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Whole system simulation of future supercomputers allows exploration of design decisions prior to building
a physical system. This is a fundamental component of codesign: Collaboratively altering system architec-
tures and software to achieve maximum benefit for both parts of a system. To achieve maximum fidelity,
simulations have to include the storage system, including buses, RAID controllers, and disk drives. Simulat-
ing these components can lend insight into design of file systems, application I/O strategies, storage system
architectures, and fault tolerance mechanisms.

Current state-of-the-art disk simulation software packages use discrete event simulation (DES). When
there is no hidden knowledge about a device, DES can provide very good accuracy. However, modern
hard disk manufacturers do not divulge the internal specifications of a disk drive beyond a few parameters,
including revolutions per minute, bus type, cache size, etc. There are a large number of hidden design
decisions for each disk drive model, including cache algorithms, command queue depth, read and write
ordering algorithms, tracks per sector, track layout, etc. These cannot be directly obtained from a disk, and
instead must be imperfectly inferred from a disk using a utility like DIG [4] or DiXtrac [6]. The result is an
inaccurate model that requires a large effort to improve via manual parameter tweaking. Because DiskSim
is intended to simulate a large variety of disks, there are over two hundred parameters available to set. As
disks become more complex, refining these models will become more difficult.

Instead of having a large model that is designed to accomodate all disks, we propose to use machine
learning techniques to extract the salient features of the performance profile. These are obtained by running
real or synthetic workloads against the target disk to gather performance data. The performance data is
synthesized by the machine learning algorithm into a light-weight model that captures the salient features
of the performance profile for the disk. The result is a small, reasonably accurate, and computationally
inexpensive simulator that is quickly custom-generated for the target disk by an automated process.

One of the largest benefits of this approach is that the generation of a simulator will not explicitly discover
or know about internal implementation details of a disk. This is an important future-proofing concept, as
new generations of disks continually introduce new technolgoies that would require parameterization in a
DES. The machine learning approach would instead infer the performance implications of the new features
when constructing the performance model and simulator.

The question of which machine learning algorithm is most appropriate is still an open question. Our
initial investigations have shown genetic algorithms to be a potentially promising path. Other researchers
have investigated regression trees [7, 8]. Deep learning also appears highly promising. Deep learning also
appears highly promising, as it is useful for problems that involve a hierarchy of abstractions [2]. For
disk drives, such abstractions can include sector, track, serpentine, zone, and so on. Deep learning has
already shown to be useful for image classification, giving record results for the MNIST handwritten digit
classification problem [5]
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Related Work

The defacto software package used for simulating disk drives today is DiskSim [3]. DiskSim is a general
discrete event simulator with a large set of parameters, which allows it to simulate a large variety of disks
with high accuracy. The disadvantage of DES is the large amount of effort required to gather and tune the
parameters for the disk model.

Several projects attempt to characterize a disk’s potential performance by extracting features of the
disks themselves, such as sectors per track, rotational latency, track switch latency, etc. These parameters
can then be used to create a model in DiskSim. Worthington et al. showed disk feature extraction of via
SCSI-specific query commands and microbenchmarks [9]. DIXtrac measures or infers over 100 parameters,
including some that are not related to disk geometry, by running microbenchmarks against a drive [6]. DIG
focuses on extracting geometry-specific parameters [4]. These approaches not only rely on prior knowledge
of the set of parameters necessary to characterize a storage device, but also on prior knowledge of how to
extract values for these parameters from disks. Our proposed approach does not require either.

Wang et al. explored using classification and regression trees (CART) to create disk performance mod-
els [7, 8]. This work showed that when training sets and testing sets are very similar, the accuracy is
acceptable. However, there was less fidelity when training and testing workloads were not similar.

Project Overview

Challenges Addressed

This approach allows a disk simulator to be easily constructed in a short amount of time with no human
intervention or tweaking. Initial work will target modeling individual disks. However, once success has been
attained, we believe this approach can be used to create systems that can characterize other higher level
components with black box implementations, including flash disks and RAID controllers.

Maturity

An initial investigation using regression trees found success when training workloads closely matched test
workloads [8]. We performed an initial feasability study using genetic programming to predict response times.
We generated forests of expression trees which could be self-referential, allowing for explicit representation
of state. We found that this approach achieved runtime predictions within 10-15% of actual runtimes for
simple workloads like sequential access. We were able to account for congestion due to bursty arrivals.

Uniqueness

While this approach is highly useful for exascale systems, it is not unique. However, the modeling and
codesign communities seem to be the primary audience that would be interested in creating a model of
existing disk drives. Other communities seem more interested in design space exploration of disks using
parameterized simulation [1].

Novelty

All currently available simulators are discrete event simulators. We propose a machine learning approach to
quickly generate models that closely approximate real disk performance. While there have been some initial
investigations into creating tools based on machine learning [8], none are generally available.

Applicability

This approach is applicable to a wide variety of storage devices with hidden implementations, including
appliances and other aggregations of heterogeneous storage devices. Implicit in this model is the ability to
simulate multiple layers of a storage hierarchy, including hidden caches.

Effort

We estimate that we can effectively explore the above outlined approach through a three year project that
uses approximately 90 person-months in total among seven people. This total includes two Ph.D. students
at the University of California, Santa Cruz. We intend to spend then first year investigating modeling single
disks, with the following two years extending to modeling collections of disks attached to RAID controllers.
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