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Abstract—Versatile storage systems aim to maximize storage
resource utilization by supporting the ability to ‘morph’ the
storage system to best match the application’s demands. To
this end, versatile storage systems significantly extend the
deployment- or run-time configurability of the storage system.
This flexibility, however, introduces a new problem: a much
larger, and potentially dynamic, configuration space makes
manually configuring the storage system an undesirable if not
unfeasible task.
This paper presents our initial progress towards answering
the question: “How can we configure a distributed storage
system (i.e., enable/disable its various optimizations and
configure their parameters) with minimal human intervention?”
We discuss why manually configuring the storage system is
undesirable; present the success criteria for an automated
configuration solution; propose a generic architecture that
supports automated configuration; and, finally, instantiate this
architecture into a first prototype, which controls the
configuration of similarity detection optimizations in the
MosaStore distributed storage system. Our evaluation results
demonstrate that the prototype can provide performance close
to the optimal configuration at the cost of minimal overhead.
Keywords: distributed storage systems; automated configuration;
self-tuning; data deduplication

I.

INTRODUCTION

Aggregating available storage space from networkconnected nodes has several appealing properties: low cost –
it is cheaper than a dedicated storage solution; high efficiency
– it allows for good resource utilization; high-performance applications benefit form a wider I/O channel by striping
and/or replicating data across several nodes. One of the many
instances [1][2][3][5][6][15][16] where this technique is
used, yet relevant to Grid settings, is storage system ‘glideins’ [1][18][19][20]. In this scenario, the components of a
storage system are submitted together with a batch
application and the storage system is instantiated on the fly
to aggregate the storage resources available on the nodes
allocated to the application. Once instantiated, the storage
system will provide a dedicated, high performance ‘scratch’
space co-located with the application. Multiple projects have
validated the practical appeal of this approach [1][3][18][20].
Instantiating the storage system on the fly, however,
raises a challenge: optimally designing and configuring the
storage system is significantly more complex. For example,
replication and caching may speed data access; yet, they
may entail complex consistency protocols. Online data
deduplication, i.e., data compression by detecting repeated
chunks of data and storing them only once, may save storage

space and bandwidth when there is high similarity between
successive write operations, yet at the cost of increased
computational overheads. Typically, to avoid such
complexity, most storage system designs fix these decisions
in order to make the system simpler to manage, providing, in
effect, a “one size fits all” solution.
An alternative rarely explored to date is a versatile
storage system approach [1][2]. Versatility in this case is the
ability to provide a set of storage-system optimizations that
can be activated and/or configured at deployment time or
even at runtime. Versatility enables maximally harnessing
the available storage resources by ‘morphing’ the storage
system to match the workload at hand. For example, for a
read-most workload with good locality, the administrator can
configure the storage system with appropriate replication and
caching levels to maximize read performance. Similarly, for
a checkpointing workload, depending on the type of
checkpointing used (e.g., application-level, process-level, or
virtual machine–level) and on the frequency of the
checkpointing operation, the administrator may enable
similarity detection to reduce the storage footprint and the
network effort [3].
Although versatility enables better harnessing the storage
resources and ultimately increased application performance,
it also requires the administrator to tune the storage system.
Such manual configuration is undesirable for several reasons
including: The administrator might lack the necessary
knowledge about the application and its generated storage
workload; temporal variations in the workload or new
application versions might make one-time tuning
meaningless; and, equally important, performance tuning is
time-consuming due to the large size of potential
configuration space that needs to be considered.
Our long-term research program aims to answer the
following question: How can we configure a distributed
storage system (i.e., enable/disable various optimizations
and configure their parameters) with minimal human
intervention? We aim for a solution that allows automated
configuration of a versatile storage system.
In this paper, we make initial progress towards answering
the above question. We start by providing an in-depth
analysis of why manually configuring the storage system is
undesirable. We then present the success criteria for a
solution that automates configuration tuning. We propose a
generic architecture that supports automated configuration
tuning and, finally, we instantiate this architecture into a first
prototype and integrate it with MosaStore distributed storage
system [1].

Our prototype controls the configuration the data
deduplication optimizations in MosaStore – more precisely
it is able to enable deduplication when the workload
warrants using such optimization, and to disable it, thus
completely eliminating its overheads, when the workload
presents low levels of similarity. Our results demonstrate
that the prototype can automatically configure the storage
system to deliver performance close to the optimal
configuration at a minimal overhead cost.
The rest of this document is organized as follows. The
next section presents the necessary background and related
work. Section III presents the motivation for automated
configuration and derives the requirements that a successful
solution should meet. Section IV presents the high-level
architecture based on the sense-control-actuate architectural
pattern. Section V discusses our first instantiation of this
architecture in the context of checkpointing systems: the
opportunity to reduce the checkpointing storage footprint by
detecting similarity between successive checkpoint images
(Section V.A), the specific control loop we use to
activate/deactivate similarity detection (V.B), and the
integration of our prototype with the MosaStore storage
system (V.C). Section VI presents our evaluation of this
prototype, and Section VII concludes the paper.
II.

BACKGROUND AND RELATED WORK

This section briefly presents the most advanced efforts, in
the areas of database systems and e-services platforms, to
address the problem of automating the system configuration.
Then, this section describes versatile storage systems, i.e.
storage systems that provide optimizations configurable at
deployment or run-time, thus, benefiting from automated
system tuning. Finally, this section discusses the use of
utility functions in storage systems.
Automating configuration tuning. The difficulties of
manually configuring complex computer systems have been
the focus of past research efforts. For instance, in databases,
the memory space allocated to execute different SQL queries
has a significant impact on overall system performance and
determining the optimal allocation is a challenging task for a
database administrator. Dageville and Zait [8] describe the
Oracle9i's approach to manage this ‘SQL memory’: a
manager dynamically allocates an initial memory buffer for
each SQL query, continuously monitors the system’s
performance, and adaptively shrinks or enlarges this buffer
according to the memory pressure in the system.
To address a similar problem, namely automating the
tuning of memory allocation for DB2 servers at runtime,
DB2 uses an adaptive self-tuning memory mechanism [9].
Similarly to our work, the authors use the concept of ‘utility’
to guide the optimization decisions of the system. They
apply a cost/benefit analysis to shift memory from the subsystems that need it least to those that need it most.
These solutions differ from our work in three main
points: (i) they address the problem of dividing just one
resource (memory) among several modules, (ii) the systems
are centralized, and (iii) they focus solely on response time
as the metric to be optimized.

In the context of e-services, dynamic provisioning has
been an active research area: the main goal is to use a
minimum amount of resources (e.g., web-server nodes)
while still meeting a predefined service level agreement
[11][12][13]. The variability of the workload provides the
opportunity to reduce the amount of resources used when the
load decreases, and to reallocate these resources when the
load increases. Based on application-specific performance
models, dynamic provisioning solutions manage resources in
two ways: vertically, by increasing the amount of resources
(e.g., memory, CPU share) available to an application on
each node; or horizontally, by simply allocating more nodes
and running more application instances.
Versatile storage systems. Versatility is the ability to
provide optimizations tunable at deployment or runtime
allowing applications to improve their performance.
MosaStore [1] and UrsaMinor [2] are examples of versatile
storage systems. MosaStore [1] is an application-optimized
storage system that harnesses node-local resources.
MosaStore is configured and deployed at application
deployment time, and has its lifetime coupled with the
application lifetime. A pipeline-based architecture enables
versatility: a set of configurable optimizations (e.g., in
memory
temporary
storage,
data
compression)
corresponding to stages in the system data-pipeline can be
tuned by the administrator.
UrsaMinor [2] is a distributed storage system that grants
clients direct access to storage nodes. To access data, clients
ask the object manager for metadata and authorization. This
enables the clients to interact with the storage nodes directly
and to carry out some of the optimizations at runtime.
Examples of optimizations provided are: data encoding,
consistency model to provide fault tolerance, and data
placement. Compared to MosaStore, one difference is that
UrsaMinor intends to be a persistent storage layer shared by
several applications (rather than an application-dedicated
‘scratch’ space). For both systems, the administrator is
responsible for choosing the optimizations’ parameters to
reach desired values for the target metrics and no tool is
provided to guide such task.
Utility functions in storage systems. Strunk et al. [22]
provide a tool to help administrators in the task of designing
a cost-effective storage solution. The administrator expresses
a utility function that captures the financial impact of highlevel characteristics (e.g., availability or throughput). The
tool receives the datasets to be used in the future system and
uses such utility function to explore data placement across
storage nodes. Although this work helps the administrator to
configure her storage system based on high level metrics, it
is limited to optimizations that focus on data placement.
III.

MOTIVATION AND REQUIREMENTS

This section, argues that manually tuning storage system
is undesirable, and presents the success criteria for a solution
that automates distributed storage system configuration.
A. Why Tuning is Hard
As we mentioned in the introduction, in the context of
batch applications, a ‘glide-in’ deployment scenario allows a

per-application, dedicated storage system deployment
collocated with the application. A versatile storage system
unlocks the flexibility required by this approach by exposing
all tuning knobs to facilitate per-deployment tuning (and,
additionally, even tuning at the level of each stored object
[14]), thus enabling applications to more effectively harness
the existing storage resources.
Although such versatility can improve an application’s
performance, it introduces a new problem: the administrator
has to manually decide the configuration of the storage
system. This new task leads the administrator through a
process that involves: (i) choosing the objective of the tuning
operation – the performance metric(s) (e.g., write operation
throughput, execution time or storage space), and the desired
target level (e.g., an specific value) for each metric; (ii)
identifying the optimization features to be enabled and/or
their parameters to be tuned; (iii) enabling these
optimizations and setting their parameters; (iv) measuring the
performance of the system, and, (v) repeating the steps (ii) to
(iv) until the desired performance level is attained.
This process is complex, time-consuming, and error
prone for several reasons. First, the administrator may not
have a good knowledge of distributed systems, the
requirements of the running application(s), and their
workload. Such knowledge is essential to identify the most
frequent and costly operations in order to know which
parameters should be changed to reach the desired
performance level.
Second, defining the desired target performance level for
the performance metric is complex. There are situations
where the administrator does not have a specific target level
in mind, but, in fact, she is interested in finding the
configuration that can extract the best performance for a
given application/storage platform combination. In other
situations, the administrator has more than one target metric
to consider and changing the desired level on one metric
affects the others. For example, consider a case where the
administrator wants the shortest possible execution time, but
the application produces a large amount of data, and she also
has constraints on the storage space used. Enabling
deduplication can save storage space, but it introduces an
additional computational overhead that may make the
application slower.
Third, the workload characteristics can change. The
administrator may go through the whole effort of configuring
the system and have it perfectly tuned for a given application
version and workload. However, the workload can change
dynamically and in an unpredictable manner. In these cases,
the configuration may not attend the desired performance
and the administrator would need to keep tuning the system.
Finally, performance tuning is time-consuming.
Administrators can spend a long time performing the tuning
loop and handling the difficulties described above.
B. Solution Requirements
Based on these difficulties the main question this work
addresses is: How can we configure a storage system (i.e.,
enable/disable various optimizations and configure their
parameters) with minimal human intervention?

The solution should meet the following requirements:
 Be easy to use. The main goal is to make the
administrator’s job easier. Thus, we intend to design a
solution that requires minimal human intervention to
enable/disable various optimizations and choose their
configuration parameters. The ideal case is no human
intervention.
 Choose a satisfactory configuration. The automated
configuration should detect a set of parameters that can
bring the performance of the system close to the
administrator’s intention. Note that we are not looking for
an optimal configuration, as this might be too costly to
determine, but for a configuration that brings the system
‘close’ to the administrator-defined success criteria.
 Have a reasonable configuration cost. The overheads of
the automated solution should be low. In other words, the
cost required to enable/disable and to configure various
optimizations should be small when compared to the cost
of the various operations performed by the application.
For example, assuming the performance goal is to
minimize the application execution time, if the cost to
discover parameters that minimize runtime is greater than
the time saved, and then automating configuration is
useless.
IV.

ARCHITECTURE

Our architectural solution is predicated on one key
assumption: we assume the existence of repetitive
operations. This makes possible to compare the effects of
various configuration options to detect an optimal (or,
simply, a good enough) configuration. There is a wide
spectrum of applications and deployment scenarios that meet
this assumption: from a scenario where the same scientific
application (e.g., a climate modeling application) is executed
with different input multiple times; to an application that
includes regular ancillary I/O operations (e.g.,
checkpointing); to applications that are inherently cyclical
(e.g., a simulation application that regularly outputs its state
to enable visualization).
This repetitive pattern enables the use of a monitorcontrol-actuate loop that continuously adjusts the
configuration of the storage system to optimize its
performance according to a user-specified utility function
(Figure 1).
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Figure 1: Overall system architecture. Control loop based on the monitorcontrol-actuate architectural pattern.

This closed loop consists of a monitor, which constantly
monitors the behavior of the storage system. The
performance metrics monitored depend on the target
optimization goal and on the active configuration at the
moment. For a distributed storage system, the monitored
metrics can include: the amount of data sent through the
network, the amount of data actually stored, the response
time for an operation, the compute/memory overheads at the
client, and the network latency.
The monitor passes these measurements to the controller,
which analyzes them, infers the impact of its previous
decisions, and may dispatch new actions to change the
system configuration to the actuator. To perform its tasks,
the controller needs: (i) a utility function that captures the
administrator’s intention, and (ii) a prediction mechanism
that estimates the impact of its actions.
The utility function reduces the multidimensional space
of the monitored metrics to one dimension that guides the
optimization effort. For example, while in most cases the
administrator will choose a single metric to optimize upon
(e.g., minimize the execution time for I/O operations,
minimize the storage footprint) more complex definitions are
possible. For example, the administrator may define that she
tolerates the execution time to be up to 20% longer than
when using the default configuration if the amount of data
stored is reduced by more than 30%.
The prediction mechanism estimates the impact of a
specific configuration change on the target performance
metrics. This mechanism can be built using various
approaches including: performance model [13] or machine
learning [21]. The predictor should provide an estimate for
how different configuration changes impact the storage
system’s performance (given the current state of the system).
For example, for a storage system that can save space by
compressing data, the predictor receives estimates of the
achievable compression rate, and predicts the impact of
compression on the time required (and/or throughput) for
write operations and the space saved.
Finally, the controller decides whether configuration
changes are needed and communicates its decision to the
actuator. Based on the current delivered utility and state, the
accumulated past history of changes, and the estimates for
delivered utility in new configurations, the controller can
select which configuration provides the best utility and
communicate the desired configuration changes needed to
the actuator.
The actuator performs the configuration changes as
instructed by the controller.
While this architecture and a number of its components
(the controller, the means to express utility and performance
models) are generic, some the other required components are
specific for each storage system supported (the actuator, the
monitor) or for each application context (the specific utility
function and the predictor).
V.

A FIRST USE CASE: CHECKPOINTING APPLICATIONS

To better understand the issues involved by automating
the configuration of a storage system, this section focuses on
a specific, more constrained, scenario: automating storage

system configuration to support checkpointing applications.
The goal is to detect at runtime whether the checkpoint
images produced by a checkpointing application offer highenough similarity to warrant enabling online compression
and to optimally configure the storage system for the
similarity present in the data stream.
Studying this specific use-case allows better gauging the
opportunities and challenges posed by automating distributed
storage system tuning. After having a solution for this
specific application, we plan to expand our work to support a
wider array of applications and configuration options.
The rest of this section highlights: (i) how checkpointing
applications can benefit from similarity detection (Section
V.A); (ii) how the control loop can be designed to automate
system tuning in this case (Section V.B); and (iii) the details
of our implementation in the context of the MosaStore
storage system [1] (Section V.C).
A. Similarity Detection for Checkpointing Applications
Checkpointing is persistently storing a snapshot of the
application state. These snapshots (or checkpoint images)
may be used to restore the application’s state in case of
failure or as an aid to debugging.
Depending on the checkpointing technique used, the
application characteristics, and the time interval between
checkpoint operations, checkpointing may result in large
amounts of data to be written to the storage system, and
successive checkpoint images may have a high degree of
similarity.
Al-Kiswany et al. [3] demonstrate that similarity can be
effectively detected at the storage system level (i.e., without
application support). Additionally Al-Kiswany et al. [3]
analyze traces from applications that use checkpointing. The
similarity between successive checkpoint images varies
significantly: from almost no similarity when applicationlevel checkpointing is used, to over 70% when process-level
checkpointing is used for a popular bioinformatics
application (BLAST [7]) and checkpoint images are taken at
15 minutes intervals..
This past work, however, leaves an important gap: it
assumes that the storage system administrator has knowledge
about the checkpointing technique used by the application,
the application characteristics, and the checkpointing
interval, and that the administrator configures the system
accordingly. Our goal is to take the administrator out of this
loop and automate storage system tuning.
Even when the administrator has all necessary
information, manual, static tuning can be undesirable. In a
scenario where checkpoint frequency varies (e.g., as used for
debugging) we aim to dynamically (i.e., at runtime) enable
data deduplication only for the times where the application
frequently produces checkpoints (that, we assume, have high
similarity) and dynamically disable deduplication otherwise.
In our prototype, we use a similarity detection technique
based on hashing that works as follows: to detect which parts
of two files are similar, the system splits them into fixed-size
blocks (corresponding to storage units) and pass the content
of each block through a cryptographically strong hash
function (MD5, SHA1). If two blocks result in the same hash

value the system considers them as similar (and stores only
one of them).
This and similar techniques are used by many data
deduplication systems based on content addressable storage
[1][3][17]) to save storage space, reduce the pressure on the
storage system (and possibly reduce the generated network
traffic if the system is distributed), at the cost of increased
computational cost to compute hash values. Thus, it is
important to estimate when the similarity detection can
improve storage system performance, which depends on how
fast similarity detection can be performed, how much I/O
bandwidth can be saved, and how fast the I/O operations are.
B. Control Loop for Configuring Data Deduplication
This section describes an instantiation of the control loop
presented in Section IV. We aim to automate the choice
between two configuration options: data deduplication on or
off.
To instantiate the control loop, we have defined: the
metrics to be collected, the set of utility functions the
administrator may use to guide the choice of a configuration,
and the performance model used as the predictor.
The two success metrics we expose to the administrator
to define the utility function are: (i) the time consumed for
checkpointing, and (ii) the amount of data stored. The utility
function that drives the optimization is a linear combination
of these two metrics. For example the administrator may
specify that, regardless of time, the storage footprint should
be minimized, or conversely, she may specify that reducing
the checkpointing time is primary optimization criteria.
For each write operation, the monitoring information
collected is composed of: (i) operation timestamp; (ii) total
duration of the operation (note that this includes the time
spent to calculate the hash value and to send data over the
network); (iii) the total number of blocks received by the
write function; and (iv) the number of blocks that have
already been saved (i.e., they overlap with previous
checkpoints). From (iii) and (iv) we can extract the
percentage of similarity to be used in the performance model.
The rest of this section describes the performance model
used to estimate the impact of configuration changes on the
system’s performance. Note that an accurate model is the
most important part in the control loop to determine that the
system converges to a good configuration.
The performance model needs to predict the space used
and operation duration metrics used by the utility function in
two cases: with deduplication enabled and disabled.
When deduplication is disabled, predicting the space for
a write operation is simple. The amount of data received by
the write operation is the amount of data persisted. The time
depends on the I/O operations, which typically present a
higher variation and depend on several factors such as the
operating system’s operations, buffers, and competing I/O
operations. The model predicts the write time by analyzing
the history of measurements obtained. It calculates a moving
average of time to write a block. The moving average is
based on the last N operations where N can be tuned to
improve the accuracy. Once the time to write a block is
estimated, the total time for the write operation can be

obtained by multiplying the time to write a block by the
number of blocks to write.
When deduplication is enabled, the total time is the sum
of the time required to calculate the hash values for every
block and the time to write the new blocks (we ignore the
time to compare hashes as, for this usage scenario, this is
orders of magnitude smaller than the previous two). The
model estimates the number of similar blocks based on the
history of the last measurements. Then, the controller knows
how much space is needed and can estimate the I/O
operations cost using the same approach as described above
when the deduplication is disabled.
The system can obtain a good approximation of hashing
overheads by calculating the hash value for just one block
and multiplying this value with the total number of blocks to
be preserved. Note that the controller can also keep history
of the time consumed to calculate hash and estimate the time
cost of hashing one block based on such history.
Finally, the controller needs to choose the best
configuration. It uses the model to estimate the metrics for
the two possible configurations, then it applies the utility
function on the estimated metrics, verifies which
configuration provides the best utility, and may request the
actuator to change the current configuration if it is not the
one providing the best utility.
C. Implementation
This section presents the architecture of the MosaStore
storage system and our effort to integrate the control loop
that enables/disables similarity detection.
1) MosaStore Architecture
MosaStore aggregates storage space from networkconnected nodes. Similar to other distributed storage systems
(e.g. GoogleFS [15]), MosaStore uses a metadata manager
and several storage nodes that offer their storage space to be
managed by the distributed storage system. To speed up
storage and retrieval, MosaStore employs striping [6]: files
are split into chunks stored across several storage nodes.
The metadata manager is centralized. It is responsible for
knowing the state of the storage nodes and storing the
metadata (e.g., file’s attributes and file’s chunk mapping to
storage nodes). The storage nodes are responsible for
informing the manager when they are online and how much
space they have.
To create a file, the client application requests a new file
id from the manager and asks the manager to reserve the
needed space. The manager returns a list of storage nodes
that have space. The client, then, starts writing the chunks of
the file to the storage nodes and assembles a chunk-map that
maps the chunks to storage nodes for future retrieval.
Finally, when the client finishes writing, the chunk-map is
sent to the manager to be persistently stored. To detect
similarity between the content of successive write operations,
a content addressable storage scheme (as described in
Section V.A) is used.
2) Implementing the Control Loop in MosaStore
This section describes how each of the components of the
control loop presented in Section IV is implemented.

Monitor. To collect measurements, we changed
MosaStore default write operation flow to capture the
metrics as described in Section V.B. The monitor also
captures whether deduplication was enabled (by saving the
naming scheme used for the chunk-map).
Controller. The controller receives measurements from
the monitor and archives them. Once the archived history
reaches a specific size (minimum default value is five
estimates in our initial version), the controller starts to
predict the amount of storage space used and time consumed
by write operations according to the performance model
described in Section V.B. The utility function that drives the
optimization is specified by the administrator through a
configuration file. The function specifies the weights of each
metric (storage space and operation duration) in the total
utility. Finally, the controller uses the utility function on the
estimate metrics, determines which configuration provides
the best utility, and informs the actuator if some
configuration change is needed.
Actuator. Originally MosaStore did not support
configuration changes during runtime. We added a new
feature that supports enabling/disabling deduplication at
runtime
Details: The initial configuration has deduplication
activated since the controller needs the level of similarity
between writes. Note that if the controller deactivates
deduplication, the system cannot provide information
regarding the similarity level. To evaluate it, deduplication is
turned on again after a given amount of write operations (100
by default in our prototype). The overhead of this approach
and alternative solutions are described in Section VI.C.
VI.

EVALUATION

This section presents our evaluation of the prototype
according to the success criteria listed in Section III.B: effort
to configure (Section VI.A), performance delivered by the
configuration detected by automated tuning (Section VI.B),
and configuration overheads (Section VI.C).
Experimental setup: The experimental environment
consists of a MosaStore deployment with 10 benefactor
nodes. The metadata manager runs on a different machine.
All nodes have 2.33GHz Quad-core CPUs, 4GB memory,
and 1Gbps NICs.
Methodology: Each point in the plots is the average over
all write operations performed during the application’s
execution. It guarantees 95% confidence intervals with ±5%
accuracy according to the procedure described in [10].

B. System Performance
To analyze how satisfactory the automated configuration
is, we compare the performance of the system using
automated tuning and the performance using the two manual
configurations available: similarity detection always on and
always off.
We use a synthetic workload modeled based on our past
experience analyzing checkpoint workloads [3]. The
synthetic application writes 100 snapshots of around 256 MB
each, with similarity of 70% between writes.
We first analyze the case where the administrator is
interested in minimizing runtime (i.e., the lower the runtime,
the higher the utility). Figure 2 presents the average time per
write for the three different configurations. The automated
solution is able to detect that similarity is high enough to
offset the computational overheads generated by hash-based
similarity detection. Indeed, the automatic solution performs
as good as a configuration for which similarity detection is
always activated, which is the best configuration in this case.

Figure 2: Average time to write a snapshot of 256MB and similarity of
70% using different configurations.

To analyze system’s performance under different
scenarios, we executed the same synthetic application yet
varying the level of similarity present in the data (this is
equivalent to varying the frequency of the checkpointing
operation). Figure 3 presents the average time required for
checkpointing. For up to 50% of similarity, on our platform
similarity detection should be deactivated as the hashing
overheads are not compensated by savings in I/O operations.
The results confirm that automated tuning makes the correct
configuration choice.

A. Effort to Configure
The proposed solution requires a minimal configuration
effort: the administrator only needs to specify her intention.
In our prototype this is expressed by specifying the weights
of runtime and storage footprint size in the utility function.
Note that, the default configuration of the utility function
assumes that the administrator’s intention is to minimize
runtime which we assume is the most frequent situation.
Figure 3: Average time to write a snapshot of 256MB.

The slightly lower performance when using automated
tuning at low similarity levels is the result of the needs to
estimate the similarity level in the data stream before making
a decision (these overheads are discussed in Section VI.C).
The experiments also consider write operations for
different data sizes (32 MB, 64 MB, 128 MB, and 512 MB)
while varying the similarity level. Although the amount of
time required for each operation varies, automated tuning
always makes the correct decision (and the results are similar
to those presented in Figure 3).
To analyze a case where the administrator is interested in
more than one metric, the controller input is set to have a
utility function where the time and storage space as equally
important (i.e., each of the two terms receives 50% weight).
Figure 4 shows the relative utility gained when writing
checkpoint images of 256MB with 70% similarity. The
results are normalized by the value of the lowest utility
among different configurations (deduplication off in this
case) to provide a clear comparison. Similarly to the case
when the system aims to minimize runtime, the automated
solution is able to detect that the similarity is high enough to
provide a better utility. Indeed, the automatic solution
provides the same utility (around 66% higher than the worst
configuration) in cases where similarity detection is always
activated, which is the best configuration for this case.

Figure 4: Average relative utility to write a snapshot of 256MB and
similarity of 70% using different configurations.

We analyze the system when using this utility function
while varying the similarity rate in the data stream. Figure 5
shows the average relative utility for these experiments. For
up to 20% similarity, the best configuration for the execution
platform is having the deduplication deactivated as the time
needed to hash the data is not enough to balance the storage
space saved and the savings in I/O operations. As similarity
increases, the detection cost is paid off by the time saved for
the I/O operations and the amount of storage space saved. As
the figure shows, the automated configuration choice always
matches the optimal manual configuration.
C. Cost of Automated Tuning
To evaluate the configuration cost, we analyze the
amount of extra resources used for the automated
configuration: CPU time and memory.
Memory overheads are minimal: the controller only
keeps a history of past measurements. Such history is short
since the controller applies the moving average for the last N
measurements. In the experiments, we use N=5 which results
in less than a kilobyte of extra memory. Older data can be
discarded or persisted on disk for future analysis.

As the experiments presented in the previous section
suggest (see Figure 3) the performance of the configuration
chosen by auto-tuning (that includes the auto-tuning
overheads) is within 5% of the performance of the best
configuration.

Figure 5: Average relative utility to write a snapshot of 256MB.

The compute overhead generated depends on the state of
the system. If deduplication is activated, the overhead to
estimate the similarity level in the data stream (the single
largest component of the overhead) is zero. However, if
deduplication is deactivated, the system still needs to
estimate the similarity level. Thus, it starts hashing the data,
which slows down the write operation by up to a factor of
two for cases where there is no similarity among writes. Note
that such additional cost exists only until the automated
solution detects that hashing the data is not worth. From this
moment, this cost is amortized over the following write
operations.
To reduce this cost, we plan to evaluate two options: (i)
using sampling to reduce the volume of data analyzed when
detecting the level of similarity, and (ii) moving similarity
estimation offline, outside the critical performance path.
VII. SUMMARY AND FUTURE WORK
Versatile storage systems aim to maximize storage
resource utilization by supporting the ability to ‘morph’ the
storage system to best match the application demands. To
this end, versatile storage systems significantly extend the
deployment- or run-time configurability of the storage
system. This flexibility, however, introduces a new problem:
A much larger, and potentially dynamic, configuration space
makes manually configuring the storage system an
undesirable if not unfeasible task.
This paper presents our initial progress towards
developing an automated solution to configure a distributed
storage system, that is, to enable/disable its various
optimizations and configure their parameters with minimal
human intervention. To the best of our knowledge, no
previous work addressed the question of automated tuning
the context of distributed storage systems. In fact, our
bibliography review revealed a large number of studies that

highlight the sensitivity of the storage system performance to
workload characteristics, and/or deployed optimizations and
their specific configuration. Yet, none of these works attempt
to automate the choice of the storage system configuration,
even for specific optimizations.
To better understand the challenges entailed by
automated storage system configuration, we study one
optimization, namely online data compression through
similarity detection, in the context of checkpointing
applications. We note that progress in this direction not only
sheds lights on the challenges related to automate tuning, but
also directly applied in practice: Current operational practice
when running checkpointing applications requires a wealth
of information about the checkpointing characteristics (e.g.,
checkpointing technology, frequency) to configure the
storage system. Automating the choice of enabling/disabling
deduplication allows decoupling the concerns of the
application’s scientist/developer from those the storage
system operator.
Our experiments demonstrate that the prototype we have
developed correctly configures the storage system to
optimally enable/disable deduplication at a minimal
overhead. While we are encouraged by our results so far we
acknowledge that, even for this optimization, we have not
yet explored the full space of configuration options that may
require automated tuning. To fully explore this space, we are
currently extending the prototype in a number of directions:
(i) reducing the cost of quantifying data similarity while the
controller verifies whether similarity detection optimization
should be active or not; (ii) using different block’s sizes to
tune the detection, and (iii) automated control of a more
complex approach to detect similarity that determines block
boundaries based on data content [3].
Additionally, in the medium term, we plan to explore
support for a wealth of other optimizations and more
powerful utility functions. We anticipate that more
optimizations not only will bring new challenges to automate
the configuration of each of these optimizations but also the
challenge of dealing with the interference between these
optimizations. Richer utility function will allow the
administrators to define metric constraints to metrics.
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