Markov renewal process. Given that, we define a renewal
matrix Q(t) =

[
Qij(t) : i, j ∈ S

]
that describes the probabilities of transitioning from a

state i to a state j at time t ∈ R+. Therefore, for each state i ∈ S, limt→∞ ∑j∈S Qij(t) = 1.
From definition of the renewal matrix it follows that:

P(t) =
[
pij : i, j ∈ S

]
pij = lim

t→∞
Qij(t)

is a stochastic matrix. It means that for each pair (i, j) ∈ S× S, where pij > 0 and for
each i ∈ S, ∑j∈S pij = 1. Besides, in a SMP we define a function:

F(t) =
Qij(t)

pij
i, j ∈ S, t ≥ 0

as a CDF of some random variable, which is denoted by Tij and it is called a transition
or sojourn time [49] in state i, if the next state will be j. Therefore, a triple (p, Q(t), F(t))
determines the homogeneous SMP with the state space S.

In practice, modeling user behavior as a SMP involves three tasks: i) to estimate
initial state probabilities (p), ii) to estimate the probabilities of transitioning among
states (Q(t)), and iii) the time spent on each state prior the transition (F(t)) (see Section
3.3.3). These sources of information are expressed in a compact way in our stereotype
recipes.
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Figure 3.4: Simulation results of our workload model against a U1 trace replay of 1K users
per stereotype during 2 weeks.

Regarding the first two aspects, Fig. 3.3 provides a representation of the possi-
ble states and transitions that we define in our SMP. That is, while the user is active,
she/he may perform any of the proposed storage operations (e.g., store, sync). More-
over, our model also considers to transition between Idle and Active states. Thus, we
first estimate p by computing the probabilities of a U1 user to start at a certain state i in
our traces. Similarly, for building Q(t) in our recipes, we estimate a user’s transition
probabilities from state i to state j as the observed number of i→ j transitions divided
by the total number of visits to state j.

Next, we aim at validating that our model emulates the fraction of storage oper-
ations exhibited by different stereotypes. To this end, Fig. 3.4 shows the fraction of
storage operations of 1K users per stereotype selected in U1 for 2 weeks. Fig. 3.4 also
illustrates average results of 50 simulations consisting of 100 simulated users running
our model for the same period of time. The model was fed with the estimated SMP
depending on the target stereotype. Appreciably, our simulation results accurately
fit the storage activity of real users; this yields that our model emulates the popular-
ity of operations across stereotypes. In particular, for popular stereotype operations,
our simulations do not exhibit a deviation higher than ±5.8%, which is suitable for
benchmarking purposes. We also observed that for unpopular operations, such devi-
ation becomes higher. For instance, for Backup-Heavy and Backup-Occasional users,
Download operations represent 0.02% and 0.24% of the total amount of operations. In
this case, our simulations exhibit an error of 23.08% and 11.75%, respectively.

3.3.3 Distributions of Transition Times

In our SMP workload model, apart from deciding “which” will be the next operation
to execute, we should also decide “when” such operation will be executed. Naturally,
this aspect inherently dictates the intensity of user activity.

In our workload model, we emulate inter-operation or transition times by esti-
mating F(t). Given a set of U1 users of a certain stereotype, we capture all the times
related to a certain state transition (e.g., from state Upload to state Download). Then,
we compare the empirical transition time distribution against a battery of well-known
distributions with maximum likelihood estimated parameters [17, 42]. In our stereo-
type recipes, each transition is associated with the best fitting distribution tested.

To validate the actual accuracy of this approximation, we compare results from
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Figure 3.5: Empirical versus simulated transition times.

our selected U1 users with simulated users running our workload model. Concretely,
Fig. 3.5 (left) shows the times between consecutive uploads and file update opera-
tions for Backup-Heavy and Sync-Heavy users, respectively. In this case, these tran-
sitions are the most frequent ones regarding these stereotypes. First, we observe that
inter-operation times in our simulations closely fit empirical distributions. This oc-
curs even for disparate inter-operation distributions. That is, times between uploads
for Backup-Heavy users are much shorter than times between Sync operations. This
may be due to the fact that consecutive uploads may be automatically triggered by
storing entire directories, whereas file updates are mostly human interactions with
files [2]. These observations are consistent with Fig. 3.5 (right), where our simula-
tions present a similar shape compared to less popular empirical state transitions of
Backup-Occasional and Content Distribution-Occasional users.

3.4 Data Layer: Mimicking Sync Folders

The second building block of our modeling framework focuses on generating realistic
file contents for users. At the data layer, our model targets the following aspects: i)
Directory structure of sync folders, ii) generation of realistic files in terms of size and
contents, and iii) mimic file edition.

3.4.1 Sync Folder Structure

To evaluate Personal Cloud desktop clients under realistic conditions it is important
to model how the structure of sync folders. That is, desktop clients normally run watcher
processes that monitor one (or multiple) sync folders to detect changes between their lo-
cal and remote states, which may trigger synchronization. Thus, mimicking the struc-
ture of a sync folder can be relevant, as it may influence the performance of watcher
processes (e.g., file search, indexing [14]) and the metadata management on the server
side.

We found significant differences among user stereotypes in terms of the struc-
ture of sync folders. To inform this argument, we analyzed the number of directo-
ries to which 1K U1 users of each stereotype worked with for 2 weeks. That is, we
found that Backup-Heavy users are related in average with 280 directories, whereas
for Backup-Occasional users this value is 46 (for Content Distribution and Sync
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Figure 3.6: Fraction of files of each category per user stereotype.

heavy/occasional users these numbers are 125/8 and 17/9, respectively). Despite this
observation does not provide the exact number of directories per sync folder, it offers
a worst-case value to generate a realistic sync folder structure. In our recipes, we use
these values as an upper limit to initialize the number of directories in a sync folder.

Given the number of directories per sync folder, we then generate an initial snap-
shot of a sync folder’s structure that emulates important aspects observed in users’
file systems, such as the directory size (subdirs) or the directory tree depth. To this
end, we resort to an existing approximation proposed by Agrawal et al. [14] to gener-
ate an initial directory tree “snapshot”. This snapshot provides the sync folder with
a realistic structure that will be mutated at each directory-level operation during the
experiment execution.

3.4.2 File Generation

Upon a file operation desktop clients apply data reduction techniques, such as com-
pression or deduplication, to optimize their operation [7]. Clearly, file sizes and con-
tents (e.g., text, random data) greatly influence the performance of data reduction tech-
niques [38].

To address the generation of files, we propose classification of files based on the dif-
ferent file categories found in a Personal Cloud. A category encompasses types of files
(extensions) that share similar contents and/or usage patterns. We propose the follow-
ing categories [2]: Pictures (e.g., .jpg, .png), Audio/Video (e.g., .mp3, .avi), Docs (e.g.,
.doc, .pdf), Code (e.g., .py, .c), Compressed (e.g., .zip, .gz) and Application/Binary

(e.g., .exe, .jar).
Once defined the desired file categories, our model enables to specify for each

stereotype recipe the fraction of files of each category, since they may differ among
stereotypes. To inform this argument, in Fig. 3.6 we show the fraction of files per
category and user stereotype. As a common characteristic, considering Heavy stereo-
types, Code files are quite popular among all user types. However, we found that
Application/Binary files are common for Sync users, but it is not the case for Backup
and Content Distribution users. Also, we observed significant differences among
Heavy and Occasional users within the same stereotype. That is, Content Distribution-Heavy

users manage 42.8% of Code files whereas for Content Distribution-Occasional

users this value is 15.2%; Content Distribution users show the opposite behavior
for Docs.
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Figure 3.7: Number of edits per file category (left) and relative size of updates (right) per
file category.

In our model, each file category is described by the distribution of file sizes1 —that
we use to create files of appropriate sizes— and a content characterization —that helps
us to fill synthetic files with realistic contents. Regarding the latter aspect, we generate
realistic file contents in terms of compression and deduplication. First, we resort to our
previous work [38] to scan standard datasets that represent the contents of the defined
file categories to obtain a dataset characterization file. Such dataset characterization
enables us generating similar synthetic content in terms of compression times and
ratios. Moreover, we extend this effort by also considering deduplication at the file
level. That is, stereotype recipes incorporate a deduplication ratio parameter to allow
the workload generator deciding whether to generate a file with existing contents or
not. In the case of U1 users, file-level deduplication has been estimated to be 17% [2].

3.4.3 Mimicking File Edition

File edition is one of the most important types of user actions in a Personal Cloud. To
provide a practical model of file updates, we augmented the concept of file category
with: edition probability, edit size and types of edits. First, as one can infer from Fig.
3.7, not all types of files have the same chances of being updated; for instance, in relative
terms document files account for 55.7% of file updates, whereas for Audio/Video, Pics
and Compressed files together this value is only 1.9%. This behavior is orthogonal to
user stereotypes. Hence, upon a file edition operation, our workload generator picks
an existing file belonging to a given file category; the file category is chosen in a fitness-
proportionate manner based on its edition probability.

Another important aspect of a file update is the size of the updated content. In this
sense, Fig. 3.7 shows the relative size of updates for each file category. In particular,
the relative update size is calculated as the ratio between the updated and original
file sizes; a value < 1 means that the update subtracted content to the original file
and the opposite represents addition of new content. As visible in Fig. 3.7, the sizes
of updates are related to the type of activity executed on them; for instance, Code and
Compressed files are recipient of small updates, whereas Pics and Docs tend to exhibit

1Via a negative log-likelihood test we found that the generalized Pareto distribution provides the
best fits with the following estimated parameters: Application/Binary (k = 2.1164, σ = 4.0991e+003),
Audio/Video (k = 2.4727, σ = 1.7194e+004), Code (k = 0.8845, σ = 2.9578e+003), Compressed

(k = 1.0657, σ = 5.1760e+003), Docs (k = 2.0787, σ = 1.5624e+003) and Pictures (k = 2.1686,
σ = 2.6006e+003). In all cases θ = −2.2204e−015.
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Figure 3.8: Architecture of BenchBox.

subtractions/additions of larger amounts of data. To reproduce the size of updates per
file category, we fitted the distributions in Fig. 3.7 against a battery of distributions1.

Finally, it is important to note that there are different types of file edits. According
to the model Tarasov et al. [37], files can be updated at the begging (prepend), at the end
(append) or anywhere in the middle. Naturally, these types of updates are performed
by users with different probabilities. To this end, we incorporate in our model the
probabilities file update types presented at [37].

3.5 BenchBox Design

BenchBox is a distributed performance evaluation tool tailored to exercise Personal
Cloud desktop clients. BenchBox pays special attention to characterize and reproduce
the behavior of users for generating client-centric workloads. Next, we show the ar-
chitecture and operation of BenchBox.

3.5.1 Architecture

As visible in Fig. 3.8, the architecture of BenchBox has three differentiated compo-
nents: manager, workload generators and sandboxes. First, the entity that coordinates the
benchmarking process is the manager node. It enables a practitioner to deploy an arbi-
trary number of BenchBox instances that will generate the workload itself, as well as
to monitor the activity of these instances in real-time. Moreover, the manager node
is able to configure BenchBox instances to emulate different types of user behavior,
providing controlled flexibility to the workload generation process.

BenchBox instances are normally formed by pairs of workload generators and sand-
boxes that run on individual virtual machines. Workload generators are processes that
integrate a user stereotype workload model; as the one we proposed in sections 3.3
and 3.4. These processes take as input an stereotype recipe file for generating storage
load driven by a particular user behavior. By storage load, we refer to the synthetic
files and folders created, as well as the operations performed on them. Workload gen-

1Via a negative log-likelihood test we found that the t-location scale distribution provides the best
fits with the following estimated parameters: Application/Binary (µ = 1.0029, σ = 0.0085, ν = 0.2593),
Audio/Video (µ = 1.0023, σ = 7.7649e−004, ν = 0.2737), Code (µ = 1.0007, σ = 0.0026, ν = 0.4424),
Compressed (µ = 1.0001, σ = 7.6166e−004, ν = 0.1575), Docs (µ = 1.0006, σ = 0.0011, ν = 0.5574) and
Pictures (µ = 0.9999, σ = 0.0116, ν = 0.3808).
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erators translate the workload into FTP commands that are sent via a virtual interface
to the sandbox virtual machine.

On the other hand, sandboxes are intended to run Personal Cloud desktop clients
in an isolated environment for the sake of monitoring accuracy. That is, a set of monitor-
ing tools capture the activity of a Personal Cloud desktop client (CPU, disk, memory
and network), in order to track its behavior and detect potential inefficiencies. Sim-
ilarly to [6], all the network activity that desktop clients produce is monitorized in a
primary virtual network interface, whereas a secondary one is used for sending stor-
age commands from the workload generator.

Finally, the sandbox also resorts to the secondary virtual network interface to send
monitoring information. In particular, the sandbox sends both real-time monitoring
information to the manager node, as well as the experiment logs of each BenchBox

instance to a data analytics repository for future analysis.

3.5.2 Deployment Lifecycle

Deploying a performance analysis with BenchBox consists of the following phases:
Configuration, deployment, warm-up, execution, data collection, and tear-down.

In the configuration phase, a practitioner defines at the manager node essential pa-
rameters of the experiment, such as the number of BenchBox instances to be deployed,
the stereotype that each instance belongs to, or the experiment length, to name a few.
Once these parameters have been set, the deployment phase distributes BenchBox in-
stances across the available machines to execute the experiment.

Once the virtual machines are deployed, BenchBox permits to execute a warm-up
phase. The objective during this period is to generate a certain amount of storage
load to exercise the Personal Cloud prior the actual workload generation (execution
phase). For instance, during the warm-up phase BenchBox currently creates the direc-
tory structure of nodes, to further populate it with realistic contents.

During the execution phase, BenchBox instances generate the storage workload
and monitor sandbox resources consumed by desktop clients. When the execution
phase ends, the manager node orchestrates the BenchBox instances to store the col-
lected logs into a data analytics repository, namely, data collection phase. Once the
data collection phase ends, the manager node starts the tear-down phase that grace-
fully terminates the execution of BenchBox instances.

3.5.3 Extending BenchBox: Models & Recipes

User stereotype recipes are files that capture the necessary parameters of user behavior
to feed a workload generator process. Therefore, if a designer aims at introducing a
new user model in BenchBox, he or she should also consider the necessary metrics to
be calculated of the different groups of users. Naturally, there is an interesting trade-
off between the recipe complexity and the generation model’s accuracy.

Apart from its flexibility, a remarkable advantage of generating user stereotypes
recipes from a system’s workload is that back-end traces remain private. That is, in
BenchBox what practitioners share are the recipes that capture the behavior of users
and the workload generation model, not the traces themselves [38]. Moreover, stereo-
type recipes may be very compact and easy to share; for instance, none of the recipes
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built from our stereotypes exceeds 7KB in size. This new form of user behavior shar-
ing may encourage today’s Personal Clouds to contribute user stereotype recipes from
private traces for research purposes.



4
Evaluating Personal Clouds with BenchBox

In this Chapter, we aim at launching an extensive battery of experiments with BenchBox

to evaluate Personal Cloud services. To this end, we exercise Personal Cloud desktop
clients with user-driven workloads guided by the user stereotype recipes obtained
from the UbuntuOne trace (see Appendix B).

4.1 Setup

Prototype. The source code of BenchBox consists of 7K LoC for the workload model
(Python) and over 3K LoC for the management dashboard (HTML, JavaScript). To au-
tomate the deployment of BenchBox instances on nodes with the required software li-
braries, we resort to vagrant1/puppet2. BenchBox sandbox instances send monitoring
information to InfluxDB3 via RabbitMQ for further analysis and for real-time moni-
toring inspection (Grafana4). The source code of BenchBox is publicly available5. For
more information, please refer to Appendix A.

Scenario. We execute BenchBox against public Personal Clouds as they are are
the most popular personal storage services among users. In particular, in our experi-
ments we make use of Dropbox (client version 8.4.20) and Google Drive (client version
1.31.2873.2758).

Figure 4.1: Experiment rounds sample

To exercise these clients, we executed several BenchBox instances that generate
the desired workload within the Personal Cloud sync folder. Each experiment lasts
around 4 hours and consists of 6 machines. As visible in Fig. 4.1, each BenchBox

1https://www.vagrantup.com/
2https://puppet.com/
3https://influxdata.com/
4http://grafana.org/
5https://github.com/cloudspaces/benchbox

https://www.vagrantup.com/
https://puppet.com/
https://influxdata.com/
http://grafana.org/
https://github.com/cloudspaces/benchbox
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Figure 4.2: Average upload/download traffic per machine depending on the stereo-
type/provider.

instance executed in a machine is initialized with a unique random seed within the
group to introduce some behavior variance at each stereotype workload. However,
seeds are consistent across groups of desktop clients for different experiments, thus
ensuring that we exercise different Personal Clouds with the same workloads.

In particular, to emulate a file download from a client viewpoint, we resorted to the
REST APIs provided by these services to enable simplified data management in user
accounts [39] (PUT/GET). That is, in the event of a client download, the BenchBox

workload generator uploads a file via the REST API to the Personal Cloud account
under test, which makes the desktop client to trigger a file download. However, due
the important limitations of Google Drive REST API, we could not generate down-
load oriented workloads in this provider (Download Heavy and Download Occasional
stereotypes). Such limitation may be due to prevent service abuses, such the storage
leeching problem [50].

In our evaluation, we aim at understanding the impact of different types of user
behavior on desktop clients. Therefore, we account for metrics that are heavily in-
fluenced by such behavior (e.g., CPU, network traffic, hard disk, memory). Most of
these metrics have not been reported before, so our evaluation complements existing
measurements of Personal Cloud desktop clients [6, 7].

Regarding sharing groups, we have reported that disparate sharing topologies ex-
ist within the same system, specially in terms of connectivity or clustering [48]. To ad-
dress this aspect, we built two sharing groups that present totally opposite topologies:
a Clustered group (all users are linked by a common shared folder) and a Non-clustered
group (all nodes share individual folders with a hub node).

Platform. We execute BenchBox and the Personal Cloud desktop clients in ma-
chines that incorporate an i5 processor, 4GB DDR2 of RAM and 500GB of hard-disk
storage running a Debian 3.2 distribution. The execution of desktop clients is per-
formed in VM with Windows 7 Enterprise (64 bits) as operating system (BenchBox
sandbox).

4.2 Impact of User Behavior on Provider Resources

In this section, we analyze the impact of user behavior on desktop clients for both
Dropbox and Google Drive Personal Clouds. In particular, we aim at understanding
how different types of user stereotypes are related to the consumption of valuable
cloud resources, such as in/out bandwidth and storage.

Fig. 4.2 depicts the average amount of in/out traffic per machine, depending on
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Figure 4.3: Relationship between storage and traffic consumption for individual stereo-
type users.

the provider and the stereotype under test. As expected, for both providers the stereo-
types that consume more upload traffic (bytes sent) are those more focused on storage,
such as Backup-* stereotype. Conversely, we observe that the desktop clients exercised
with a Download-* stereotype exhibited a much higher rate of incoming traffic (bytes
received).

Surprisingly, we also note that in both Dropbox and Google Drive the Sync-Heavy
stereotype exhibits the highest average outgoing traffic values per machine. In fact,
for Sync-Heavy users this value is x7.31 and x8.62 times higher than for Backup-Heavy
users in Dropbox and Google Drive, respectively. This suggests that file updates are
specially complex operations to handle by desktop clients, involving high amount of
metadata communication with the server (other systems have also reported efficiency
problems under file updates [2]).

If we compare both providers, we observe that in most cases Dropbox desktop
clients consume less traffic to handle the same workload that Google Drive ones. This
is specially evident for upload or outgoing traffic. This demonstrates that the num-
ber of data management techniques embedded into Dropbox clients [6, 7, 8] reports
significant traffic savings for Dropbox, for a wide range of user activity. Therefore,
Dropbox saves up costs in traffic by delegating optimization tasks to desktop clients.

Fig. 4.3 depicts the evolution of a random user’s files of each *-Heavy stereotype,
and the repercussions on network traffic. In this sense, we observe that the most stor-
age intensive users are Backup-Heavy and Download-Heavy; in particular, Fig. 4.3 shows
that at the end of the experiment users belonging to these stereotypes store more than
1K files. For both stereotypes, we observe a clear correlation between the increase
of the number of files and the spikes of network traffic. Naturally, in the case of the
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Figure 4.4: Aggregated upload/download bandwidth distribution of desktop clients de-
pending on the stereotype/Personal Cloud.

Backup-Heavy user outgoing traffic dominates as files are created by the user itself; on
the other hand, the Download-Heavy user exhibits higher spikes of incoming traffic as
files are downloaded from the cloud.

Conversely, Sync-Heavy users only generate a small set of files in both Dropbox and
Google Drive, indicating that this type of users are not intensive in the consumption
of storage capacity. Overall, in line with our previous observations, the network traffic
generated generated by these users is the highest. Moreover, the traffic generated by
these users is not correlated with a growth in the number of files; to wit, one can
observe important traffic spikes while the number of files remain constant. Clearly,
these spikes are due a high number of update operation on existing files.

In conclusion, we can state that the different stereotypes tested are more demand-
ing at different types of cloud resources; this yields that the data management tech-
niques that are effective for some users, may be of little help for other ones. Therefore,
these observations may motivate researchers and Personal Cloud providers to inves-
tigate intelligent and adaptive data reduction techniques in desktop clients based on
the type of activity of users.

Fig. 4.4 depicts upload/download bandwidth of Dropbox and Google Drive desk-
top clients for our user stereotypes. More precisely, Fig. 4.4 draws a Cumulative
Distribution Function (CDF) of all bandwidth values gathered at all desktop clients
per stereotype/provider case.

At first glance, we see that the highest bandwidth values belong to the most used
type of traffic (e.g., upload bandwidth for Backup users). This observation applies for
all stereotypes and Personal Cloud providers. In particular, Sync Heavy users are the
ones exhibiting highest bandwidth values, specially for upload traffic. Thus, transfer-
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Figure 4.5: CPU consumption CDF of Dropbox and Google Drive for Backup and Sync
users.

ring more data to the cloud —either upload or download— enables desktop clients to
achieve higher transfer speed (e.g., TCP connections can be better utilized). Such ob-
servation is in line with prior measurements of Personal Clouds that reported higher
transfer speed rates for larger files [39].

In this sense, we also observe that Google Drive tends to exhibit higher bandwidth
values than Dropbox. For instance, the 90 percentile of upload bandwidth for Backup
Heavy users is 28.21KBps and 66.90KBps for Dropbox and Google Drive, respectively.
For Sync Heavy users, the 90 percentile of download bandwidth is 240.87KBps and
333.04KBps for Dropbox and Google Drive. In our view, the fact that a relatively new
Personal Cloud player such as Google Drive is already delivering higher bandwidth
performance than Dropbox on free accounts gives a sense on the intense competition
among providers in this market.

4.3 Resource Usage of Desktop Clients on User’s Machines

In this battery of experiments, we are going to analyze a quite unexplored facet of
these services: The resources that desktop clients consume on user machines. In par-
ticular, we focus on the CPU, RAM and disk usage of Personal Cloud desktop clients
depending on the stereotype at hand. We believe that these metrics are particularly
important as they may impact on the quality of experience of users [41].

Fig. 4.5 shows the CDF of CPU consumption for users of various stereotypes in
Dropbox and Google Drive. Naturally, as appreciable in Fig. 4.5 *-Heavy users ex-
hibit a much higher CPU consumption that *-Occasional users in both providers. Such
consumption is particularly intense for Sync-Heavy users, which can reach a CPU uti-
lization of 70% for the 5% of the experiment time in the case of Dropbox. In our view,
this means that frequent file updates in desktop clients involve high CPU consump-
tion that may impact on the execution of other applications within a user’s machine.

If we compare Dropbox and Google Drive in Fig. 4.5, we observe different behav-
iors regarding the CPU consumption. On the one and, Google Drive desktop clients
tend to use the CPU a higher amount of time; that is, these clients use the CPU 45%
of the time under Backup-Heavy workloads, whereas for Dropbox ones this value is
only 14%. On the other hand, Dropbox exhibits a more aggressive CPU usage pat-
tern; for instance, the 99 percentile of CPU usage for Backup-Heavy workloads is 25.6%
and 19% for Dropbox and Google Drive, respectively. A similar situation occurs for
Backup-Occasional users.

This emphasizes our proposal of adapting data management techniques embed-
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Figure 4.6: RAM usage CDF of Dropbox and Google Drive desktop clients for all the
stereotypes.
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Figure 4.7: Time-series evolution of the size of sync folders exhibited by individual stereo-
type users in Dropbox and Google Drive.

ded into desktop clients to the type of user activity. By doing this, designers can reduce
unnecessary data processing, making desktop clients less resource consuming.

Fig. 4.6 depicts the distribution of RAM usage of desktop clients depending on
the user stereotype and the Personal Cloud selected. This figure is consistent with
our previous observations on CPU consumption; the intensity of user activity is an
important aspect to model in a workload, as *-Heavy users exhibit a much higher RAM
usage than *-Occasional users in both Personal Clouds. In general, we see that the RAM
usage distributions of *-Heavy and *-Occasional are similar for all stereotypes. Perhaps,
Download-Heavy users exhibit the highest amount of consumed RAM, which suggests
that Dropbox desktop clients make significant use of memory for reconstructing data
chunks of downloaded files.

Moreover, Fig. 4.6 also shows that Dropbox tends to consume a higher amount
of memory than Google Drive given the same stereotype. For instance, the median
RAM usage for Sync-Heavy in Dropbox is 143MB, whereas for Google Drive this value
is 102MB. This can indicate that the more complex data management implemented in
Dropbox (see Fig. 2.6) makes the desktop client highly resource consuming also in
terms of RAM.

The last metric that we analyze from a user’s machine viewpoint is the usage of
disk. That is, Fig. 4.7 shows the disk usage of individual users of each tested stereo-
types in Dropbox and Google Drive. Concretely, the disk usage metric depicts the size
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Figure 4.8: Upload/download bandwidth of individual users in Dropbox depending on
the data sharing topology.

on disk of contents written to the Personal Cloud sync folder (user content or desktop
client internal data). As expected, the usage patterns of Backup and Download users
present an increasing utilization of disk along the experiments. This is natural, as
both types of users tend to accumulate a large number of local files, either via upload
or download operations (see Fig. 4.3).

However, it is very interesting to observe that Sync users tend to exhibit the high-
est disk utilization in some parts of the experiment, despite the fact that these users
are not storage intensive. The explanation for the growth of the sync folder for Sync
may be due file caching on file updates; that is, we detected that Dropbox desktop
clients store recently modified or deleted files in a hidden folder within the sync folder
(//Dropbox//.dropbox.cache). This is probably done to exploit temporal locality of
file management and avoid extra communication with the server. As shown in Fig.
4.7, the consequence of this optimization is that under intensive file update workloads
the cache can grow dramatically.

4.4 The Role of Sharing Group Topologies

In this section, we aim at analyzing the resources consumed by groups of Dropbox
users sharing content. We are particularly interested in the role that the sharing topol-
ogy —i.e., how users are interconnected via sharing folders— impacts on the con-
sumption of cloud and local resources. To this end, we built two groups: A Non-
Clustered group, in which a single hub node has shared folder with N other nodes; and
a Clustered group, in which all the nodes in the group share a folder with the remaining
N − 1 ones. In fact, both types of topologies are common in real environments [48].
For this battery of experiments, we focused only on Backup-Heavy users.

Fig. 4.8 shows the distribution of bandwidth values for all nodes in both groups.
As can be observed, regular nodes in the Non-Clustered group present lower upload
and download bandwidth than the hub node. The reason for this is that the hub node
supports a workload much higher than the rest of nodes in this topology, as the rest of
nodes share data with it. This is specially evident for download bandwidth, as most
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Figure 4.9: CPU consumption CDF of Dropbox desktop clients for Backup-Heavy users
grouped in Non-clustered/Clustered topologies.
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Figure 4.10: RAM usage time series of Dropbox desktop clients for Backup-Heavy users
grouped in Non-clustered/Clustered topologies.

of the time the hub node should download data coming from the rest of nodes.
On the other hand, we can see that in the Clustered topology all the nodes exhibit

similar bandwidth numbers to the hub node in the Non-Clustered group. In this case,
all the nodes are supporting high load coming from the rest of participants, and they
are also sending content to the rest of participants. Moreover, this makes highly clus-
tered groups to be potentially much more bandwidth consuming from a provider’s
perspective than non-clustered ones. This may lead Personal Clouds to investigate
novel content distribution techniques based on the topology of sharing groups.

Fig. 4.9 demonstrates that our observations on cloud bandwidth consumption are
extensible to local machine resources. In this sense, the figure shows that for the Non-
Clustered groups most of the nodes exhibit low to moderate CPU usage; that is, these
desktop clients use the CPU between 10% to 20% of the time. However, we can ob-
serve that the desktop client at the hub node uses the CPU over 40% of the time. This
is mainly due to the constant activity of processing shared files from other users.

On the other hand, we observe that all the nodes in the Clustered topology exhibit
a CPU usage that is even higher than the hub node in the Non-Clustered one (desktop
clients use the CPU 50% of the time). This indicates that the desktop client should
work in parallel for both storing files to nodes and downloading them from different
users, which inherently requires higher compute resources.

In terms of memory, Fig. 4.10 shows a time-series view of the memory consump-
tion of desktop clients belonging to both network topologies. Similarly to what hap-
pens to the consumption of CPU, we observe that the hub node supports high memory
usage in the Non-Clustered sharing group. In some cases, the spikes of memory con-
sumption may reach more than 350MB, which is over 2.6 times more than the rest of
machines in the group. This can significantly impact user experience for hub nodes,
as the local machine has much less memory to accommodate other concurrent ap-
plications. Fig. 4.10 also shows a similar problem to the hub node exists across all
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Figure 4.11: Disk usage time-series Dropbox desktop clients for Backup-Heavy users
grouped in Non-clustered/Clustered topologies.

the nodes forming the Clustered topology, with some desktop clients consuming more
than 400MB of RAM.

Finally, in Fig. 4.11 we focus on analyzing the disk usage of desktop clients for
both topologies. Similarly to what we observed for CPU and RAM, we clearly see that
the sharing activity of group members against the hub node also impacts on the size
of its sync folder. That is, after 2.5 hours of experiment, the hub node recorded a sync
folder size of 3GB; conversely, none of the rest of desktop clients stored more than
0.5GB. This yields that a hub node establishing several data sharing link with storage
intensive users (e.g., Backup-Heavy) may rapidly limit its own local storage resources.
This observation applies in the case of users connected in a Clustered topologies; that
is, after 2.5 hours of experiments all the nodes exhibited a sync folder size > 3GB.

4.5 Discussion of Experimental Results

Next, we aim at summarizing in a comprehensive way the main observations and
conclusions that we draw from our experiments:

• The behavior of users matter to the consumed cloud resources: We observed
that the different stereotypes modeled impact on distinct types of cloud resources.
For instance, both Backup and Download are active consumers of cloud storage
space via upload and download traffic, respectively. On the other hand, we
pointed out that Sync users exhibit modest storage consumption, but they are
the type of users that consume most upload bandwidth.

Opportunity: Thanks to our benchmarking methodology, we can replay these
types of users, and other that can be modeled in the future. This can be used
by researchers and practitioners to design tailored data management techniques
that best fit to each type of user activity.

• Desktop clients consume significant local resources: We observed that Per-
sonal Cloud desktop clients consume significant resources of user machines dur-
ing their operation (i.e., CPU, disk, RAM). In this sense, a key aspect to take into
account is the intensity of a user’s activity (e.g., *-Heavy, *-Occasional); a higher
intensity yields more resources consumed on data management tasks. The type
of user activity is also relevant; to wit, in Dropbox Sync-Heavy consume the high-
est amount of CPU and disk resources, whereas Download-Heavy users tend to
consume more RAM. Clearly, the lack of efficiency in the operation of desktop
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clients may impact on the quality of experience of users, as less resources are left
for the execution of other applications.

Opportunity: BenchBox provides researchers and practitioners with golden op-
portunities of monitoring and analyzing the resources consumed by desktop
clients under different types of user-driven workloads. This may help to im-
prove the efficiency of Personal Cloud desktop clients.

• No single Personal Cloud winner: Comparing Dropbox and Google Drive we
found that there is no clear winner in terms of resource consumption depend-
ing on the type user activity. For instance, Dropbox generates less traffic among
desktop clients handling the same workload than Google Drive. However, Google
Drive utilizes less RAM and exhibits a less aggressive CPU usage than Dropbox.

Opportunity: BenchBox provides a solid ground to evaluate different Personal
Cloud provider under realistic and reproducible conditions.

• Data sharing topologies are important: Apart from the individual activity of a
user with his own desktop client, we observed that the global activity of users
within a sharing group is very important to understand the behavior of these
systems. On the one hand, we found that in Non-Clustered topologies the hub
node is highly overloaded compared to the rest of group members; on the other
hand, Clustered groups present a more homogeneous but very high resource uti-
lization. In our view, clustered sharing groups are specially important to han-
dle by Personal Cloud providers, as they may represent an important source of
wasted cloud and local resources.

Opportunity: BenchBox supports the execution of groups of users to analyze the
repercussions of their topology on the consumption of cloud and local resources.
This may be exploited by researchers to devise new data management tech-
niques that also consider groups of users, instead of only individual desktop
clients (e.g., peer-assisted content distribution [51]).



5
Conclusions and Future Work

In this work, we presented a novel client-centric benchmarking methodology based
on identifying and modeling groups of users with similar local storage behavior —
user stereotypes— for generating user-driven storage workloads. To this end, we first
identified archetypal user behaviors in real traces (UbuntuOne). Then, we designed
a practical workload model that reproduces both the activity and storage contents of
users in sync folders. We instantiated such methodology in a performance evaluation
tool (BenchBox) to exercise several Personal Clouds.

Our experiments showed that the different behaviors of users significantly impact
on the consumption of both provider and local machine resources. Furthermore, given
the different combinations data management techniques embedded at desktop clients,
we found that the efficiency of Personal Clouds varies depending on the type of user
activity supported. This proves that BenchBox can help researchers and practition-
ers to optimize Personal Clouds via realistic user-driven workloads. We foresee that
BenchBox can be used to evaluate many other fat client storage systems in which user
behavior plays a key role.

Future Research Lines

The ideas and contributions behind this thesis enable us to devise new research lines
that may follow the present work:

New applications of our benchmarking methodology: Despite being an attractive
use-case, we believe that the evaluation of fat client systems with user-driven work-
loads may go far beyond Personal Clouds. For instance, our methodology may be ap-
plied to content distribution services with syncing capabilities, such as BittorentSync1.
There also exist a myriad of contributory storage systems with fat client designs that
heavily depend on the behavior of users, such as friend-to-friend, peer-to-peer and
cooperative caching systems, among others [52, 53, 54]; these systems are a suitable
target for BenchBox in order to evaluate their operation under realistic user-driven
workloads. Similarly, Distributed Online Social Networks (DOSN)2 [55] and Social
Clouds [56] are built upon the storage resources of users, which are not only subject
to their individual behavior but also to their social relationships [57]. As we demon-
strated in this thesis, BenchBox allows to emulate workloads of user groups that are
connected via storage relationships. Our benchmarking methodology perfectly fits
this gap as it enables researchers to devise new workload models to reproduce the
stereotypes that best represent users in such disparate systems.

1https://getsync.com/
2https://joindiaspora.com/

https://getsync.com/
https://joindiaspora.com/
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Evaluate on-premise providers: In this thesis, we presented an extensive evaluation
of public Personal Cloud providers. However, it is increasingly common to find com-
panies and organizations that resort to on-premise providers, such as ownCloud1 or
StackSync [5]. The advantage of such on-premise systems is that they enable to build
a Personal Cloud service within the domains of an organization, thus keeping the
data under control. We foresee to exercise on-premise Personal Clouds to evaluate
their desktop clients, as well as the impact of local user behavior on the server side.

Devise new workload models: We proposed a practical workload model in this thesis
to emulate the activity and contents of Personal Cloud users in short-term workloads.
However, BenchBox enables to easily deploy and execute alternative workload mod-
els that capture other workload characteristics. For instance, one can easily infer that
to reproduce long-term workloads (e.g., one or more days) in a realistic way it would
be necessary to capture the non-stationary connectivity of users; that is, the connec-
tion/disconnection patterns of users during days and nights. In this sense, we also
plan to work in the dissemination of the tool for encouraging researchers and practi-
tioners using BenchBox as a tool to develop and share their own workload models.

1https://owncloud.org/

https://owncloud.org/


A
Implementation Notes of BenchBox

In the previous sections we have introduced BenchBox design plan and all the require-
ments of the framework. In this section we are going to have a detailed analysis of
the implementation assertions with each component of BenchBox. During the imple-
mentation we had several issues and required several workarounds, until the current
version.

Our initial idea with BenchBox was to be able to batch a set of hosts to run a certain
personal cloud. At that time, we focused the development of BenchBox for StackSync
the personal cloud developed within our research group. The source code of BenchBox
can be found in [Github].

The Implementation is distributed into four modules, each responsible for a spe-
cific function: manager, workload generator, vagrant and the monitor.

A.1 BenchBox Manager Front-end

The front-end implementation is contained within the manager module, this is the
core of the BenchBox framework, it is a server instance that delivers practitioners a
user interface to setup and deploy experiments with BenchBox, it provides a real time
dashboard to track the state of experiments powered with Grafana. This module is
composed with several components and need to meet several requirements.

The module itself is contained within a vagrant project. It is provided within a
virtual machine instance that has all the dependencies required, this way practitioners
would not have to manage dependencies on their local machine.

Having the manager within a virtual machine allows practitioners to launch the
manager from different platforms (Windows, Linux and Macintosh). They only need
Vagrant and Virtualbox and a web browser to access the front-end interface. The man-
ager instance has the following software requirements:

• NodeJS: we have used Node server framework for our front-end. We choose
NodeJS because it is the framework that we were more familiar and its was light
to install and deploy.

• MongoDB: it is the database used at the manager to hold information and con-
figuration parameters of the front end, the location of the testing hosts, their
credentials and session state.

• RabbitMQ: at the early stages of the BenchBox the communication between the
manager and the testing hosts were stateless, this induced hard time to control
the state flow of the experiments. Therefore we changed the design to route the
messages between the hosts through a message queue middle-ware. With this

https://github.com/cloudspaces/BenchBox
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middle-ware we obtained better communication between the evaluation hosts.
The middle-ware provide an event driven flow between the hosts communica-
tion, granting better scale-ability, asynchronous communication and fault toler-
ance because the framework automatically re-sends message that are not Ac-
knowledged by the receiver.

• ZeroRPC: is a light-weight, reliable and language agnostic library for distributed
communication between server side processes. It is build on top of ZeroMQ with
message pack. We use ZeroRPC in the manager to build a reliable RPC engine,
to bind the test machines with a permanent channel to the manager.

• InfluxDB: this database is used to store the statistics generated during experi-
ments. The sandBox machine instances reports metrics related with the desk-
top clients. The benchBox machine instances reports metrics related with the
operation performed. The statistics generated from the sandbox instances are
forwarded to the manger through RabbitMQ exchange, handled by the NodeJS
server, the server then stores the stats to the InfluxDB database.

• Grafana: is a framework with front-end for creating real time dashboard com-
plemented with time series database. In this case we have combined Grafana
with InfluxDB.

• Vagrant: we use this computer software to create and configure virtual devel-
opment environments of our manager server instance within Virtualbox, this
configuration management tool complemented with a provisioning library such
as Puppet or raw bash scripts enables the automatic setup and deployment of
the manager server instance.

How to launch the manager: with a console terminal in the project manager di-
rectory. We can iniciate the manager by launching, ”vagrant up”. With this command
we are booting the manager Virtualbox instance, the specifications of the instance is
described within Vagrantfile.

The bash code contained within script block variable tells the Virtualbox instance
to start the manager server after the operating system is booted. The manager node
comes along with 4096MB of RAM memory and 2 CPU core. The Virtualbox instance
forwards several ports, so the manager service will be visible for local or corporate
network. The port forwarding allows experimental machines to send metric messages
to the manager. The manager instance is provided with all the dependent software
pre-installed. The manager image can be found at atlas.hashicorp with the box name
chenglong/manager.

A.2 BenchBox Instances Vagrant or Windows

The Vagrant or Windows modules are Vagrant projects, each of the module contains
a Vagrant file, required to setup the testing environment at each experimental host.
It consist to load two virtual machines: sandBox and benchBox. The Vagrant mod-
ule defines the provisioning of Linux version of sandBox while the Windows module
defines the provisioning of Windows version of testing environment, the two allows
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Figure A.1: This figure shows a sample vagrant file, based over our manager

targeting desktop clients under different platform. Both linux/windows share the
same benchBox instance which loads the module workload generator.

• sandBox: The sandBox Virtualbox instance is defined within chenglong/sandbox
hosted at atlas.hasicorp, this virtual machine comes with the python dependen-
cies to run our target personal cloud desktop clients, and is provided with pre-
installed desktop clients.

• benchBox: The benchBox virtual instance is defined within chenglong/benchbox
hosted at atlas.hashicorp this virtual machine comes with dependencies for work-
load generator module, with pre-installed python-dev, python-libraries and java
to run jar applications.

A.3 BenchBox Monitor

The monitoring module holds the procedures that will be executed withing the va-
grant sandBox machine, this create a windows instance with Virtualbox, the provi-
sioning of sandBox contains the dependencies required for the monitoring module
with our target desktop client installed. During an experiment the monitor module
startup the target desktop client, and monitors the following metrics:

1. the network bandwidth

2. the shared folder files

3. the shared folder size

4. the CPU usage
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5. the RAM usage

Figure A.2: This figure shows a sample dashboard during an experiment with the moni-
toring

The metrics are captured using the following libraries: the network bandwidth is
analyzed at packet level using pcapy, this library allows live capture of all the net-
work traffic from the testing host. During the capture, only network traffic through
SSL (income or outgoing) are considered applying network filters mask to the packet
capture process. The CPU consumption and the RAM consumption are obtained us-
ing python psutil library, this library allows metrics capturing by process. At last we
analyze the folder size and count the amount of files within it. This task is performed
with python library to count the amount of files contained within the shared folders
(recursive os.path.getsize() of the shared folder content).

Each of the sandBox machine has a direct data channel with the manager instance
using RabbitMQ message queue, the metrics tracked are forwarded from sandBox to
the manager using message queue and later it is stored to InfluxDB database at the
manager. Additional dependencies are the FTP-server installed at the sandBox that
channels the workload-generator files to the personal cloud desktop client folder.

Inside the module there is monitor rmq.py this is a RabbitMQ peer that handles
events such as starting or stopping the monitoring procedures. This procedure is com-
posed with py sniffer and rmq monitor, the first analyzes the network packets de-
pending its target personal cloud, for instance each target will have a particular call to
start the desktop client and filter the network packets, the second reports the metrics
captured to the manager node through RabbitMQ.

A.4 BenchBox Workload Generator

The workload generator module contains applications and procedures necessary to
generate workload in the form of file system operations. This module has the follow-
ing external dependencies:
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1. SDGen: allows synthetic data generation for storage benchmarks, this tool en-
ables users to generate realistic data to feed storage bench-marking tools (github
repo) https://github.com/iostackproject/SDGen

2. impressions: is a utility that allows realistic file-system generation [14].

The workload generator has the unique role of creating a virtual instance of the
personal cloud shared folder content regarding the target stereotype recipe. In order
to mirror the synthetic file-system, we use python ftp client paired with the sandBox
ftp-server. With this binding each file-system operation is notified with a ftp operation
mirroring both file systems.

Inside the module there is executor rmq.py this is a RabbitMQ peer that handles
events such as starting or stopping the workload-generator. This procedure is com-
posed with communication utilities for ftp operations that replicate each personal
cloud request execution (put, get, delete, move, update) with an ftp operation to
the file-system. There is external utilities folder that contains the source code of im-
pressions. it is called by the workload generator to create files. And at last there is
py publish folder, it reports the workload-generated operations to the manager node
through RabbitMQ exchange. The remaining scripts in the module we can encounter
sample user stereotype recipe in the user stereotype directory, and a constats.py which
contains constants to setup experiments variables such as the random seed which will
directly inflict the pattern of the experiments and make the experiments repeatable.

A.5 Communication of BenchBox Components

1. Communication from the manager with the experimental hosts: The benchBox exper-
iments starts, with the assignment of one manager node, this node contains a
RabbitMQ message queue server that will listen to metrics requests and status
notification requests. By metric requests we refer to sandBox or benchBox met-
rics generated during experiments, in the case of sandBox the metrics are related
with the personal cloud desktop client that run during an experiment, the other
case are the file-system operations that the benchBox instance reproduces during
experiment. Beside the manager having a direct communication link between
the sandBox and benchBox they also require an initial binding with the phys-
ical node itself prior the message queue binding. First the manager node con-
nect with each of the physical experimental machines through Open-SSH with
their credentials to bootstrap a RabbitMQ peer listener at each physical machine.
Later through this RabbitMQ peer we can startup the sandBox and benchBox
with vagrant from the manager interface. Once the virtual instances are up pro-
visioned with a RabbitMQ peer listener, unlike the physical peer listener these
has the role to boot the workload generator procedure and the monitoring pro-
cedure within the sandBox and benchBox virtual instances.

2. Communication from sandBox with the benchBox virtual instances: These virtual
instances are complementary pair peers that has only one requisite, that is to
have the virtual file-system generated at the benchBox instance mirrored into
the desktop client sync folder of the sandBox. This is accomplished through
ftp-server hosted at the sandBox and ftp-client connecting from benchBox.
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3. Communication from the sandBox and benchBox to the manager: The sandBox and
benchBox instances have a peer connection to the manager RabbitMQ server,
with this setup both can easily forward the metrics generated to the manager
node. The manager consumes these metrics as messages from its metrics ex-
change, afterward it stores the trace to its local InfluxDB database.

4. Communication from the desktop client to its cloud container

During the experiments, the workload geneartor within benchBox machines may
perform upload operations to its container so the file generated is not directly
forwarded through ftp server but instead its download by the desktop client
from its cloud container. This allows us to generate download workload against
the desktop client under test.

5. Communication from RabbitMQ message to InfluxDB: When the manager has to
handle a metric exchange from RabbitMQ server these are intercepted by a lis-
tener running under NodeJS that analyze the content of the metrics and writes
the metrics to the InfluxDB database based on its exchange its stored as benchbox
trace for monitoring metrics or benchbox workload trace for the workload generator
operations.

The code of our tool can be accessed at: https://github.com/cloudspaces/BenchBox/.

https://github.com/cloudspaces/BenchBox/


B
Analysis of UbuntuOne Trace

In this appendix, we describe the technology used to analysis the Ubuntu One Traces
until the obtaining the Stereotype recipe.

B.1 The dataset

This section will describe the analysis performed to the Ubuntu one traces. This traces
were released by Canonical for research, this contribution was done after they shut-
down their service1. It contains meta-data traces of UbuntuOne during one month of
user activity, consisting 3.304.920.868 lines of meta-data operations. An more technical
definition of the traces can be found in [2]. In the following, we depict the details
are helpful to understand the queries performed to generate the distributions of the
stereotype recipes.

B.2 Analysis tools

Cloudera Impala

Cloudera Impala is an open source massively parallel processing SQL query engine
for data stored in a computer cluster running Apache Hadoop. We have configured a
cluster of 6 hosts in our lab with HDFS partitions to host the data-set to analyze.

B.3 Trace Analysis

This section will explain the procedure and methodology followed to execute the
queries over Cloudera and the data filtering applied to the traces, until the obtain-
ing stereotype recipe samples.

Each of the properties from the stereotype recipe and the procedure followed to
obtain them are explained as follow:

Operation chain, the operation chain determines the next operation state for the
workload generator during experiment. The current and next operation can be grouped
by session states or operation state, by session state we find START and IDLE which
belongs to the starting and ending point of a user session in real traces. Operation
state are the possible operations that we simulate from the traces. These operation

1http://cloudspaces.eu/results/datasets

http://cloudspaces.eu/results/datasets
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state can be MOVE, SYNC, UPLOAD, DOWNLOAD or DELETE operations to te file-
system. The distributions from the recipe are obtained analyzing the successive user
operations given an initial state during an active session.

Initial state probability this property determines the probability which the ini-
tial state is remained idle or it starts with an operation. This probability is obtained
analyzing the distribution of sessions that have operations and sessions without any
active operation. This property determines the probability that a session will start
with operations or it will remain idle during whole session interval.

Stereotype file type probability from the traces we have categorized the file types
into the following six groups: AppBinary, AudioVideo, Pict, Code, Docs and Com-
pressed.

Figure B.1: This displays the most popular file extensions from backup user during the
whole month of the UbuntuOne traces.

This set of file category is decided from a related work, to built the distribution of
probability we have counted the amount of file of each category from the traces for
each target stereotype user group, See figure B.1.

Stereotype file types extensions,
To generalize file type with similar properties when we create files characteriza-

tions with SDGen. we have selected the following file properties for each category.

• AppBinary:’.o’, ’.msf’, ’.jar’, ’.dat’, ’.ini’, ’.dll’, ’.log’, ’.mo’, ’.lock’, ’.npy’, ’.exe’

• AudioVideo: ’.mp3’, ’.ogg’, ’.wav’, ’.au’

• Pict:’.jpeg’,’.png’,’.gif’, ’.svg’, ’.tif’, ’.bmp’

• Code:’.php’, ’.html’, ’.js’, ’.xml’, ’.h’, ’.c’, ’.java’, ’.py’, ’.css’, ’.htm’, ’.cpp’, ’.r’,
’.hpp’, ’.json’, ’.d’, ’.m’

• Docs:’.pdf’, ’.txt’, ’.tmp’, ’.doc’, ’.odt’, ’.docx’, ’.xls’, ’.csv’, ’.tex’, ’.po’
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• Compressed: ’.gz’, ’.zip’

This categorization of group of file extensions involves a generalization of the files
we create during the experiments. More variety of characterization may raise the pre-
cision of the file properties, but for simplicity we consider the previous category with
those extensions so we follow the scheme of categories from a related work.

File types sizes, the file size is calculated by file category, for each category we have
grouped its file size (with their extensions) and build a file size array, which is later
processed to obtain the best fitting distribution function to generate the file size from
the given category. The fitting function is obtained using Matlab which computes the
best fitting distribution function for each of the category considered. The script used
can be found at the source inner the workload generator module as allfitdist.m

File update location probabilities, this distribution is obtained from related work,
currently we use random file edit locations when we perform a SYNC operation.

Directory count distribution, this distribution is obtained by counting the amount
of files and folder owned by each group of users.

File level deduplication, This property used durng the file creation, it influece
the compression ratio of the generated file. This parameter is ontained from related
work [1, 2]
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Sampé, Hamza Harkous, John Lenton, Pe-
dro Garcı́a-López, Marc Sánchez-Artigas,
and Marko Vukolic. Dissecting UbuntuOne:
Autopsy of a global-scale personal cloud
back-end. In ACM IMC’15, page In press,
2015.

[3] ZDNet. Dropbox hits half a billion
users. http://www.zdnet.com/article/

dropbox-hits-half-a-billion-users/,
2016.

[4] Zhenhua Li, Christo Wilson, Zhefu Jiang,
Yao Liu, Ben Y Zhao, Cheng Jin, Zhi-Li
Zhang, and Yafei Dai. Efficient batched
synchronization in dropbox-like cloud stor-
age services. In ACM/IFIP/USENIX Middle-
ware’13, pages 307–327. 2013.
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