DESIGN AND EVALUATION OF A POWER-AWARE PARALLEL I/O SYSTEM

BY
KARTHIK PATTABIRAMAN

B.Tech., University of Madras, 2001

THESIS

Submitted in partial fulfillment of the requirements
for the degree of Master of Science in Computer Science
in the Graduate College of the
University of Illinois at Urbana-Champaign, 2004

Urbana, Illinois



Abstract

Power consumption is a major concern for high-performance computing systems. Of
the components in such a system, the storage subsystem consumes a significant por-
tion of the total power. In this thesis, we will examine techniques for reducing the
power consumption of high performance parallel I/O systems. The underlying as-
sumption is that the system is composed of disks that can be spun up and spun down
on demand. Parallel I/O workloads typically vary over time and this can be utilized
to shut down disks during periods of low activity and spin them up again when the
load increases. This must be done in a scalable, consistent fashion to guarantee that
response times do not exceed a certain bound. This thesis will examine the design
space of configuration options of the system (stripe depth, number of replicas etc.)
and also the dynamic adaptation mechanism (number of disks to keep active for a
given load). It will evaluate the system under bursty, synthetic workloads and real

workloads using analytic modeling and simulation.
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Chapter 1

Motivation

1.1 Power-Aware High-Performance Computing

Traditionally, specialized parallel computer architectures, ranging from vector super-
computers to massively parallel multiprocessors, have dominated the supercomputing
domain. Over the last decade, a new platform for parallel computing has emerged.
Networks of Workstations or NOWs as they are popularly called, have emerged as
a viable platform for certain classes of applications requiring high performance com-
puters, at substantially lower costs [1]. NOWSs employ a large number of smaller scale
multiprocessors connected over a high performance network.

The Beowulf project [2] takes the concept of NOWSs to an extreme by making use of
mostly commodity off-the-shelf components (COTS). Beowulfs also use commodity
software, enabling them to leverage the large amount of development effort in the
scientific community. Beowulfs run standard operating systems like Linux/Windows,
use the Message Passing Interface (MPI)[3] programming model or the Parallel Virtual
Machine (PVM)[4] programming model, and run parallel file systems like PVFS [5].
All these factors make the Beowulf the ideal platform from a price-performance point
of view [6]. Today, it is possible for even small organizations to set up a Beowulf

cluster for a fraction of the price of a large supercomputer.



The main problem with COTS components compared to specialized hardware
components is their high rate of failure. As modern hardware components increase in
complexity and capability, they draw more and more power and this in turn increases
their temperature, making them more prone to failures. According to the Arrhenius’s
equation (applied to micro-electronics), the failure rate of a given system doubles with
every 10 degrees Celsius rise in temperature. This has also been verified empirically
using unpublished data from vendors by Feng et. al. [7]. Thus, to make high
performance computers easier to maintain and administer, we must make them more
reliable. This can be done by reducing the power consumption of these systems, which
in turn, would lead to reduced temperature and reduced failure rate. This leads us to
a new paradigm of high-performance computing called ”low-power high-performance”

computing.

1.2 Power-Aware Parallel File Systems

It has long been recognized that 1/0 is one of the main bottlenecks to the scalability of
parallel scientific codes [8]. The reason for this is that processor and communication
speeds have continued to increase, but I/O speeds have not kept up correspondingly.
Furthermore, parallel applications which access gigabytes or even terabytes of data
are becoming more and more common [9].

To improve performance, advances of 1/O hardware and file system parallelism
are of principal importance [10]. In the last few years, a wide variety of parallel /0O
systems have been built and proposed [5; 11-17]. All these systems exploit parallel
[/0O devices i.e., partitioning data across multiple disks for parallelism in an attempt
to deliver high 1/O performance. However, a new class of multi-teraflop applications
is emerging, with time-varying resource demands and changing access patterns. These

applications manipulate multi-terabyte data sets, and their I/O demand cannot be



met by extant parallel file systems [18]. To support these emerging applications,
next-generation file systems will have to stripe data over thousands of secondary and
tertiary storage devices [19-21].

A high-performance system consisting of many thousands of disks will consume
large amounts of energy, as a disk consists of moving components which consume
power even when they are inactive. For example, the disk motor remains spinning
even when there is no request to the disk. Laptops and other portable devices, which
are energy-constrained, stop the motor and spin the disk down when it is idle for long
periods of time, and spin it up again when a request is issued to it. Unlike laptop
disks, server disks and disks used in high-performance workstations are not equipped
with the capability to be spun-up and down on demand. The reason for this is that
laptop disks are manufactured to withstand the stresses of spin-ups and spin-downs,
but they have relatively low performance when server workloads are considered and
their MTTF (mean Time To Failure) is an order of magnitude lower than server disks.
Server disks, on the other hand, are designed for high performance and long MTTF,
but they cannot withstand the mechanical stress of spin-ups and spin-downs.

However, there has been some recent work which make a case for using disks with
dynamic spin-up/spin-down capabilities in web servers [22]. Since power-managed
web servers can be packed together in dense configurations in data-centers, leading
to better utilization of floor-space, lower energy bills and cooling requirements, they
can directly impact the financial aspects for the data center [23]. As a result, the
authors of [23] believe that there is great incentive for server disk manufacturers to
make disks which can withstand the mechanical stress of spin-ups and spin-downs
without impacting their MTTF (Mean Time To Failure) [23]. At any rate, power is
as important a factor as performance and reliability in web servers, and one can be
traded off for the other two.

We believe that like web server farms, high-performance systems should also use



disks which can be spun-up and spun-down on demand for low power. Like server
systems, high-performance systems are also usually over-provisioned to meet the max-
imum demands of parallel scientific applications. The 1/O requirements of these ap-
plications are highly bursty and irregular and the average case requirement is much
lower than their worst-case demands [9]. The typical 1/O pattern of these applica-
tions consists of short periods of high demand followed by long periods of little or no
activity [24].

The variability of the I/O workload creates many opportunities for power manage-
ment of disks in high-performance systems. However, this is different from battery-
powered platforms which spin the disk down if it is idle for long periods of time.
These systems mostly deal with interactions with a single user, who might be will-
ing to tolerate some performance loss in return for longer battery life. Moreover,
response-time and not throughput is usually the most important metric in these sys-
tems. A high-performance storage system, on the other hand, often serves many users
or applications with varying requirements, and users may not be willing to tolerate
performance losses of more than 5-10 %. Furthermore, these are complex systems
consisting of multiple disks, storage buffers, network interfaces and processors, and it
is essential to consider the interaction of the power management policies of all these
devices in a global fashion.

In this thesis, we describe the design, implementation and evaluation of a power-
aware parallel 1/0O system, which applies dynamic spin-up/spin-down techniques to
multiple disks. It considers the trade-offs in disk striping and mirroring of data, and
intelligently chooses the right configuration for a given workload. It also dynamically
adapts the system to the workload, achieving the desired performance with the least

energy consumption. We evaluate this system for real and synthetic workloads.



Chapter 2

Related Work

In this chapter, we survey related work in parallel file systems and disk power man-
agement techniques for both mobile and server environments. We then survey power-
conservation techniques in high-performance systems, other than in the storage sys-

tem.

2.1 Parallel File Systems

Parallel File Systems have been developed for many commercial platforms by their
respective vendors. These include PFS for the Intel Paragon [14], PIOFS and GPFS
for the IBM SP [12], HFS for the HP Exemplar [11] and SGS for the SGI Origin
[25]. These file systems provide high-performance and functionality for I/O intensive
applications, but are available only on specific platforms. PVFES [5] is an open-source,
freely available parallel file systems developed for Beowulf clusters running Linux.

A number of research projects in the area of parallel I/O exist, and they have
developed parallel file system prototypes for use in their research. PIOUS [16] em-
ploys data declustering and transaction-based concurrency control, to provide scalable
bandwidth in a parallel environment. Galley [17] is designed with the access char-

acteristics of parallel application workloads in mind. It gives the application control



over disk parallelism and data layout, so that application developers can tailor it to
their application’s needs. It also provides support for common access patterns in
specialized libraries.

PPFS [26] (Portable Parallel File System) is a parallel I/O library invoked by
user 1/0O calls that offers control over a variety of input/output configurations such
as disk striping factor, prefetch and caching policies. It was developed to explore the
design space for scalable 1/O systems, and relies on the underlying system software
for physical 1/0O. It has the ability to dynamically adapt its policies to match the
access patterns of the application.

PPFES 2 is the next generation of the PPF'S file system, and is designed for I/O over
computational grids [27]. It allows rule-based, closed-loop adaptive and interactive
control of input/output systems on both parallel and wide-area distributed systems
to support complex, irregular applications with data-dependent and time-varying

resource demands.

2.2 Disk Power Management

2.2.1 Mobile-devices

Power management has traditionally been a concern for mobile devices like laptops
and PDAs, where the aim is to maximize battery life. Power management for laptop
disks is a well explored problem, and many techniques have been developed for it.
Using the taxonomy introduced by Lorch and Smith [28], we can classify these tech-
niques into two broad groups. The first group comes under the category of transition
strategies, which deal with when the disk should be spun-up or spun-down to re-
duce power consumption. The second group comes under the category of load-change
strategies, which deal with how the workload can be modified in order to achieve

better power conservation.



Transistion stratergies spin down the disk if it is idle for a certain amount of time
greater than the timeout. Greenawalt [29] studies the effect of changing the timeout
on reliability, performance and power-consumption using an analytical model based
on Poisson arrivals. Li et. al. [30] find that most of the energy consumed by a disk
can be saved if the timeout was set to a few seconds, rather than a few minutes,
based on real filesystem traces. Douglis et. al. [31] compare a threshold-based policy
to an optimal policy and compare different algorithms for disk-spindown. Douglis,
Krishnan and Bershad [32] describe an adaptive algorithm that dynamically varies
the threshold parameter depending on previous observations about the workload.
Helmbold et. al. [33] propose an adaptive scheme based upon machine-learning
techniques to dynamically choose the best algorithm for setting the time-out from a
list of candidate algorithms.

Load change stratergies increase idle-periods in I/O request sequences so that
the disk can be spun down for longer periods of time. This can be done either by
delaying or prefetching requests. Weissel et. al. [34] propose a scheme which allows
the application to participate in power-management by specifying a timeout and an
abort mechanism. This allows greater flexibility on the part of the operating system
to satisfy 1/O requests, but involves changing the 1/0O interface to the application.
Another scheme involves increasing the utilization of the disk when it is spun-up
and deferring requests when it is spun-down. It was proposed by Papathanasiou
et. al. [35] and requires the operating system to cluster 1/O operations in time by
aggressively prefetching data for synchronous reads and deferring of non-critical 1/O

operations.

2.2.2 High-Performance Systems

Recently, there has been a lot of interest in power management for high-performance

storage systems [36-40]. However, most of these studies have focussed on web-server



or data center environments with transaction processing workloads. The only ex-
ception is the paper by Colarelli and Grunwald [37] which uses file-level traces from
a supercomputing center for evaluation. This paper proposes a storage architecture
called Massive Array of Idle Disks (MAID) in which power-managed disks are used
for archival storage in lieu of tape devices. Here, the emphasis is on power-saving
rather than on performance, and power management is done on a per drive basis. A
drive that is idle for a certain period of time is powered down, and powered up again
when a request is sent to it. The MAID system also designates a small number of
drives as cache-drives and uses them to cache recently-used data. Read requests that
miss in the cache are sent to the data drives, spinning them up again if they were
powered down. Writes that miss in the cache are written to the cache, and written
back to the data drives only when the data drives are powered up again due to read
misses.

Though our system is also targeted for supercomputing centers, it differs from the
MAID system in a number of ways. First of all, we do not target archival storage,
and performance is still our main concern. We provide an analytical model for the
performance degradation and ensure that it is bounded within a threshold. More
importantly, we consider power management of all the drives in the system together,
and do not individually set the policy for each drive. This enables us to coordinate
the activities of all disks and avoid performance bottlenecks. Furthermore, we do not
cache frequently accessed data in a small set of drives, as most scientific workloads
exhibit little or no locality. This fact is reflected in the evaluation of the supercom-
puting workload with MAID, and the authors mention that caching provided them
with little or no benefit.

We believe that the biggest contribution of our work is that we explicitly quantify
the effects of striping on power and performance and analyze the tradeoffs involved.

We provide a detailed analytical model for assessing the benefits of striping and for



choosing the stripe size. The MAID paper served as one of the main motivating works
for our study of the effects of striping on power management.

Another work which is closely related to ours is Gurumurthi et. al. [38], which
analyzes the trade-off between energy and performance by varying the stripe size for
disk arrays. However, it is primarily concerned with transaction processing workloads,
in which the idle periods are very small, compared to the time taken to spin-up or
spin-down. As a result, they do not do any spin-up or spin-down of disks, but instead
look at the access costs due to disk-head positioning overheads. However, scientific
workloads consists of long, idle or low-activity periods followed by high-volume 1/0
bursts, and hence spin-up/spin-down is a viable option. Further, our system uses
replication and has at least one replica active all the time, to deal with the presence
of frequent but low-volume /O requests. As a result, we can spin-down most of the
disks during these low-activity periods.

Carrera et. al. [36] study different approaches to conserving energy in high-
performance network servers. One of the schemes proposed called ”Combined” in-
volves combining high-performance and laptop disks, such that both sets of disks
mirror the same data. They exploit offered load variations to keep only one set of
disks powered on at any time. When the offered load is high, they power-on only the
high-performance disks and when it is low, they power-on only the low-power disks.
They also keep the two copies coherent by performing updates made to one set of
disks to the other set immediately after powering it up.

Our system also keeps multiple copies of the data and exploits offered load vari-
ations to spin-up or spin-down disks. However, our scheme differs from theirs in two
ways: First of all, we assume all our disks can be spun-up or spun-down, and we can
have more than one replica powered up and load balance between them. Because we
assume a read-only data set, we do not worry about keeping the replicas coherent.

Secondly, we can have more than two sets of disks and spin them up and down on-



demand depending on the offered load. In this way, our scheme is a generalization of
the scheme proposed by Carrera et. al. [36], but with the addition of load-balancing
between multiple replicas.

Another approach to spinning-up and spinning-down disks is to use variable speed
disks (ie) disks in which the speed of rotation can be varied. Gurumurthi et. al.
[39] have shown that it is possible to save upto 60 % of the disk energy using this
technique. This is especially true for transaction processing workloads, where the idle-
time periods are not long enough to save power by spinning the disk down completely,
and running the disk at multiple speeds( depending on the workload ) may be the
only way to save power. However, the workloads we consider have long enough idle-
times and spinning down disks during these periods can lead to considerable power
savings.

Zhu et. al. [40] explore various caching strategies to minimize the energy consump-
tion of high-performance storage centers. They also spin-down disks when they are
inactive and aggressively cache data to avoid reads from going to powered-down disks.
They also investigate various write-back policies to avoid spinning up powered-down
disks unless absolutely necessary. They show that an energy-aware cache replace-
ment algorithm can conserve more energy than an energy-oblivious, but performance-
optimal algorithm. We do not consider caching and prefetching in our scheme, though

it would be an area of possible future expansion for our system.

2.3 Power-Aware High-Performance Systems

Finally, we look at related work in the area of power conservation in high-performance
systems, not just storage systems. Pinheiro et. al. [41] dynamically power-on and
power-off nodes in a cluster web-server depending on the incoming load. Chase et.

al. [42] propose an energy-conscious, dynamic resource provisioning architecture for

10



web servers in which servers bid for energy and other resources based on the notion
of utility. The design of our MinMax controller is motivated by their flop-flip filter
which is used to smooth noise in the input workload. A study by Elnozahy, Kistler
and Rajamony [43] looks at the trade-offs between using the power-on, power-off
strategy proposed by [41] and doing dynamic voltage scaling (DVS) for the CPU.
Elnozahy et. al. [44] use a feedback-driven control policy similar to ours to adapt the
cluster to changes in the workload.

Green Destiny is a Beowulf cluster designed for low power and high density. It
was designed and developed by Los Alamos National Laboratory, in conjunction with
RLX Technologies. Its design and architecture is described in Warren et. al. [45]. It
consists of compute nodes made from COTS parts mounted on motherboard blades
called RLX Server-Blades. Fach motherboard blade contains a 633-Mhz Transmeta
TM 5600 CPU, 256 MB memory, 10 GB hard disk and three 100-Mb/s Fast Ethernet
network interfaces. Twenty-four such Server-Blades mount into a chassis to form a
Bladed Beowulf called the RLX system Beowulf. This fit into a rack-mountable 3U
space (19”7 in width and 5.25” in height) [45]. The key technology behind the Green
Destiny, which allows it to achieve substantial power savings is the use of Transmeta
Crusoe processors [46]. The Transmeta TM5600 CPU generates less than 6 Watts
at full load, while the Intel P4 processor generates about 75 Watts. As a result,
Transmetas can be packed closely together with no active cooling, resulting in a
tremendous saving in the total cost of ownership with respect to reliability, electrical

usage, cooling requirements, and space usage [45].
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Chapter 3

System Model

3.1 Overview

This chapter describes the organization of power-aware parallel 1/O system and the
various assumptions made in its design. It also develops an analytical model of
the system and quantitatively evaluates the effects of the various parameters. The
analytical model leads to a rich space of design options with different tradeoffs. The
design space of the system is then characterized and impact of the design choices are

evaluated.

3.2 System Description

Parallel file systems typically employ a combination of striping and mirroring in order
to evenly distribute the load and to better handle large requests. Our system also
employs these techniques. Striping can provide parallelism within a singe request
(intra-request) while mirroring provides parallelism across requests (inter-request).
In our system, disks are organized into independent groups, each of which contains
an entire replica of the file and is self-contained. All groups are assumed to be

identical, and the replicas are striped across the disks of a group in an identical

12



fashion. A single request cannot be split across groups, and once a request is sent to
a group, it must be satisfied by that group in its entirety. This is done for reasons of
locality and to avoid the overhead of merging sub-requests across groups.

All requests to the system are assumed to be read-only, so replicas need not be
synchronized to keep the data consistent across them. Also, requests are first sent
to a single front-end module, which may reside either at the client or at the server.
This module is responsible for sending the request to an appropriate group, using
some load-balancing strategy. If all groups are currently busy serving other requests,
the request is queued at the front-end, till some group becomes free. The front-end
is not a bottleneck, as its only task is to send the request to the appropriate group,
and incurs very little processing overhead. The queue size is also assumed to be very
large, to prevent it from being a bottleneck in the system.

Once the request is sent to a group by the front-end, it may access more than
one disk in the group. In this case, the request is split into smaller sub-requests, the
total number of which is an integral multiple of the stripe size. All the sub-requests
which need to be sent to a single disk are aggregated and sent together, so as to aid
in better disk arm scheduling and so that the network latency is incurred only once.

In parallel applications, I/O often occurs in bursts [24].Parallel file systems are
typically over-provisioned for the average case, so as to deal with the bursts. As a
result, the system can spin down disks during periods of low activity to save power
and spin them up again during the bursts, to achieve peak performance. Currently,
high performance systems are built from server-class disks which cannot be spun
up/down on demand. However, mobile platforms like laptops routinely employ disks
with this capability, and we assume that the disks employed by our system have this
capability also.

Because a request cannot be split across groups, all the disks of a group could

be needed to satisfy any arbitrary request. This means that if some of the disks in
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a group were spun down, they may need to be spun up again, in order to satisfy a
request. This would place the spin-up delay (of a few seconds) in the critical path of
a request, and would not be acceptable for a parallel file system.

To avoid this problem, all the disks of a group are simultaneously spun up or spun
down. In other words, the spin-up/spin-down techniques operate at the granularity
of a group, rather than single disks. When system demand declines, whole groups are
spun down, and when demand rises, whole groups are spun up. To guarantee that
no request is made to wait an inordinate period of time, there is at least one group

which is constantly spun up, even during periods of low or no system activity.

3.3 Qualitative Analysis

There are two main questions that must be answered: what must be the size of each
group and when should they be powered up/down. These two questions are dependent
on the amount of performance the system designer is willing to trade off for power
conservation. The power-performance tradeoff is expressed as a product of power
consumed and the response time. The system designer can supply the maximum
power-time product for the system, and the system must make sure that this value is
never exceeded, while at the same time, keeping the power consumed minimmum.

The number of disks in a group is defined as the size of the group. The groups
size forms an upper bound on the number of disks the file can be striped across. It
also affects the granularity of power management as smaller sized groups allow more
fine grained tuning. Also, at least one group is powered up at all times, so the group
size affects the baseline power consumption at near zero arrival rates.

The problem of determining the thresholds in the arrival rate and request length
at which to power up/power down groups is a function of both the group size and

the amount of performance which can be traded off for a given power saving. The
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Symbol | Explanation Units

n Number of disks powered up disks

m Group Size disks

D Stripe Width disks

1 Request Length blocks

Am Request Arrival Rate for a Group | requests/sec
An Request Arrival Rate at Front-end | requests/sec
f Disk Latency milliseconds
c Full Rotation Time milliseconds
k Network Latency milliseconds
h Software Overhead milliseconds
i Network and Interface Overhead milliseconds
t Track Size blocks

Table 3.1: Parameters in the Model

larger the size of the group, the more power needed to power it up and greater the
threshold (for a given power/performance constraint). Similarly, for a given group
size, the more the performance loss the administrator is willing to tolerate off for
saving power, the greater is the threshold (as more delays can be tolerated).

Thus, there is a complex interplay among the group size, request characteristics
and the power performance tradeoff. The next section develops an analytical model
of these factors and quantitatively studies the impact of varying one or more of these

factors.

3.4 Quantitative Analysis

In this section, an analytical model of the system is developed and expressions for
power and performance are derived. The analytical model closely follows the one

developed in [18].

Assume that the disks in the system are divided into equal sized groups of size m
each. Requests arrive at the front-end at a rate A,. There are a total of n nodes in

the cluster which are powered up, and these are divided into n/m groups. Without
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loss of generality, n can be assumed to be an integral multiple of m, as the groups
have the same number of disks each. Powering up or powering down a group increases
or decreases n by m respectively.

Now, the request arrival rate at each group is (assuming uniform load balancing):

A = Apxm/n (3.1)

The stripe width of a request is the number of disks the request is split across.
The stripe depth of a request is the number of blocks per disk accessed by the request.
Let the mean request size be [ blocks and the stripe width is D. Then the stripe depth
is %.

The arrival rate for each disk, assuming uniform distribution among the disks

(there are no access hot spots) is

M = Am (9) (3.2)

m

In general, striping provides two advantages. The first is that it balances the load
among disks and avoids access hot-spots. The second advantage is that it allows
parallelism for large requests and reduces their service time (up to a point). In
this system, load balancing is anyway done at the front-end module. So the main
advantage of striping is the parallelism it provides for large requests.

The group size is an upper bound on the stripe width D, which is the parallelism
due to striping. In this analysis, the stripe width D is assumed to be equal to the

group size m, so the values derived are an upper bound on the performance.

Moo= A (%) (3.3)

Note that D/n is simply the inverse of the number of groups powered up.
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Let f, ¢, k be the disk access latency, time for a full disk rotation and network
latency respectively. t is the size of a track in blocks, and ¢ is the network delay to
transfer a block of data. h is the software overhead of splitting up a request into D
sub-requests.

The disk access latency, network latency and the disk rotational latency are as-
sumed to have a uniform distribution. The mean service time and variation in the

service time for a disk [18] are:

k z
S -Qigil+hD+5(§+Q (3.4)
2 2 2
os,? = W (3.5)

For tractability, the requests are assumed to follow the Poisson arrival process and
hence the inter-arrival times will be exponentially distributed. Each disk can now be
assumed to be a server with its own queue, servicing the sub-requests sent to it. As a
result, it can modeled as an M/G/1 queue and the queuing delay and response times

can be calculated as follows [18].

. )\d(()'sd2 + SdQ)
Wa = 2(1 — AgSq) (36)
)\d(Osdz + SdQ)

2(1 — M\aSa)

Ry = Wy+8S;=

+ 5, (3.7)

This is the response time for a single disk. The total response time is the maximum
of each of the sub-request times. As shown again in [18], the requests are uniformly

distributed among the disks, so the maximum of the response times is given by:

2D
Rmaxd - Rd (ﬁ)

For calculating the power consumption, a simplified model of the disk is consid-

ered. In this model, a disk has only two states: powered-up and powered-down. The
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Symbol | Parameter Value

f Disk Latency 18ms

c Full Rotation Time 8.4ms

k Network Latency 30ms

h Software Overhead 1ms

i Network and Interface Overhead 0.5ms

t Track Size 22

Pyyin Power consumed when disk is spinning | 320 mW

Table 3.2: Values used for Analysis

power consumed by a disk in the powered-down (spun down) state is assumed to
be 0 Watts and the power consumed in the powered-up (spinning) state is assumed
to be Py, watts. The power consumed during the disk access is not modeled as it
is negligible compared to the power required to keep it spinning. Hence, the power

consumed is directly proportional to the number of disks powered up which is n.

Piota = Pspin *n (38)

Using equations (8) and (7) the response time - power product can be computed
for different values of the group size, request rate and request length. This can help
determine the best configuration of the system in order to obtain a desired response

time - power product. This is discussed in the next section.

3.5 Discussion

In this section, the design space of the system is characterized using the analytical
model derived in the previous section. For the sake of uniformity, the same set of
parameter values is used for all the scenarios considered in this section. These are
given in Table 3.2 and are identical to the ones used in [18] (except for Pypin which

does not appear in their model). The value of Pspin is the same as that used by [29].
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The remaining four parameters in the model are:
1. Request Rate( A, )

2. Request length (1)

3. Number of replicas spinning ( m )

4. Group Size (D )

Of these, the first two parameters, namely request rate (A\g) and length (), are
dependent on the input. For a given arrival rate and average request length, the
number of spinning replicas (m) needed to achieve a certain response-time power
product is studied. This study is carried out for different configurations of the system
in which the group size (D) varies from 4 disks/group to 32 disks/group.

It is also assumed that there a total of ten groups or replicas and each can be
spun up/down independent of the others. In reality, it may not be possible to realize
all these configurations. The total size of the file divided by the storage capacity of
an individual disk forms a lower bound on the number of disks/group. Similarly, the
total number of disks in the system divided by the group size is an upper bound on
the maximum number of spinning replicas.

These physical limitations are not taken into account in the graphs in this section,
as this is a theoretical analysis. This evaluates the impact of the design choices on
the system, irrespective of physical limitations. However, the physical constraints can
be incorporated into the graphs with little difficulty, as they merely prune the design

space of the system, and do not change its nature.

3.5.1 Request Rate Versus Number of Replicas

Figures 3.1 to 3.4 show the variation of the response time - power product with

arrival rate and number of replicas(groups) which are spinning. Each figure shows
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4 Nodes/group 8 Nodes/group

Group Size = 4, Request Length =8 —— Group Size = 8, Request Length =8 ———|

16 Nodes/group 32 Nodes/group

Group Size = 16, Request Length =8 ——— Group Size = 32, Request Length =8 ———|

Figure 3.1: Request Rate Vs Number of Replicas for a request size of 8 blocks

the behavior of four system configurations, as described before. The behavior of the
system is also dependent on the average request length. Figures 3.1 to 3.4 consider
the average request length to be 8, 64, 256 and 1024 disk blocks respectively, thus
spanning a wide range of request sizes. If the system becomes unstable, or if its
response time - power product exceeds 20 J, the graphs are capped.

For a given request size and a given configuration of the system (disks/group),
the response-time power product varies both with the arrival rate as well with as the
number of replicas spinning. For a given request rate, there is an optimum value for

the number of replicas for which the response time - power product is minimum. This
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4 Nodes/group 8 Nodes/group

Group Size = 4, Request Length = 64 ——— Group Size = 8, Request Length = 64 ———|

16 Nodes/group 32 Nodes/group

Group Size = 16, Request Length = 64 —— Group Size = 32, Request Length = 64 ———|

Figure 3.2: Request Rate Vs Number of Replicas for a request size of 64 blocks

can be explained as follows. As the number of replicas decreases, the average request
rate at each replica increases (since A, = A, /m, and m decreases). This corresponds
to an increase in the queuing delay at the disks, and increases the total response time
of the system. However, the energy consumed goes down as the number of replicas
spinning decreases. These are two conflicting effects on the response time - power
product.

If the number of replicas spinning is less than the optimum number of replicas,
the queuing delay dominates, and there is a sharp rise in system response time, which

manifests itself as the sharp increase in the left portion of the graph. If the number
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4 Nodes/group 8 Nodes/group

Group Size = 4, Request Length = 256 ——— Group Size = 8, Request Length = 256 ——|

16 Nodes/group 32 Nodes/group

Group Size = 16, Request Length = 256 —— Group Size = 32, Request Length = 256 ——|

Figure 3.3: Request Rate Vs Number of Replicas for a request size of 256 blocks

of replicas spinning is more than this optimal value, it does not impact the response
time much. However, there is a gradual increase in the power consumed, and the
response time - power curve gradually increases in the right portion of this graph. To
save the maximum power without significant performance degradation, the system
must operate as close to the optimal point as possible.

Spinning up more replicas than the optimal number does not affect the response
time - power product much. However, having a lower number of replicas spinning
than the optimum, causes the response-time power product to rise sharply (it may

even make the system unstable). Another thing to be observed is that the optimal
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4 Nodes/group 8 Nodes/group

Group Size = 4, Request Length = 1024 —— Group Size = 8, Request Length = 1024 ——|

16 Nodes/group 32 Nodes/group

Group Size = 16, Request Length = 1024 ———

Figure 3.4: Request Rate Vs Number of Replicas for a request size of 1024 blocks

number of replicas spinning, increases as the request rate increases. The reason for
this is that the request is likely to expect a greater queuing delay with increase in the
request rate. This in turn, could spike up the response time, unless more replicas are
spun up to handle it.

Next, the variation of the response time - power product across different config-
urations of the system is studied. First, the behavior of the system at for small and
medium request sizes (figures 3.1, 3.2 and 3.3) is considered. For a given number
of replicas spinning and a given request rate, the response time - energy product is

more for configurations with larger number of disks/group, as these configurations
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4 Nodes/group

Group Size = 4, Request Rate = 20 ——

10000

100
Request Length (blocks)

16 Nodes/group

Group Size = 16, Request Rate = 20 ——
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32 Nodes/group
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10000

consume more energy.

Figure 3.5: Request Length Vs number of replicas an arrival rate of 20 requests/sec

However, when the request size is very large, the configuration with a greater

24

number of disks/group is able to satisfy the response time - energy constraint up to
a larger value of the request rate, than a system with a lower number of disks/group.
This is so because the system with a greater number of disks/group has the file striped
over more disks, and hence the request can take advantage of greater parallelization
than in the system with a lower number of disks/group. As a result, the service time
for each individual request goes down, thereby reducing the queuing delay and the

total response time. For a system with the smaller number of disks, the queuing delay



4 Nodes/group

Group Size = 4, Request Rate = 40 ——

10000

100
Request Length (blocks)

16 Nodes/group

Group Size = 16, Request Rate = 40 ———

Responss Time * Power ( 5"‘1
3 \\\\A\..-n

. -
L

10000

8 Nodes/group

32 Nodes/group

Group Size = 8, Request Rate = 40 ——|

10000

Group Size = 32, Request Rate = 40 ——|

10000

Figure 3.6: Request Length Vs Number of Replicas for an arrival rate of 40 re-

quests/sec

dominates and the system becomes saturated even at lower values of the arrival rate

than for the system with the higher number of disks/group.

Thus large requests favor a system with more disks/group as, here, the response

time dominates, while small and medium requests favor a system with lesser disks/group,

as here, the power consumed dominates.
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Group Size = 4, Request Rate = 60 ——
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power product exceeds 20 J, the graphs are capped.
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3.5.2 Request Length Versus Number of Replicas

Figure 3.7: Request Length Vs Number of Replicas for an arrival rate of 60 re-
quests/sec

Figures 3.5 to 3.8 show the variation of the response time - power product with
average request length and number of replicas(groups) spinning. Each figure shows
the behavior of four system configurations, as described before. The behavior of the
system is also dependent on the request arrival rate. Figures 3.5 to 3.8 consider the
request rate to be 20, 40, 60 and 80 requests/second respectively, thus spanning a

wide range of arrival rates. If the system becomes unstable, or if it’s response time -
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Group Size = 4, Request Rate =80 —— Group Size = 8, Request Rate = 80 ——|
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Figure 3.8: Request Length Vs Number of Replicas for an arrival rate of 80 re-
quests/sec

The behavior of the request length curve is similar to the request rate curve.
For a given system configuration and request rate, there is an optimum number of
replicas for which the response time-energy product is minimized. If the number
of replicas is lesser than this optimum value, the response time dominates due to
the queuing delay and the product rises sharply with decrease in the number of
replicas. If the number of replicas is greater this optimum value, the power consumed
dominates and the product increases with increase in the number of replicas spinning;,
but more gradually. Again, as the request length increases, for a given request rate,

the optimum number of replicas for a given system configuration also increases.
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When comparing system configurations at different request rates, the opposite
effect to what was described for the request rate vs number of replicas graphs is
observed. At lower request rates, a system which has a greater number of disks/group
is more efficient for large requests than a system with a lesser number of disks/group.
The reason is that at low arrival rates, the dominant factor in response time is the
service time of a request. For large requests, this can be improved considerably by
striping across a greater number of disks and hence enabling greater parallelism.
However, it is possible to do this only if the group has enough disks to stripe across.
For configurations with a smaller number of disks/group, the response time of the
system becomes very high due to the large service time component, and the response
time - power product rises steeply. This is especially true if the number of replicas
spinning is low, as requests are now forced to wait in the queue for requests before
them to complete and increasing service time can increase the queuing delay of these

requests as well, and the effect is compounded.
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Chapter 4

Implementation

4.1 Overview

The last chapter introduced the system model and evaluated the various trade-offs
in its design. In this chapter, we will describe the implementation of the system and
the simplifications made. We will first describe the architecture of the system and its
various components. We will then describe some of the key algorithms used in the

System.

4.2 Architecture

The system can be broadly divided into four major sub-systems. The Request-
Generation Sub-System is responsible for generating requests according to certain
distributions or from a real application trace. The Topology and Request-Routing
Sub-System is responsible for implementing the topology of the system described in
the previous chapter and for sending requests through the topology. It is also respon-
sible for carrying out the commands issued by the Adaptation Sub-System to spin disks
up or down. The Adaptation Sub-System is responsible for deciding when the system

should adapt and by how much it should adapt. Finally, the Statistics Gathering and
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Figure 4.1: The various sub-systems and their interactions

Completion

Link Sub-System orchestrates the interactions between the various sub-system and

gathers statistics of importance from them.

This section describes the various sub-systems present in the system and their

interaction. This is shown in figure 4.1.

4.2.1 Request-Generation Sub-System

This sub-system is responsible for generating requests according to some specified dis-

tribution or from traces gathered from real applications. There are three parameters

which can be specified:

e Request inter-arrival Times
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e Average Request Length

e Offset of the Request in the File

The first two parameters can be generated either from a distribution or from an
application trace. The third parameter is not of importance to our study and is
simply chosen in a linear incremental fashion, that is, a new request begins where the
last request left off. This models a sequential access pattern, but since the system
don’t do any prefetching or caching, it doesn’t provide any additional benefit.

The request inter-arrival times can be specified from any of the following distri-

butions:

1. Exponential Distribution
2. Bursty-Exponential Distribution

3. b-Model

The exponential distribution is used for validating the analytical model for the
system in section 3.4. The Bursty-Exponential distribution is obtained by combining
the exponential distribution with an ON/OFF distribution. The b-Model distribution
is used to generate bursty, irregular traffic and is based on the paper by Wang et.
al.[47]. It is described in detail in section 4.3.

The request rate can also be specified from an application trace. Here again,
there are two possibilities: the trace can be played back asynchronously or in a
synchronous fashion. In the first case, requests are issued at the times specified in the
trace file, irrespective of the time taken by the system to service previous requests. In
synchronous mode, the next request is issued only if the previous request is completed
by the system. The arrival times in the trace are adjusted taking into account the

duration of the request in the real application.
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The request length can be specified from either a uniform distribution or an ap-
plication trace. It is also possible to specify more complex distributions such as Zipf

and hyper-exponential, though these aren’t supported yet.

4.2.2 Topology and Request-Routing Sub-System

This sub-system models the organization of the system and routes requests through it.
All requests are sent to a single, central component called the balancer. The balancer
then sends the request to a particular group, which will then satisfy the request. Each
group has a replica of the file striped across its disks, and the request may need to be
split into multiple sub-requests for each disk. This is done by the splitter component.
Each group has a splitter associated with it, and all requests to a group are sent to
that group’s splitter by the balancer. The splitter then splits the request and routes
the individual sub-requests to the disks of the group. It also recombines data from
each sub-request after it has been satisfied and sends the data back to the client.

Figure 4.2 shows the organization of the Topology and Request-Routing sub-system.

Balancer Component

This component is responsible for routing a request to a group from the list of active
groups (spun-up groups). This ensures that the request is not kept waiting for a
group to spin up before it can be satisfied. In case, all groups are busy, the balancer
queues the request till a group becomes idle. Thus the balancer makes sure that only
one request is sent to a group at a time. This limits the concurrency of requests in the
system to an extent, but ensures that there is no queuing of the requests at the disks.
This makes it easier for the system to provide guarantees on the response time of a
request, and also simplifies the adaptation mechanism (discussed in next section).
An alternate implementation of the balancer is to send the requests to their chosen

group as and when they arrive, and queue them at the splitter, instead of at the
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Figure 4.2: Block Diagram of the Topology and Request-Routing Sub-system

balancer. But from a queuing theory perspective, it is more efficient to have one
central queue than have multiple independent queues and load balance between them.
Having a queue at each splitter would also complicate the adaptation mechanism.
Before a group can be spun down, it must either satisfy all the requests queued at its
splitter, or the requests must be sent to other splitters’ queues. The first option would
make the system slow in responding to a command from the adaptation mechanism.
The second phenomenon is known as jockeying in queuing theory and is difficult

to model. Taking these difficulties into account, we use a centralized queue for all
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requests in the system. On the other hand, having multiple, distributed queues will
allow us to overlap the network latencies between the balancer and the splitter, and

may be a better option if the groups are at geographically distributed locations.

Splitter Component

The splitter is responsible for splitting a request into multiple sub-requests and send-
ing each sub-request to the disk it is intended for. Since the data sought by a request
may be striped across multiple disks, it is the splitter’s responsibility to ensure that
the right data is requested from the right disk. The size of each sub-request is de-
pendent on the stripe size and the size of the original request. The algorithm for
generating sub-requests and sending them to their respective disks is discussed in
section 4.3.2. After sending the sub-requests, the splitter waits for each disk to sat-
isfy its sub-request. It then recombines the data from the disks and sends it back to
the client which requested it. Only after all these steps are completed, does it start
processing the next request. Though it is possible to overlap the issue of the next
request with the recombination of the current request, this is not implemented in the
interest of simplicity. Moreover, since the recombining overhead is usually very small,

this is not a significant bottleneck in the system, except at high loads.

Disk Component

This models the disk described in the analytical model in section 3.4. There is a
certain latency to access the disk for the first time, and a delay to transfer the data.
The latency is fixed or follows a uniform distribution, while the delay is proportional
to the size of the data. We also assume that the network delay and latency is incurred
at the disk only. Though there is a latency and delay in transferring the data from the
balancer to the splitter, this is not modeled in the system, as the splitter is an artifact

of our implementation and not a part of the system model. A real implementation
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would combine the functions of the balancer and the splitter into a single module.

4.2.3 Adaptation Sub-System

The adaptation sub-system decides when the system should adapt and by how much
it should adapt. In particular, it decides how often groups must be spun up/down
and how many groups should be spun up/down at a time. This decides how quickly
the system responds to changes in the workload.

The adaptation sub-system has two components: Monitor and Controller. The
monitor component decides how often the system should adapt to a change in the
load and the controller component decides the degree of adaptation, that is, how

much should it adapt.

Monitor Component

The monitor component is a passive component which observes changes in system load
over a period of time, and decides when the system should adapt to those changes. If
the time interval of adaptation is too long, the system can either run at a sub-optimal
configuration or find itself unable to respond to the incoming workload. The first case
merely wastes energy and resources, while the second case may result in the system
being unable to satisfy the extra load, in spite of having the resources to do so. If
the time interval of adaptation is too small, then the system may be over-responsive
to transients and jitters in the workload. It may end up wasting energy constantly
spinning disks up and down, and never attain a stable state. For these reasons, it is
very important to choose the right interval of adaptation in the monitor.

The monitor component also decides what metric to observe in the system. It must
choose a metric which is indicative of changes in the input load, but doesn’t fluctuate
too wildly for small changes in the input. The choice of the metric also reflects what

factor is most important to the user like energy, throughput, response time etc. For
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simplicity, we assume that the monitor observes only one metric, and that there is only
one monitor in the system. This ensures that multiple monitors don’t clash with each
other, and that the system responds only at -determined instants of time. Currently,
either the average queue length, average response time or the average utilization of

the system can be monitored. The monitor algorithm is discussed in section 4.3.3.

Controller Component

Once the monitor has decided when to adapt, it alerts the controller component. The
controller component decides how much to adapt, based on the value reported by the
monitor. It then translates the adaptation decision into a series of commands which
are then issued to the Topology and Request-Routing sub-system.

Based on the value reported by the monitor and other considerations, the con-
troller can choose one of three courses of action. It can choose not to adapt at all,
to spin up a certain number of groups or to spin down a certain number of groups.
Currently, the only controller supported is a MinMaz controller and its operation is

discussed in section 4.3.3.

4.2.4 Statistics Gathering and Link Sub-Systems

This sub-system orchestrates the interactions between the various sub-systems and
collects statistics from each of them. It consists of two components: the Front-end
component and the Statistics component. The former is used to route messages
between the various sub-systems, while the latter is used to gather statistics from

different sub-systems and present them in a unified fashion to the user.

Front-end Component

The front-end component serves a central message board for the other sub-systems.

It is responsible for routing both requests and commands to the various sub-systems.
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The request-generation sub-system submits the requests to the front-end, which are
then sent to the Topology and Request-Routing sub-system. Similarly, the adaptation
sub-system sends the adaptation commands to the front-end and these are sent to

the Topology and Request-Routing sub-system, as well.

Statistics Component

This provides a centralized repository for gathering statistics about the system and
presenting them to the user in a unified way. It gathers statistics about the request
distribution from the request-generation sub-system and statistics such as utilization
and queue length at each component of the Topology and Request-Routing sub-
system. It also gathers statistics about the average response time and average queuing
delay of each request in the system as a whole. Finally, it gathers statistics from the
adaptation sub-system like how often the adaptation was effected and the average
value of the monitored parameter. It also keeps track of the average power consumed

by the system and the power consumed in spinning disks up and down.

4.3 Algorithms

In this section, we will describe some of the important algorithms used by the com-
ponents described in the previous section. The algorithms are grouped according to
the sub-system which implements them as Request-Generation Algorithms, Request-

Routing Algorithms and Adaptation Algorithms.

4.3.1 Request-Generation Algorithms

This section surveys the b-model algorithm, its rationale and implementation. It is

based on the paper by Wang et. al [47].
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b-Model

The b-model is a method for generating bursty I1/O traces, which are representative
of real file system workloads. Disk I/O traffic is usually bursty and self-similar and
cannot be accurately modeled with Poisson arrivals [48]. Though many models have
been proposed to capture burstiness (fractional Brownian motion, ARIFMA), the b-
model is unique in that it requires very few parameters to fit and can generate large
traces quickly. Also, traces generated with the b-model fit real world traces well in
terms of queuing behavior.

The b-model involves only a single parameter, the bias b, which is directly related
to the burstiness of the data. The b-model is closely related to the ”80/20” law; 80
% of the accesses involve 20 % of the data. In the b-model, this would correspond
to the bias parameter b = 0.8. The construction begins with a uniform interval
and recursively subdivides the number of accesses to each half, quarter, eighth, etc.
according to the bias b. Thus step n+ 1 ends with a total of 2"+ data points, which

are obtained by splitting each of the 2" points from step n according to the formula:

Y (@) = Y (i)« (1-b)

Y @xi+1) = Y06) b

fori = 0,1,...,2" — 1 and be[0.5,1). The exponent in Yt(") indicates the current
step and is also called the aggregation level. The above formulas are for the deter-
ministic version of the model, where the split is always done in the same direction. In
a real trace generation, b will go randomly to the left or right to create some random-
ness in the synthetic trace. Due to the multiplicative, cascading process during the
construction, the b-model generates a self-similar trace with high irregularity, which

depends on b. The closer b is to 1, the higher the irregularity and b = 0.5 gives a
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uniform trace.

In order to generate traces from the b-model, we need to specify two other pa-
rameters in addition to the bias b. They are, the total number of requests in the
trace N (total volume), and the aggregation level n, which determines the number of
data points which will be generated, that is, [ = 2". Though, we can generate traces
using the above construction, a more efficient way is to use a stack. Initially, the total
volume N is pushed on top of the stack. At each step, the algorithm examines the
value at the top of the stack. Conceptually, each point is associated with an aggre-
gation level n, which is stored on the stack along with th at point. If the aggregation
level is n, the algorithm outputs the point. Otherwise, the top data point is split
according to the bias b and replaced by two new points of a higher aggregation level.

This algorithm is shown below:

1. Initialize the stack and push pair (0, V) onto the stack

?

2. If the stack is empty, all the 2" data points have been generated and the process

ends.

3. Pop a pair (k,v) from the stack. If £ = n, output v as the next data point and

go back to Step 2.

4. Flip a coin. If heads, push pair (k+ 1,v*b) and (k4 1,v % (1 — b)) onto the
stack. Otherwise,, push pair (k+ 1,v* (1 —b)) and (k+ 1,v*b) onto the stack.

Go back to Step 2.

The traces generated by the above algorithm vary in burstiness according to the
bias b. Figure 4.3 shows the traces generated with n = 1000, N = 10000 and b
ranging from 0.5 to 1.0. Note that b = 0.5 yields a smooth trace, while b = 1 results

in a single large burst.
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4.3.2 Request-Routing Algorithms

This section describes the algorithm at the splitter for splitting a request into multiple

sub-requests and sending them to the appropriate disks.

Splitter Algorithm

The first thing the splitter does is to compute the number of sub-requests as the
request length divided by the stripe size. There are two cases: either this is lesser
than the number of disks in a group or it is greater. In the first case, the disks to
which the sub-requests must be sent are identified, and the request is split into sub-
requests which are then sent to each of these disks. In the second case, each disk may
receive more than one sub-request. Since there is a latency every time the disk is
accessed, all sub-requests to a disk are aggregated and sent to it, so that the latency
is incurred only once. The same holds for the network latency from the splitter to
the disk.

If the number of sub-requests is greater than the number of disks in the group,
the algorithm proceeds in multiple rounds. For each disk, a list of sub-requests to be
sent to the disk is maintained at the splitter, and in each round, the algorithm adds
one sub-request to the list for each disk. The length of a sub-request is equal to the
stripe size, for all but the first and last sub-requests. The offsets of the sub-requests
are computed in an incremental fashion from the offset of the original request. When
all the rounds are done, the list of sub-requests for each disk are aggregated and sent
to the disks. The splitter then waits for each of the disks to satisfy the sub-request
sent to them. When all the data is returned, it is aggregated together and sent back

to the client.
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4.3.3 Adaptation Algorithms

This section describes the algorithms in the adaptation sub-system viz. the monitor

and the controller.

Monitor Algorithm

The monitor algorithm is a tight loop which repeatedly observes some parameter of
the system for a period of time. It smoothes the observations over a window of time,
so as to eliminate outliers and jitters. At the end of the specified time period, the
monitor alerts the controller with the mean value of the parameter observed during
the last time-window. After the controller returns, the monitor may decide to throw
away the observations made during the previous time-window, or it may retain some
portion of it in the next time-window of observation as well. This depends on the shift
parameter, which decides how much of overlap is present between successive time-
windows. Finally, the sampling frequency specifies how often the parameter value is
recorded in the specified time window. Figure 4.4 shows the monitor parameters and
the relationship between them.

Thus, there are four parameters which must be specified for the monitor: the
time period of observation, the size of the time-window, the shift between successive
time-windows and the sampling frequency. The time period of observation is the
minimum time between successive adaptations of the system, and decides how quickly
successive adaptations take place. The size of the time-window decides how much
time the parameter is observed before any adaptation decision is taken. This usually
smaller than the time period of observation, so that transients introduced due to
the last adaptation die down. However, it must be large enough that the system
is not influenced by short bursts or jitters in the input workload, and can establish
the mean value of the parameter being observed with some confidence. The shift

parameter decides how much memory we want the system to retain. The lesser the
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shift parameter, the more the system is influenced by observations from the previous
time-window, and more the memory in the system. It introduces some hysteresis in
the system, and is present to prevent the system from oscillating wildly. However, it
must not be too small, as otherwise the system will be biased by adaptation decisions
made in the past, and may not adapt adequately to the current workload. The last
parameter is the sampling frequency. A high value of the sampling frequency allows
the monitor to estimate the parameter under observation accurately, but introduces
a large performance overhead on the system. For parameters which do not fluctuate
too much, a smaller value of the sampling frequency would suffice to give the required

accuracy, while making the monitoring less intrusive.

Controller Algorithm

The only controller currently supported by the system is the MinMazx controller,
which tries to keep the value of the monitored parameter between two fixed bounds
min and maz, respectively. If the mean value of the parameter reported by the
monitor is within these bounds, the controller takes no action. If the mean value is
greater than max, it spins up more groups to handle the load. If it is lesser than
min, it spins down some groups to conserve energy. The number of groups to spin
up and spin down in either case, is given by the parameters upStep and downStep,
respectively.

The choice of these four parameters: min, max, upStep and downStep influences
the responsiveness of the system to changes in the load. The min and max parameters
define the acceptable limits of tolerance of the system. Any value of the parameter
between min and max is considered stable. If the parameter is more than max, that
means the system is in degraded performance mode, and more disks must be spun
up to increase the performance. If the parameter is less than min, that means the

system is operating at a higher performance configuration than necessary. The system
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in said to be in an energy-inefficient mode and disks can be spun down to conserve
power. If too many disks are spun down however, the system may end up going
to the degraded performance mode. Similarly, when the system is in the degraded
performance mode, spinning up too many disks can end up taking the system to the
energy-inefficient mode. For this reason, the parameters upStep and downStep must
be chosen carefully depending on the values of the min and max parameters and how
quickly the monitored parameter value changes after the system has been adapted.
The modes of operation of the system with respect to the MinMax controller are

shown in figure 4.5.

4.4 Summary

This chapter described the implementation of the system introduced in the previous
chapter. The architecture of the system was presented and the various sub-systems
were introduced. The second part of the chapter dealt with the algorithms employed

in the various sub-systems present in the system.

43



10.08 -

10.06

10.04 -

10.02 -

T
Bias =05 ——

Number of Arrivals (Requests)

200

400

600
Time(s)

800

L
1000 1200

200

Number of Arrivals (Requests)

T
Bias=0.7 ——

1200

600
Time(s)
b=0.9
4000 T T
Bias=0.9 ——
3500 [ 4
3000 4
z
7
g
& 2500 - g
[
o
$ 2000 | ]
<
S
& 1500 [ 4
£
5
z
1000 4
500 |- 4
0 N L L l. h ]. Jl R l .
0 200 400 600 800 1000
Time(s)

Figure 4.3: Traces generated by the b-model

values of b

44

1200

Number of Arrivals (Requests)

Number of Arrivals (Requests)

Number of Arrivals (Requests)

60

50

40

20 H

T
Bias =06 ——

1200

L
1000 1200

1000

12000

10000

8000

6000

4000

2000

200 400 600 800
Time(s)

T
Bias =08 ——

1000 1200

Bias=10 ——

200 400 600 800
Time(s)

1000 1200

n = 1000, N = 10000 for different



Time Period of Observation

| Shift

Sampling Interval

Time-Window Size

Figure 4.4: Monitor parameters and their relationship

Energy Inefficient Mode Acceptable Region Degraded Performance Mode
\
NN =
o
- B S =
Min Value Max Value

Parameter value being Monitored

Figure 4.5: Modes of Operation of the System with respect to the MinMax Con-
troller

45



Chapter 5

Experimental Infrastructure and

Results

5.1 Overview

This section discusses the experimental infrastructure we developed to study the
system and its components. We present results from running both synthetic and real
workloads on the system. The synthetic workloads are generated by the b-model [47]
discussed in the previous chapter and the real workloads correspond to two parallel

applications discussed in this chapter.

5.2 Experimental Infrastructure

5.2.1 Simulation

To study power management , we developed a simulation of the system using the
CSIM+ simulation engine [49]. CSIM+- is a process-oriented discrete-event simulation
package for use with C and C++ programs. It provides classes and abstractions for

commonly used simulation concepts such as processes, events, facilities and messages.
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It also supports common statistics gathering and analysis routines, as also features
for automatic run-length control. A more complete description of CSIM+ can be
found in [50].

The simulator consists of approximately 3000 lines of object-oriented C++ code
and Perl scripts. It is written with flexibility and adaptability in mind. It allows the
designer to play with various combinations of policies and design parameters with
ease. It can be configured externally with a script file, allowing the system developer
to rapidly experiment with various parameter values and study their effects on power
and performance. It also allows the user to configure how much data is collected

about the various aspects of the system and to represent it in a concise form.

5.2.2 Run Length Control and Transients

One of the most important questions in a discrete-event simulator is when to terminate
the simulation. This issue is referred to as run-length control by many simulation
textbooks [51]. Running a simulation for too short a time may lead to inaccurate
results, while running a simulation for too long a time leads to wastage of computing
resources. There is also the problem of the initial transient when running a simulation.
CSIM simplifies the issue of run-length control by allowing the user to choose the
desired accuracy and confidence interval, and choosing the run-length automatically.
Nevertheless, there are some complications which arise due to the adaptive nature of
the system and the types of workloads used.

The main problem with simulating an adaptive system is that we do not know
when the system has adapted to the workload. If we apply the normal algorithms
for testing convergence to the simulation, we may find that the system response may
have converged to an accurate but non-optimal value as the system has not had time
to adapt. Adaptation introduces transients and we must wait for these to die down

before reporting the simulation results. The problem is complicated by the fact that
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some systems may never converge in the presence of fluctuating workloads, as they
keep adapting all the time.

We deal with this problem in the following way: we wait for a minimum interval
of time before applying the test for convergence to give the system time to adapt.
If it still has not converged by then, we run the system for some more time to give
it a chance to converge. We keep repeating this at periodic intervals and checking
for convergence. If it still has not converged after a maximum interval of time, we
simply report the values obtained. If this maximum interval of time is large enough,
then this value will represent the average behavior of the system over a long period
of time, and we choose this value as representative of the final value of the system,
had it converged. While we do not have any theoretical bounds on this value, our
observations over many trials seems to indicate that this is a fairly accurate estimate
of the system response. Also, we initially start with all replicas active, and then spin

them down gradually depending on the system load.

5.2.3 System Parameters

Table 5.1 shows the default parameter values we use in the simulation. It is divided
into various sections for the sake of clarity. Some of these parameter values are the
same as the ones we used in the analytical model in section 3.4. This allows us to
calibrate the accuracy of the analytical model. The run-length control section of the
table shows the parameter values we use to control the accuracy of the simulation.
The disk parameters are from [18] which are based on the WDE-4360 Western
Digital Ultra-SCSI hard drive. This is typical of disks used in real servers, buthis
disk does not support dynamic power management. As a result, we use the spin-
up/spin-down values from the from [29] for the Quantum Go-Drive 160. The topology
paramters are representative of many real systems and are similar to those in [18],

with the following difference: rather than considering that the data is striped across
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Name ‘ Value ‘ Units ‘ Comment
Spin-up/ Spin-down Parameters
SpinUpDelay 1.0 seconds Time taken to spin-up a disk
SpinDownDelay 0.5 seconds Time taken to spin-down a disk
SpinUpPower 0.3 Watts Power consumed in spinning up a disk
SpinDownPower 0.0 Watts Power consumed in spinning down a disk
SpinningPower 0.3 Watts Power consumed in keeping a disk spinning
Topology Parameters
StripeSize 64 Disk blocks | Size of each disk stripe
NumDisks 128 - Number of disks in system
NumReplicas 8 - Number of replicas (Groups) in system
ClusterSize 16 - Number of disks/group
Disk Parameters
Latency 18 milliseconds | Latency of disk access
RotDelay 8.4 milliseconds | Rotational delay of disk
NetLatency 30 milliseconds | Latency of network
NetDelay 0.5 milliseconds | Network delay for one disk block
TrackSize 22 disk blocks | Size of each disk track
Monitor and Controller Parameters
SamplingInterval 1 seconds Interval between observations by monitor
WindowSize 300 seconds Size of monitor window
Shift 240 seconds Shift between monitor windows
UpStep 1 - Number of groups spun-up by controller
DownStep 1 - Number of groups spun-down by controller
Run-Length Parameters
Accuracy 0.01 - Number of significant digits in result
Confidence 99 % Confidence Interval for simulation
MinTime 10000 seconds Minimum logical time to run the simulation
MaxTime 100000 seconds Maximum logical time to run simulation

Table 5.1: Parameter values used in simulation

all the 128 disks in the system, we assume that the system is divided into 8 groups,

each of which consist of 16 disks and that a replica of the data is striped across the

disks in each group. This is done to suit our system model, so that we can study the

effect of varying the group size and the number of disks/group while keeping the total

number of disks fixed. The monitor and controller parameters are chosen based on

what we think are reasonable values for the adaptation mechanism. We assume that

the system samples the metric of interest every 1 second and used a window size of

approximately 5 minutes to adapt. We believe that this is a reasonable compromize
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between the sensitivity of the system to variations in the workload and its long term
reliability, as a system that adapts too often is likely to experience substantial wear-
and-tear of the disks[29]. We also assume that the system has a persistent memory of
1 minute or that the shift parameter is 4 minutes, which means that it retains roughly
one-fifth of the observations from the previous window. We found this to work well in
practise to introduce a sufficient hysterisis in the system to prevent the system from
oscillations. The run-length parameters pertain to the simulation and we wanted to
attain results with 99% confidence intervals upto 2 digits of accuracy. We run the
simulation for a maximum of 100000 seconds of simulation time, which corresponds
to little over a day. We found that most configurations converge within this time.
Note that we terminate the simulation if the required confidence level is not reached
in this time. We also run it for a minimum time of 10000 seconds to allow transients

to die down.

5.3 Applications

In order to evaluate the system, we use both the synthetic traces generated by the
b-model algorithm (described in section 4.3.1) as well as real application traces. We
use /O traces collected from two parallel applications, ESCAT [52] and sPPM [53]
running on a 16-node cluster running Linux and IBM’s GPF'S file system [54]. These
traces were obtained using the Pablo 1/O trace libraries [55] which are an extension of
the Pablo Performance Capture Facility (PCF) [56], developed by the Pablo group at
the University of Illinois at Urbana-Champaign. They are in the Pablo SDDF format

[57] and can be manipulated using the Pablo I/O analysis tools [55].
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5.3.1 ESCAT

The study of low-energy electron-molecule collisions is of interest in many contexts,
including aerospace applications, atmospheric studies, and the processing of materi-
als using low-temperature plasmas (e.g., semiconductor fabrication). The Schwinger
multichannel (SMC) method is an adaptation of Schwinger’s variational principle for
the scattering amplitude that makes it suitable for calculating low-energy electron-
molecule collisions [52]. ESCAT is a parallel implementation of the Schwinger Multi-
channel method written in C, FORTRAN, and assembly language.

A production run is typically done in two execution phases. First, a compulsory
read loads the problem definition and some initial matrices. All nodes participate
in the calculation and storage of the requisite quadrature data set, with each node
processing a different set of integrals. This phase is compute-intensive and is com-
posed of a series of compute/write cycles with the write steps synchronized among
the nodes. Memory limitations and the desire to checkpoint the quadrature data set
for reuse in later executions prompt the writes during this phase. The second phase
involves calculations that depend on the collision energy. In it, energy-dependent
data structures are generated and combined with the reloaded quadrature data set to
form the system of linear equations. Finally, the linear system matrices are written to
disk for later solution on another machine. A detailed characterization of the ESCAT

I/O pattern can be found in [9].

5.3.2 SPPM

sPPM [53] solves a 3-D gas dynamics problem on a uniform Cartesian mesh, using a
simplified version of the Piecewise Parabolic Method. It is also one of the Department
of Energy’s Accelerated Strategic Computing Initiative (ASCI) benchmarks. The al-
gorithm makes use of a split scheme of X, Y, and Z Lagrangian and remap steps,

which are computed as three separate sweeps through the mesh per time-step. Mes-
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sage passing provides updates to ghost cells from neighboring domains three times
per time-step. The code is written in Fortran-77 with some C-routines and is mostly
compute-intensive.

As far as I/O is concerned, all the reads occurs in the first few seconds of the
execution to read initialization data. All processors are involved in reading the ini-
tialization data, which increases the stress on the 1/O system. A detailed analysis
of the computational and communication characteristics of the code can be found in

58].

5.4 Results

In this section, we report results for two parallel applications: sPPM and ESCAT.
We also report results for the synthetic traces generated from the b-model. In most
of the graphs in this section, we look at the response time-power product. The power
is calculated by computing the total energy expended by the system and dividing
it by the total time for which the simulation is run. This allows us to study the
energy consumed by the system irrespective of how long the system must be run for
convergence reasons. Of course, this is not an issue for the application traces, as they
are simply run for the duration of the trace, but it is an issue for the b-model traces
which are run till the system converges or till such time we are convinced that it

cannot converge.

5.4.1 b-Model Results

The b-model generates continuous, but irregular traces, which means the system
should adapt almost continuously to the right configuration. In this section, we use
average utilization as the metric based on which the system responds. The monitor

component observes the average utilization of the system and alerts the controller.
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Figure 5.1: b-model Results for Rate = 10 Requests/sec, Length = 1024 blocks

If the value lies between the minimum and maximum values allowed, the controller
takes no action. If it is above the maximum value, then the system is over-utilized
and the controller spins up a group to decrease the average utilization. If it is below
the minimum value, the controller spins down a group to save energy. For the rest
of this section, we will assume that the difference between the minimum utilization
value and the maximum utilization value is 0.1. This allows us to bound the response
time of the system in a small interval while allowing for small variations due to bursts
and transients. Henceforth, when we say utilization value, it refers to the minimum
utilization value. The maximum utilization is obtained by adding 0.1 to this value.
The utilization metric has some advantages compared to the queue length or
response time. For one, the utilization value is always between 0 and 1, so it is
possible to set the bound on the utilization independent of the system characteristics.
Also, there is a direct correspondence between the utilization value and the load on

the system. The higher the utilization value, the more the load on the system and
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Figure 5.2: b-model Results for Rate = 20 Requests/sec, Length = 1024 blocks

the lower the utilization value, the lesser the load on the system. As the aim of
power management is to adapt the system depending on the load, the choice of the
utilization metric is a natural one.

The other two metrics we considered were average response time and the queue
length. The response time of a request depends both on the queuing delay and the
service time. The former depends on other requests and is a property of the system
load, while the latter depends on the request only and is a property of its length and
arrival time. It is possible that a large request may have a very high response time
due to the service time component, in spite of the fact that the queue is nearly empty.
This may cause the monitor to believe that the system load is high and spin up more
groups, which would not help the request response time. As a result, response time
is an unreliable metric and requires knowledge of both the system and the workload
to choose correctly.

Similarly, the queue length of the system does not accurately represent the system
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Figure 5.3: b-model Results for Rate = 30 Requests/sec, Length = 1024 blocks

load. To see this, consider a workload with a high arrival rate but consisting of very
short requests. Also, assume that the system is able to deal with these requests very
fast, and there is no noticeable delay for the user. But it is possible that the queue
length may be large due to buffering of requests, even though the load on the system
is low. Or it may be that the queue consists of a few very long requests each of which
take a long time to service, and hence the load on the system is high. In both cases,
queue length is not an appropriate metric based on which to adapt the system.

The disadvantage of choosing utilization as the metric for adaptation is that there
is no direct correlation between utilization and response time. In the end, all the user
cares about is the response-time of the system and it is up to the system administrator
to choose the utilization value so that the response time of the system is acceptable
to users. In this study, we assume that an average response time of less than 1 second
is an acceptable delay. However, this may not always the case, depending on the

demands of the user and the length of requests. Nevertheless, we believe this is a
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Figure 5.4: b-model Results for Rate = 40 Requests/sec, Length = 1024 blocks

reasonable assumption and that the user is unlikely to accept a system in which the
response time is greater than 1 or 2 seconds.

In our study of the b-model 1/O traces, we vary the bias parameter as well as the
target utilization value and study the effect on the response-time power product of
the system. Figures 5.1 to 5.5 show the effects of varying the utilization and the bias
parameter on the response-time power product at different request rates. All these
graphs assume an average request length of 1024 disk blocks. Further, we consider
only traces with bias parameter between 0.5 and 0.6, as otherwise our system is unable
to cope with the sudden increases and decreases in the request volume. We believe
that this is a weakness of the current implementation of the adaptation mechanism,
and we need to incorporate online prediction to augment the adaptation algorithm.

Let us first look at the relationship between utilization and bias for a fixed re-
quest rate. Consider figure 5.1 which plots the response-time power product of the

system for a request rate of 10 requests/second. First let us consider the variation
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Figure 5.5: b-model Results for Rate = 50 Requests/sec, Length = 1024 blocks

of the response-time power product with the utilization value. We observe that the
product first decreases with increasing the target utilization value and then starts
increasing again. In other words, there is an optimum value of the utilization for a
given bias parameter. For values of the utilization lesser than this value, the system
is over-provisioned and wastes energy. As a result, the power term dominates and the
response-time power product is more. For values of the utilization greater than this
value, the system is under-provisioned and overloaded. As a result, the response-time
term term dominates, and the response-time power product is more. Note that the
increase in response-time power product is more to the right of the optimum value
than the left, indicating that the response-time is more dominant in the response-time
energy product.

We now consider what happens when we increase the bias for a given request
rate. The optimum utilization value decreases with increase in the bias parameter

for a given request rate. We can explain this as follows: the bias represents the
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Figure 5.6: b-model Results for Optimal Utilization

burstiness of the trace, and we need to over-provision more for a more bursty trace.
This is so because the more bursty the trace is, the greater the probability that there
is a sudden burst of requests which overwhelm the system. The system must always
have some margin of safety to deal with the sudden, unexpected bursts and cannot
have just enough active replicas to deal with the average request rate of the trace. As
a result, the system administrator must choose a lower target utilization for a more
bursty trace than for a smooth trace, even though both have the same request rate.
Another thing to observe is that the response-time power product is more for a more
bursty trace at the same utilization value. This reflects the notion that increasing the
variance of the input workload leads to higher response times, which in turn increases
the response-time power product.

We now look at the variation of the response-time power product at different
values of the request rate. In general, for a given utilization and bias parameter, the
response-time power product increases with request rate. However, at higher request

rates we do not observe the bell-shaped curve of the response-time power product
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versus utilization for a given bias, as the curve is almost flat to the left. The reason
for this is that at higher request rates, response-time dominates the response-time
power product and energy becomes less important. This means that choosing the
right utilization value is important at low request rates, but not so important at
higher request rates, as long as it is is not so large as to overload the system.

We also look at the variation of the optimum utilization value across different
request rates and bias values. This is shown in figure 5.6 and is essentially derived
from figures 5.1 to 5.5. We note that for a given request rate, the optimum utilization
value decreases with increase in the bias value, as explained before. We also note
that for a given bias value, the optimum utilization value increases with increase in
request rate. Also, a value of zero for the optimum utilization implies that the system
is unstable at that point, and occurs at higher values of the request rate and bias.
This means that, no matter what the utilization value is, the system will not be able

to handle the workload and still maintain the average response time less than one.

5.4.2 Application Results

The ESCAT and sPPM applications have both read and write requests in their I/O
traces. We need to filter out the writes from the trace, as our system is designed
for read-only data, and does not handle writes. However, this does not alter the
characteristics of the read traffic, as the reads and writes occur in distinct phases in
both applications, and are well separated from each other. Also, both applications
perform synchronous 1/0, and hence there is at most one outstanding request from
each compute node to the I/O system. As a result, we need to make sure that the
next request is issued only after the previous request is completed. We do this by
calculating the computation intervals between 1/O requests in the trace, and delaying

the next request by this value, rather than use the arrival times from the trace directly.
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Figure 5.7: Distribution of read requests over time in ESCAT

ESCAT

In ESCAT, all the 1/0 is done by only one node, irrespective of how many compute
nodes are there. Because the 1/0 is done in a synchronous manner, there is at most
one outstanding request to the system, overall. In other words, even with one replica
active, no request experiences a queuing delay at all. Hence, no matter how many
replicas are present, it is the same as having just one replica, as there is no concurrency
among requests.

Figure 5.7 shows the distribution of read requests in the ESCAT trace file with
time. Most of the reads occur during the first 10 seconds at the beginning of the
execution, when all the replicas are active. This can be seen in the magnified view of
the first 10 seconds of the execution in figure 5.8. However, there is no decrease in
the response time because of these replicas, due to the lack of concurrency. After this
initial burst, there is a very long idle period during which the system adapts itself and

spins down all but one replica. In this configuration, the energy consumption of the
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Figure 5.8: Distribution of read requests over time in ESCAT for the first 10 seconds

system is minimized. Then, after about 18000 seconds at the end of the execution,
there is another spurt of reads which occur. We always keep one replica active, so
there is no performance degradation experienced by these reads, as they do not have
to wait for replicas to spin up.

The ESCAT trace allows us to study how to trade-off performance for energy
savings by choosing a proper group size. In ESCAT, there are a few very large
requests which dominate the average response time, and lots of very small requests
which take very little time to execute. Disk striping can decrease the execution time
of these large request, by executing them in parallel. Hence, the choice of the group
size dictates how much faster we can execute these large requests and reduce the
overall response time. The larger the group-size, the greater is the speedup, as long
as it is not too large. However, having a large group means spending more energy, as
at least one group needs to be powered up all the time. So there is an optimal group
size which results in the lowest response-time power product for ESCAT.

We study the response-time and the response-time power product for different
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values of the group size. In these experiments, the total number of disks was kept
constant and the number of replicas varied accordingly. This does not have an impact
on the performance as the requests are synchronous, but impacts the initial energy
consumption slightly. The greater the number of replicas present, the longer the
system takes to spin them down to achieve the minimal energy configuration. Figure
5.9 shows the adapatation of the system for different values of the group size. Note
that smaller group sizes indicate more replicas as the total number of disks is kept
constant. We can observe that the system adapts faster for higher number of replicas
(smaller group sizes) than for lower number of replicas (larger group sizes).

Figures 5.10 and 5.11 show the effect of different group sizes on the response-
time and the response-time power product of the system. From the response-time
curve, we can see that the average response time decreases as the group size increases.
However, the energy consumption is more for larger group sizes and this can be seen
in the response-time power product curve, which decreases with increasing group
size up to a point, and then starts increasing. The optimal group size which yields
the lowest response-time power product is between 8 to 16 disks. Also, choosing
a larger group size than this optimal value is better than choosing a smaller group
size, as the curve shoots up sharply to the left of the optimal value. The increase in
response-time power product is more gradual with increase in group size, suggesting

that response-time is more important than power in deciding the shape of the curve.

SPPM

sPPM is similar to ESCAT in that most of the reads occur during the first few
seconds of execution (first 25 seconds). However, it is different in that all the nodes
are involved in the I/O in a synchronous fashion, unlike in the case of ESCAT, where
a single node did all the I/O. Also, there is no second round of reads at the end of the

execution as was the case with ESCAT. Figure 5.12 shows the distribution of read
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requests over time in the sPPM trace. Figure 5.13 shows the breakdown of requests
in the trace according to which node is performing the I/O. In this figure, the X-axis
represents the processor (node) number and the Y-axis represents time.

For sPPM, we varied the number of nodes involved in the I/O as well as the
group size. We obtained traces of sSPPM with 1, 2, 4, 8 and 16 nodes and plotted the
response-time and the response-time power product of the system with these traces
at different group sizes. Figures 5.15 and 5.16 shows the results for the response time
and the response time-energy product and Figure 5.14 shows the adaptation of the
system for different values of the group size when the number of nodes involved in
the [/0 is fixed at 8. As in the case of ESCAT, the system adapts faster for larger
group sizes than for smaller ones.

The behavior of sPPM with a single processor is similar to that of ESCAT and
the optimal group size is between 16 and 32 disks. However, this optimal size changes
when the total number of nodes is varied. To understand this, we need to understand
the effect of changing the number of nodes in terms of the analytical model proposed
in section 3.4. By increasing the number of nodes, we are increasing the number of
simultaneous, outstanding requests in the system. In other words, we are increasing
the request arrival rate of the system, though not in a straightforward way (as the rate
also depends on how long the requests take to complete). We saw from the analytical
model that at higher request rates, a smaller stripe width is better for the throughput
of the system. This corresponds to choosing a smaller group size for the system as
the number of nodes increases. This is true for both the response-time graph and the
response-time power product graph and can be seen from figures 5.15 and 5.16.

However, the optimal value of group size when considering response-time alone
is different from the optimal value of group size when considering the response-time
power product. For example, for 4 nodes, the optimal group size when considering

response-time alone is between 64 and 128 disks. But when we consider the response-
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time power product also, it is between 32 and 64 disks. In general, the optimal
group size is lesser when we consider the response-time power product as compared
to the response-time alone, for a given number of nodes. This is so because the
power consumption goes up for larger group sizes, and the average response time
also increases beyond a point. In other words, the response time decreases and then
increases, the power steadily increases, and the product of the two also decreases and

then increases but at a much smaller value than the response time alone.

5.4.3 Summary

There are a number of important conclusions we can draw from these results. First,
for a given application, there is an optimal group size which depends on the number
of I/O nodes in the application as well as the average request length. Also, this
optimal group size is different when considering the response-time power product as
opposed to considering the response-time alone. Further, when the system adapts to
bursty, irregular traces it must always adapt with a margin of safety depending on the
burstiness of the trace. Utilization is a stable metric based on which the system can
be adapted, and choosing the right utilization value for the system is more important
at low request rates than at high rates. Finally, response-time is more important than
energy in deciding the response-time power product and it is better to dynamically

over-provision the system than to under-provision it.
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Figure 5.9: Figure showing the adapatation of the system to the escat trace for
different group sizes
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Figure 5.10: ESCAT Results for Response-Time
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Figure 5.11: ESCAT Results for the Response-Time Power Product
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Chapter 6

Conclusions and Extensions

6.1 Overview

This chapter presents our conclusions and possible directions for extension of this

thesis.

6.2 Conclusions

In this thesis, we studied the design and implementation of a power-aware parallel I/0O
system. We derived an analytical model for the system and analyzed the trade-offs in
its design. We then implemented a simulation model of the system, which was used
to validate the analytical model and consider scenarios which the analytical model
did not capture. In particular, we experimented with real-world parallel applications
and irregular and bursty synthetic traces. We found that by carefully tuning the
system parameters and configuring it for a particular class of workloads, we could
achieve substantial energy savings with little or no performance loss. We also found
that the amount of energy savings obtained is heavily dependent on the workload
and regular workloads offer better power savings than bursty workloads. However,

parallel I/O workloads are often bursty and irregular and systems must be desgined
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with overprovisioning to handle them effectively.

6.3 Extensions

One direction of extension of this system is to automate the choice of the group size,
depending on the workload characteristics. Currently, the designer has to experiment
with various parameters and configure the system for a particular type of workload.
We could automate the system configuration based on a rule-base derived from the
analytical model. As this is a stochastic system, we could use fuzzy-logic to disam-
biguate between rules. In fact, we could redundantly stripe the data across groups
of different size, and the appropriate group size could be picked dynamically at run-
time. This is similar to the redundant striping scheme proposed by Simitci and Reed
[18].

The current adaptation mechanism is very simple and is unable to cope with very
bursty workloads as was illustrated in section 5.4.1. It needs to be augmented to
respond more quickly to sudden bursts, and at the same time, not be subject to
fluctuations in the presence of noise. The use of some formal control theory might
help here, but even that would involve considerable tuning to get it to work right.
One solution may be the use of sophisticated prediction techniques to predict sudden
bursts in 1/O activity. Time-series analysis is one technique which has been shown
to be effective in predicting 1/O bursts for parallel applications [24].

An orthogonal approach to reducing the burstiness of the workload is to em-
ploy aggressive prefetching and caching. In our system, we assumed that there is
no prefetching or caching done by the application or the system. A real parallel
file system, however, would prefetch data items in the cache for performance rea-
sons. However, prefetching for power-savings is not the same from prefetching for

performance enhancement, and the tradeoffs are different, as shown in Zhu et. al.
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[40]. The problem is that we want a certain amount of burstiness for saving energy,
but not so much that the system has to be dynamically over-provisioned to meet
the performance target. We would like to have predictable burstiness, so that the
groups could be spun up in advance in anticipation of the bursts. A good prefetching
scheme should issue requests to the system in bursts of just the right size so as not to
overwhelm the system, and alert the system well in advance, to adapt to the burst.

In our system, we make the assumption that all traffic is read-only. Even though
this is predominantly the case for data sets used with scientific codes, we would also
like to support writes as well. This would be especially useful for checkpoint data
written by these codes, which are read in case of failures. In order to support writes,
we would need a coherence mechanism to keep the data consistent across replicas.
One way to do this is to buffer writes for spun-down groups, and synchronize them
when the group is spun-up again. This would increase the cost of spinning up a
group as it would now need to be offline till it is synchronized and brought up to
date. The delay experienced by this process would depend on the volume of writes
in the intervening period the group was spun down. This is similar to the approach
taken by Carrera et. al [36].

We could also improve the simulation model of the system to make it more accu-
rate. Instead of modeling the disk analytically, we could simulate the actual operation
of the disk using a validated simulator like DiskSim [59]. This would allow us to model
both the disk and the interconnect in great detail but would have a large memory
and time cost, as we would likely need to simulate hundreds or thousands of disks
in our system. We could also model the energy consumed more accurately using
Dempsey [60], a tool which extends DiskSim to model energy as well as performance.
It currently does this for laptop disks, but it wouldn’t be too difficult to extend it for
server disks as well.

The most important step would be to implement this system on a real parallel file
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system like PVFES [5], instead of just simulating it. However, this would involve build-
ing a cluster with disks that could be spun-down on demand, and current technology
for server disks does not permit this. However, we could simulate disk spin-down in
a real system by not sending requests to spun-down groups. With this approach, we
would need to keep track of the energy consumed by simulation, but we could use the

real implementation for calculation of response times.
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