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ABSTRACT
In this paper, we present a mechanism able to predict the
performance a given workload will achieve when running
on a given storage device. This mechanism is composed
by two modules. The first one is able to learn the behavior
of a workload in order to be able to reproduce its behavior
later on, without a new execution, even when the storage
drives or data placement are modified. The second module
is a drive modeler that is able to learn how a storage drive
works in an automatic way, just executing some synthetic
tests. Once we have the workload and drive models, we
can predict how well the application will perform on
the selected storage device or devices or when the data
placement is modified. The results presented in this paper
will show that this prediction system achieves errors below
10% when compared to the real performance obtained. It
is important to notice that the two modules will treat both
the application and the storage device as black boxes and
will need no previous information about them.
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Introduction

There are many applications where the I/O performance
is a bottleneck and thus many solutions have been proposed. One of the most promising ones consists of configuring the storage system and data placement to maximize
the storage-system performance for a specific workload. In
general, this approach consists of finding the optimal configuration and data placement for the I/O system given a
specific application or set of applications and a set of storage devices. Currently, these optimizations are done by
experts who use their experience and intuition to make this
configuration and placement. This means that only a few
sites can take advantage form this kind of “optimal” placement benefits because not everybody has (or can afford)
an expert to place data in the best possible way. For this
reason, a tool that could perform this tuning in an automatic way would be a great step in making this technique
available to a wider range of sites. Furthermore, this tool
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becomes even more useful if the optimal configuration and
placement varies throughout the time making it more difficult to keep the right placement up to date.
Our mid-term objective is to design a storage system
capable of extracting all potential performance and capacity available in a heterogeneous environment with as little human interaction as possible. We envision the system
as an advanced data-placement mechanism that analyzes
the workload to decide the best distribution of data among
all available storage devices, as well as the best placement
within each device. Figure 1 presents the system architecture with its modules and the relationship between them.
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Figure 1. Block architecture for our system
The objective of this paper is to describe the two first
modules: device-modeling (from now on, we will use drive
and disk indistinctly, although our model will be able to
learn the behavior of other storage devices than disks) and
workload-modeling module. In addition, we want to verify
the effectiveness of the prediction that is achieved by these
models working together.
We will present a model for disk drives based on Neural Networks. This model was first proposed in a previous
work by the same research group [8], but in this paper we
want to show that it adapts well to the model we propose for
the workload. It is important that both models work well
together or the final results will lie behind the expectations.
Regarding the model for the workload, we will present an
approach based on files (not on application) that will allow
us to concentrate the effort in the most important files instead of on global storage data. In addition, this model will
be able to reproduce the behavior of the workload when a
new data placement is used without loosing accuracy (and
without having to rerun it).
We tested our approach with four benchmarks: three

synthetic applications and the well known TPC-H. For each
case, we built the file model and verified that this model
along with the drive model actually reproduce the real performance with an error below 10%.

global traces, but never on per-file basis, as we will have to
do from now on.
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We propose a general model based on a mathematical function. We assume that we can find a function (M ) that approximates the service time St for each request. Thus, our
general model can be expressed by:
St ≈ M (R)
where: St is the request service time and R is the input
vector with components:

Autonomic storage system: a global picture

When the system is initially started, or when a new storage device is added, the model of the new drive or drives is
built. The objective of this model is to be able to give an estimation of the performance a given workload will achieve
for a specific data placement. To build the drive model, we
plan to execute some synthetic tests, trace the behavior of
the disk, and use these traces to train the model (always
taking the drives as a black boxes). Fortunately, this model
will not change during the live of the system because it is
not application dependent, and thus the training time is not
a critical issue.
Once we have all storage devices modeled, we run the
applications normally on top of it. During this normal execution, the workload modeler keeps track of the accesses
done to all the devices and it builds a model of what is happening in the system. This model should be good enough to
be able to regenerate a trace of an execution with the same
characteristics than the real execution.
Once we have gathered enough information about the
accesses to the storage system to have a clear picture of
what is going on, we start studying what are the important
files/blocks, access patterns, etc. With this information,
the data-placement module decides which possible changes
make sense to improve the performance of the storage system (i.e. decide which data goes to which disks, how is
data stripped, interleave related files, put special blocks in
the fastest disks, or faster zones in the same disk, etc.)
Hopefully, we will have many different data placements
that may improve the actual distribution. Then, we feed
the workload information and the new placements into the
drive model to decide the performance each new placement
would achieve. Afterwards, we compare all possibilities
and decide which one is better and whether the new placement is worth the effort of making the changes.
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Disk Model

The main objective of this module, and also the main difference compared to other approaches, is to design a model
that has no previous knowledge about the drive to model.
This will allow us to use mathematical tools to implement
it and, we will be able to apply this approach over a wide
variety of storage systems with minimal (hopefully none)
additional effort.
Although this model was already proposed in a previous work [8], we will give the most important detail about
it, because we need to show that this model works well
with our workload model and because it has been tested on

3.1

Model approach

• R.Addr: address of the first-requested block,
• R.Jump: difference (in blocks) between this request
and the previous one. We do not use the difference in
cylinders because that would mean a knowledge about
the internal design of the drive.
• R.Size: request size.
Our experience has shown us that it is better to have
one model for each operation (read and write). For this
reason, we will use one model for each request type.
Once built the model, it can be used to find the response time for each request done by any application, and
from there compute the throughput.
In [8], we studied different approaches and we found
that neural network are the best mechanism to model drive
behavior. This study took different applications and storage devices into account (including disk drives and other
devices such as memory disks).

3.2

Model based on Neural Network

Neural Networks have a high capacity for function approximation [7], and this is exactly our objective. The neural
network architecture we have used, derived from our previous experiments, is a feed-forward neural net with following configuration:
• 3 neurons in input layer (R.Addr, R.Jump and R.Size).
• 25 neurons in the hidden layer using hyperbolic tangent sigmoid transfer function.
• one neuron in output layer (service time) using linear
transfer function.
To resolve the problem, we use a LevenbergMarquardt back-propagation algorithm [12].
In [8], we showed how the neural network should be
trained, but essentially a synthetic application is executed
using the device to model. Then, the resulting trace is used
to train the neural network.
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Workload model

After studying different possibilities, we have decided to
focus the workload model on files instead of on applications, processes, or any other possibility. We envision

of different segments, we maintain a counter on the
number of times a segment is requested.

the system as an advanced data-placement mechanism, and
these data is associated to files. Furthermore, this file modeling will allow us to focus the effort towards the most important files of the workload to reduce the size of model
and the complexity of data-placement module.
We can establish a criterion to order the files in accordance to their importance and apply the mechanisms of
redistribution to the most important files. This order criterion can be based on the percentage of the global number
of access or in the percentage time employed for I/O operations on the file.
As we want a file model to be used with our drive
model, we need to learn it from as close to the disk as possible. For this reason, we model the behaviour just before the
disk drive (after the filesystem cache and most of the operating system interaction). For this study, we have modified
the linux kernel to save this information in the point where
the blocks are requested to the disk drive, and this where
the integrated version should also extract its information.

4.1

• Request type (read/write). This value is expressed as
read probability. Remember that this model will be
used to build a trace for our disk drive and thus, with
a probability will be enough to build this trace. In
addition it saves space because we do not need to keep
all the different requests to the same segment.
• The average size of the requests made to this segment.
Once again, this is enough and reduces the size of the
model significantly compared to keeping all requested
sizes. We will show that the error this simplification
introduces is affordable.
• The list of possible predecessor requests. This list
contains information about the requests that preceded
it in the trace. Remember that the trace used by the
disk drive model needs to know the jump (in blocks)
done by the disk from the previous request to the current one (used to model the head movement in case the
drive has it). Each entry in the list has the following
information:

File model approach

We will have a file model per each file that fall in the “important” category according to their usage.
The first idea to model a workload is to use a trace,
unfortunately we cannot use it because it is not flexible
enough to adapt to the behavior of a new storage drive or a
new placement of data because traces are device and placement dependent. In addition, a traditional trace grows for
ever if the application repeats its behavior once and again.
This repetition will appear for sure if the workload is to be
predictable because we can only predict what has already
occurred at least once.
The intuitive idea of our model is to have the advantages of a trace file such as accurate representation of
the workload, detailed description of accessed blocks and
their relationship but without the disadvantages mentioned
above.
Our file model is based on the segments accessed and
their relationship. We define a segment as a set of blocs requested in a single disk operation. Please keep in mind that
our model works at disk-drive level and thus segments are
not necessarily what users request, but what the operating
system (or filesystem) sends to the disk drive after being
filterer by the buffer cache and after some possible reordenation done during the process. Thus, our file model stores,
for each segment, the following information:
• The first logical block requested. Using the logical
blocks makes our model independent of the physical
location of the block. Although we model at very low
level, we do not loose the concept of file. In order to
limit the size of the model, all segments that begin in
same block will only use one entry in the model.
• The total number of requests made to this direction. In
order to keep some information about the importance

– the file id. This field is used for two reasons. The
first one is to identify the physical location of the
last accessed block, without keeping the physical
location in the trace. Second, it is used to find
relationships among different files. Note that if a
modeled file has relation with another file, which
is not modeled, the relationship is modeled by
this field.
– the last logical block of the previous request.
This field is used to find the number of blocks
the disk has “jumped” from one request to the
other. This is necessary for us to build the trace
needed by the disk model.
– the number of times that this element preceded
the request. This field is used to know the percentage of times this sequence occurred. Once
again this reduces the size of the model when a
the same sequence of requests is repeated.
This model fulfills all our requirements. It can be generated on-line because new requests can be added very easily. No physical information is kept, and thus it is blocklocation independent. It does not keep any time information and thus it is device independent. It does not grow
unnecessarily but it has enough information (even inter-file
relationships) for the data placement module to take decisions. Finally, building a trace with the information required by the drive model previously described (R/W, initial block, jump and size of the request) is trivial.
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Methodology

In [8], we tested the disk model with three real workloads.
However, in those tests we did not use file separation and

the whole trace was fed into the drive model to test its accuracy. Working at file level is different because less requests
can be used and thus the results may differ. In this paper,
we are going to show that our disk model approach is adequate to predict performance for specific files. Also, we
will show that the file model allows us to estimate the I/O
performance and that it can be used to remake the trace for
a different drives or data placements with good accuracy.

5.1.1

5.2
5.2.1

Prediction of the modeled workload

Workloads
Synthetic benchmarks

We have defined three synthetic benchmarks that will help
us observe the behavior of our predictor in a “controlled”
environment:

2. Multiple Sequential Access (MSA). Here, the application reads three files simultaneously. It requests a segment of the first file, then a segment of second one and
a segment of third file. These operations are repeated
until all bytes have been read. The sizes distribution
and inter-arrival time are the same as the ones used in
SSA. This benchmark will allow us to observe what
happens when several files are accessed concurrently,
but with a perfectly reproducible behavior.
3. Concurrent Sequential Access (CSA). Three instances
of the SSA applications are run in parallel (each using
a different file). The behavior will be similar than in
the previous benchmark, but without the reproducibility characteristic (because the operating system and
the other applications may affect differently in each
execution).
The files used were 300Mbytes each and we called
them: f ile1 , f ile2 and f ile3 .

TPC-H benchmark

In order to test our system using a real application, we have
decided to use the TPC-H benchmark. It is a decision support benchmark for database. It consists of a suite of business oriented ad-hoc queries and concurrent data modifications. It has been development by the Transaction Processing Performance Council (TPC) [17].
We created a database of 1 Gbytes and used Postgres
SQL 7.2.1 for LINUX. We ran all queries except queries
number 7, 9, 20 and 21 because these queries contain not
supported functions in our database manager system.
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Figure 2. Error for performance prediction in synthetic
workloads
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1. Simple Sequential Access (SSA). The application
reads one file sequentially. In each read it requests a
variable size between 8 and 512 KB. The inter-arrival
time is uniformly distributed between 0 and 100 ms. It
will show us the behavior in the simplest case: accessing a single file sequentially (but no necessarily using
regular sizes or intervals).

5.1.2

Experimental Results

Relative error (%)

5.1

For this benchmark, we took the files where the application spent over 90% of I/O time. These files are three
and they represent the tables partsupp, order and lineitem
in the database.
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Figure 3. Error for performance prediction in TPC-H
This first experiment tries to show that the workload,
along with the drive model, can predict the performance
achieved by the real execution used to model the workload.
Figure 2 shows the results for the three synthetic
workloads. Here, we observe that the error obtained by
the model is always below 10% in all cases. Similarly, for
TPC-H ), the error obtained for all files is also lower than
10%.
These results show that the proposed models work
properly and that the workload granularity is good enough
to make an accurate prediction.

5.2.2

Prediction of the modeled workload using a modified data placement

The objective of this second experiment is verify if our application models can be used to predict the performance
when block distribution have changed, which should be a
very frequent situation. To test it we randomly moved 10%
of the blocks in a selected file and we executed all the tests
again. In the synthetic benchmarks we selected f ile3 to
move 10% of its disk blocks whereas in TPC-H we selected
lineitem because is the biggest file in the application.

Relative error (%)
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Second, lineitem is also one of the modified file but
we cannot observe any change. The reason behind this different behavior is that Postgres saved the updates for this
table in a different file and thus lineitem was not really
modified (this policy is implemented for the large tables).
Finally, the partsupp file is not directly affected by the
refresh functions, and thus its behavior is not modified.
6
5
Relative error(%)

We took the file model obtained with the block distribution where blocks were moved randomly and generated an estimate trace for the new block distribution. We
should notice, that although the workload model is device
and placement independent, it has to be learnt from a real
execution. In this experiment we show that it is really independent and that the model learnt form a placement can
be used with no problem to predict another.
Figure 4 shows that our system is able to make a good
performance prediction with errors below 10 %.The same
experiment was done with the TPC-H benchmark and the
error observed was 3.18% for file lineitem.
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We also wanted to study what happens when the changes
in the block distribution and/or access pattern are produced
by the application itself, and not by the data placement.
For this reason, we ran the two refresh functions specified in the TPC-H benchmark. After each execution of refresh functions, we measured the throughput obtained using file model and the throughput obtained by the original
database.
Figure 5 presents the results for this test. In the x axes
we represent the percentage of modification done by the
refresh function (from 0% to 10%, and where 0% represents the original database). We should note, that the refresh functions, as are specified by the benchmark, should
only change 0.1%, and thus our modifications are huge
ones compared to the expected ones. Nevertheless, it can
give us an idea of how sensible our model is to this kind of
changes.
First, we can observe that the error between the model
and the real execution for the order file grows as the percentage of refreshment also grows. This growth occurs because this is the file where records are added and removed,
and thus the pattern changes with each refresh function.
The valley observed is because the error goes from negative to positive, but the important conclusion is that the
model can handle some modification to the original file. We
should keep in mind that these changes will not be frequent
in our target environment. In addition, if the file changes
sufficiently, we just need to model it again to have accurate
predictions.
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Figure 6. Growth of model size
In order for a workload to be predictable, it has to repeat its behavior from one run to another (or at least, have
a similar one). One of the objectives of our model, was
to keep all necessary information about the workload, but
not to repeat already observed information. For this reason,
we want to see if our model grows after several repetitions
of the same workload. In order to test it, we repeated the
tracing process 10 times for synthetic benchmark CSA with
f ile1 and took the size model obtained in the TPCH benchmark with the refresh function. This experiment allows us
to compare the size of the model with the size that would
have the accumulated trace.
For each execution we took the increment in the size
of file model with regard to the original size of the trace
after the first execution. Figure 6 shows these curves for
files partsupp, order and lineitem from TPCH benchmark,
and f ile1 from synthetic benchmark SSA. This figure also
contains a curve for the growth of the trace.
We can observe that the file size for f ile1 in synthetic benchmark is maintained almost constant because
this file is not modified. The growth of file model is due
to filesystem behavior. However, in TPCH benchmark, the
file model for order grows because this file is being modified by the refresh functions in each run. Nevertheless,
the file model size always grows significantly less than the
trace size.
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Related Work

In the area of storage-drive models we can find several approaches such as simulators [13, 4] that can even get their
parameters automatically [14]. Another possibility is the
usage of analytical models where the input model is not
a trace, but a characterization of the load [15, 18]. In
both approaches, the disk drives are not treated as a black
box, which means that they need of plenty of support if
we want to use then in a changing heterogeneous system.
Our neural-network model does not need to know anything
about the device and it can learn it automatically. In the
same area, there is also a group of proposals that treat the
drive as a black box and learn the behavior after a training period [16, 2]. The problem with these approaches is
that they are not fine grained enough or they need too much
time to predict the performance.
With regard to application models, some work have
been done in characterizations and modeling of I/O access
pattern [9, 10, 11, 19, 20]. Most of these studies were made
at the filesystem level and not at disk level, as we need.
Ganger in [5] made an interesting contribution in characterization of storage workloads and workload synthesis, but
he was unable to accurately recreate the access and arrive
pattern of the traces and he showed that commonly-used
simplifying assumptions about workload characteristics are
inappropriate and can lead to erroneous conclusions. Based
on Ganger’s work, Gómez and Santoja [6] developed a approach to analyze and modeling disk access pattern base
on self-similarity concepts. Using this approach is not possible to associate the performance to some specific file directly, it can not be used to predict how the blocks redistributions change the operation either.
Regarding our global system, there are some tools
similar to our system such as MINERVA [1] and Hippodrome [3] development in the HP Laboratories. The structure of their systems is similar to our architecture. However, they target their work to the configuration of RAID
systems, whereas our system uses learning to improve the
performance by means of the data redistribution.

7

Conclusions

In this paper, we have shown the effectiveness of our performance prediction system based on a storage drive model
and a file model (both learned automatically). We verified that our predictions achieve errors bellow 10% even
if the data placement is modified, the application behavior changes slightly or the data used is somewhat changed.
Thus, we have shown that our proposal is exactly what we
need to build the autonomic storage system that places data
in the most efficient way in a heterogeneous storage system.
Finally, we want to point out that the results presented
in this paper are significant enough without the whole system because they can be applied in different scenarios than
the one we have in mind.
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